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Abstract 

During important processes including developmental morphogenesis, tissue homeostasis and cancer metastasis, adher-

ent cells are both exposed to mechanical forces from their extracellular environment and generate their own internal forces, which 

are critical regulators in behaviors such as migration, signaling, proliferation and differentiation. As their importance in relation 

with key biochemical and physical processes was recognized, several methods to measure these cell-generated traction forces were 

developed in the past 20 years, and are commonly called Traction Force Microscopy (TFM).  

Besides their differences in application and detailed implementation, these methods all rely on an indirect approach where not the 

forces directly, but the deformation caused by those cellular forces on their immediate environment are measured. With known 

mechanical properties of the underlying substrate, these deformation can then be transformed into a set of reconstructed traction 

forces.  

However, as working with TFM requires a multidisciplinary approach with expertise in cell biology, biophysics, computer vision and 

material science, these methods are technically difficult to adapt. Therefore, the result is often limited in accuracy and resolution, 

which is a major drawback since cells apply forces on micron-sized discrete attachment points. Furthermore, due to physical and 

computational limitations, the three steps involved in TFM, namely imaging, displacement measurement and traction reconstruc-

tion, are closely linked to each other and are highly limited to experimental noise and the large parameter space involved in the 

computational routines. This leads to a sequential error propagation and as a result, the accuracy of the outcome are difficult to 

assess. Moreover, due to the diverging outcomes of existing TFM methods, the absolute values of various given TFM experiments 

are difficult to interpret and to put into the right biological perspective, since a uniform and reliable calibration framework is not 

available. 

The first goal of this thesis was to close this gap and to develop a numerical TFM framework that can be used to benchmark existing 

and develop new and improved methods for cell traction calculation. As opposed to other TFM validation studies, this platform is 

capable to simulate any given experimental condition in 2D, 2.5D and 3D TFM by the use of a physical model of the microscopic 

image acquisition, coupled with a finite-element method based numerical model of the force-displacement relationship. As such, 

the whole TFM process form image acquisition to force reconstruction can be numerically evaluated, both separately and sequen-

tially.  

By using a wide range of input parameters, we have shown that the outcome of classical TFM approaches is highly limited by rela-

tive accuracy and spatial resolution by which the displacement field is measured, which itself is influenced by the quality and spatial 

density of the markers by which the deformation is made visible. As a result, this study showed that in order to obtain a useful TFM 

output, all steps must be optimized equally.  

The insights of these validation studies then led to the development of a novel approach for high-resolution TFM, which, based on 

optical-flow feature tracking, improved traction accuracy of up to 50%, especially for very small focal adhesions. Furthermore, the 

efficient implementation enabled a considerable fast computation time which allowed the application for high-throughput and 

paves the way for real-time analysis methods. 

In the next step, the outcome of these optimization were applied to two different fields in cellular biomechanics. In the first, we 

have shown that high metastatic osteosarcoma cells have a reduced contractility compared to their parental cell lines, but show an 

increased passive cytoskeletal tension when probed in tension. We therefore concluded that the mechanical properties and behav-

ior of cells strongly depends on the method with which they are tested.  

In the second study, we have used various hydrophobic and hydrophilic silicone substrates of different stiffness to show that the 

surface energy-driven ligand assembly may alter stem cell mechanosensitivity. As a result, stem cells could spread and osteogeni-

cally differentiate on hydrophobic, but not hydrophilic substrates. In contrast, the cell contractility measured by TFM and activity of 

Rho Kinases (ROCK) were diminished on soft substrates of both types, in comparison with their stiffer counterpart. 
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The last part of the thesis showed preliminary steps towards 3D TFM, where both the simulation and evaluation environment were 

expanded into the third dimension. Although computationally much more demanding, we could show that an ideal combination of 

high marker density and specialized tracking approach can lead to highly improved results. 

In conclusion, a novel numerical framework for the evaluation and calculation of high-resolution traction forces has contributed to 

the field of TFM on many levels. In particular, we have presented: (i) A calibration framework for TFM error quantification, (ii) 

Based on this results improved TFM methods and (iii) Application of the results to state-of-the art biomechanical research. We 

believe that this work contributes to the wide adaption of TFM to answer major biological and medical questions in diagnosis and 

therapy.  
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Zusammenfassung 

Während wichtiger Prozesse wie der Morphogenese der Entwicklung, der Homöostase des Gewebes und der Metasta-

sierung von Krebserkrankungen sind adhärente Zellen mechanischen Kräften aus ihrer extrazellulären Umgebung ausgesetzt und 

erzeugen ihre eigenen inneren Kräfte, die wichtige Regulatoren für Verhaltensweisen wie Migration, Signalisierung, Proliferation 

und Differenzierung sind. Da ihre Bedeutung in Bezug auf wichtige biochemische und physikalische Prozesse erkannt wurde, sind in 

den letzten 20 Jahren mehrere Methoden zur Messung dieser zellgenerierten Zugkräfte entwickelt worden, die allgemein als Trac-

tion Force Microscopy (TFM) bezeichnet werden. 

Abgesehen von ihren Unterschieden in der Anwendung und der detaillierten Implementierung beruhen diese Methoden alle auf 

einem indirekten Ansatz, bei dem nicht die Kräfte direkt gemessen werden, sondern die Verformung, die durch diese zellulären 

Kräfte auf ihre unmittelbare Umgebung verursacht wird. Bei bekannten mechanischen Eigenschaften des darunter liegenden Sub-

strats können diese Deformationen dann in einen Satz rekonstruierter Zugkräfte umgewandelt werden. 

Da die Arbeit mit TFM jedoch einen multidisziplinären Ansatz mit Fachkenntnissen in Zellbiologie, Biophysik, Bildanalyse und Mate-

rialwissenschaft erfordert, sind diese Methoden technisch schwer adaptierbar. Daher ist das Ergebnis oft in Genauigkeit und Auflö-

sung begrenzt, was ein großer Nachteil ist, da Zellen die Kräfte auf diskrete Fokale Adhäsionen im Mikrometerbereich ausüben. 

Darüber hinaus sind die drei Schritte, die in TFM involviert sind, nämlich Bildgebung, Wegmessung und Kraftrekonstruktion, auf-

grund physikalischer und rechnerischer Einschränkungen eng miteinander verknüpft und stark Begrenzt durch experimentelles 

Rauschen sowie den großen Parameterraum, der in die Berechnungsroutinen involviert ist. Dies führt zu einer sequentiellen Fehler-

fortpflanzung, so dass die Genauigkeit des Ergebnisses schwer einzuschätzen ist. Darüber hinaus sind die Absolutwerte verschiede-

ner TFM-Experimente aufgrund der unterschiedlichen Ergebnisse bestehender TFM-Methoden schwer zu interpretieren und in die 

richtige biologische Perspektive zu bringen, da ein einheitlicher und zuverlässiger Kalibrierrahmen nicht zur Verfügung steht. 

Das erste Ziel dieser Doktorarbeit war es, diese Lücke zu schließen und ein numerisches TFM-Framework zu entwickeln, mit dem 

man bestehende Methoden zur Berechnung der Zellkräfte vergleichen sowie neue und verbesserte Methoden entwickeln kann. Im 

Gegensatz zu anderen TFM-Validierungsstudien ist diese Plattform in der Lage, jede beliebige experimentelle Bedingung in 2D, 2.5D 

und 3D TFM durch die Verwendung eines physikalischen Modells der mikroskopischen Bildaufnahme, gekoppelt mit einem auf der 

Finite-Elemente-Methode basierenden numerischen Modell der Kraft-Weg-Beziehung, zu simulieren. So kann der gesamte TFM-

Prozess von der Bildaufnahme bis zur Kraftrekonstruktion sowohl separat als auch sequentiell numerisch ausgewertet werden.  

Durch die Verwendung eines breiten Spektrums von Parametern haben wir gezeigt, dass das Ergebnis klassischer TFM-Ansätze 

durch die relative Genauigkeit und räumliche Auflösung, mit der das Verschiebungsfeld gemessen wird, stark eingeschränkt ist, was 

wiederum durch die Qualität und räumliche Dichte der Marker beeinflusst wird, durch die die Verformung sichtbar gemacht wird. 

Als Ergebnis dieser Studie zeigte sich, dass alle Schritte gleichermaßen optimiert werden müssen, um einen brauchbaren TFM-

Ergebnis zu erhalten.  

Die Erkenntnisse aus dieser Validierungsstudie führten dann zur Entwicklung eines neuartigen Ansatzes für hochauflösendes TFM, 

der auf der Basis von Optical-Flow-Feature-Tracking eine verbesserte Kraftrekonstruktionsgenauigkeit von bis zu 50 %, insbesonde-

re bei sehr kleinen Fokalen Adhäsionen, ermöglicht. Darüber hinaus erlaubte die effiziente Implementierung eine beachtlich schnel-

le Rechenzeit, die den Einsatz im Hochdurchsatz ermöglichte und den Weg für Echtzeit-Analysemethoden ebnete. 

Im nächsten Schritt wurden die Ergebnisse dieser Optimierung auf zwei verschiedene Bereiche der zellulären Biomechanik übertra-

gen. Im ersten Fall haben wir gezeigt, dass hochmetastatische Osteosarkomzellen eine geringere Kontraktilität im Vergleich zu 

ihren elterlichen Zelllinien aufweisen, aber eine erhöhte passive Spannung des Cytoskeletts zeigen, wenn sie auf Zug untersucht 

werden. Wir kamen daher zu dem Schluss, dass das mechanische Verhalten von Zellen stark von der Methode abhängt, mit der sie 

getestet werden. 

 



viii 

In der zweiten Studie haben wir verschiedene hydrophobe und hydrophile Silikonsubstrate mit unterschiedlicher Steifigkeit ver-

wendet, um zu zeigen, dass die oberflächenenergiegetriebene Ligandenanordnung die Mechanosensitivität der Stammzellen ver-

ändern kann. Dadurch konnten sich Stammzellen auf hydrophoben, aber nicht hydrophilen Substraten ausbreiten und osteogen 

differenzieren. Im Gegensatz dazu ist die Zellkontraktilität, welche mit TFM und durch der Aktivität der Rho Kinasen (ROCK) gemes-

sen wurde, auf weichen Substraten beider Typen im Vergleich zu ihrem steiferen Gegenstück vermindert. 

Der letzte Teil der Doktorarbeit zeigte erste Schritte in Richtung 3D TFM, wo sowohl die Simulations- als auch die Auswertungsum-

gebung in die dritte Dimension erweitert wurden. Obwohl rechnerisch wesentlich anspruchsvoller, konnten wir zeigen, dass eine 

ideale Kombination aus hoher Markerdichte und spezialisiertem Tracking-Ansatz zu stark verbesserten Ergebnissen führen kann. 

Zusammenfassend lässt sich sagen, dass ein neuartiger numerischer Rahmen für die Bewertung und Berechnung von hochauflö-

senden Zugkräften auf vielen Ebenen zum Gebiet der TFM beigetragen hat. Insbesondere haben wir vorgestellt: (i) Eine Kalibrie-

rungsumgebung für die TFM-Fehlerquantifizierung, (ii) Basierend auf diesen Ergebnissen verbesserte TFM-Methoden und (iii) An-

wendung der Ergebnisse auf modernste biomechanische Forschung. Wir sind davon überzeugt, dass diese Arbeit dazu beiträgt, 

dass TFM bald in der Lage sein wird, wichtige biologische und medizinische Fragen in Diagnostik und Therapie zu beantworten. 
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  Introduction 

 

1.1 Motivation 

In the last three decades, it has become evident that the mechanical activity of cells is not an unimportant side product of their life-

cycle or by fulfilling a certain function, but it is essential for all cellular mechanism that define their fate, function and thus influence 

any process that were originally only thought to be regulated by biochemistry. It is therefore surprising that it has been only ap-

prox. 40 years since cell-generated forces were first reported through mostly qualitative rather than quantitative assays (1) and not 

more than 20 years since a rough quantitative readout of these forces was possible (2, 3). 

Realizing the importance of cell-generated traction forces and the potential of measuring them, a wide range of methods that are 

commonly referred to as Traction Force Microscopy (TFM) have been developed to achieve this goal. Furthermore, recent ad-

vancements have been proposed to improve spatial and temporal resolution, accuracy and applicability to answer a wide variety of 

biologically relevant questions (4). 

However, with these various platforms on one side, and the – still mostly unexplored – biomechanical cell behavior on the other 

side which is mostly phenotype-specific, the field is still far from an off-the shelf solution that can be regarded as a gold standard. 

Although there are a few open source TFM software packages available (5), their results often depend on the experimental condi-

tions, the image quality and as well on the algorithm-specific parameters.  

Since the development and interpretation of TFM requires a multi-disciplinary approach with expertise in cell biology, material 

science, polymer chemistry and computational theory, the above mentioned limitations still hinder the broad adaption of Traction 

Force Microscopy in the field of biomechanical and biomedical research, and require the collaboration with one of the few labora-

tories that has the experience and expertise in TFM (6). Therefore, it is still challenging to interpret the forces by cells in one con-

text and put it into the right perspective concerning measured results of cell traction forces in another experiment or laboratory 

(7). The development of new and improved tools as well as a common ground truth for calibration and validation thereof is re-

quired in order to shift the focus from measuring cell-generated traction forces to fully understanding and finally controlling them. 

This will open the doors for the field to see the traction forces as key regulators of cellular fate and tissue behavior, so they can 

serve as diagnostic markers and controllable effectors in pathogenesis (8).   

The goal of this doctoral work was to contribute to this process on several levels, with a special focus on the development of a 

simulation and evaluation platform that allow for a comprehensive quantification of the accuracy involved in TFM algorithms, given 

specific experimental platforms. The insights of these validation studies would then be used to develop new and improved experi-

mental and computational approaches to measure cellular traction forces and finally apply them to state-of-the-art biomechanical 

research in stem cell differentiation and cancer cell mechanics.  

1.2 Specific Aims 

Specifically, the following aims have been defined: 

Aim 1: Design and development of a novel simulation and evaluation platform for 2D & 3D Traction Force Microscopy 

Aim 2: Full evaluation and error quantification of widely adopted 2D TFM algorithms, in function of focal adhesion size, bead densi-

ty & location as well as development of new and improved approaches. 

Aim 3: Determination of passive and active mechanical properties of osteosarcoma cell models and their potential use as diagnostic 

markers for early tumor detection. 
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Aim 4: Development of experimental and analytical tools to measure TFM without affecting the surface chemical properties of a 

PDMS-based platform for 2D stem cell culture. 

Aim 5: Development of analytical tools to measure TFM in three dimension and use the simulation platform to perform a paramet-

ric study for error quantification. 

1.3  Outline of the Thesis 

This doctoral thesis is structured into 4 separable parts with a total of the following seven chapters: After an introduction to the 

work presented here and defining the specific aims in chapter 1, a thorough literature review and overview of necessary back-

ground information of TFM is discussed in chapter 2. Then, five chapters present the analytical and scientific studies that addressed 

the specific aims, before a final synthesis to conclude the accomplished work in chapter 8, including a review of the limiting factors 

as well as an outlook for future research and development in the field of cellular traction.  

Chapter 3 describes the development of a novel TFM simulation and evaluation platform in two and three dimensions, including a 

detailed description of the most influential parameters, and presents preliminary results. 

In chapter 4, the previously developed platform was used to perform a multi-parametric evaluation of each TFM sub-step as well as 

the TFM as a whole approach, where a special focus is placed on the imaging and bead tracking for displacement field calculation. 

In addition, new approaches are proposed that outperform classical methods in both accuracy and computational efficiency.  

Chapter 5 builds on the insights of the previous chapters and employs TFM within a comprehensive biomechanical study of two 

different osteosarcoma model cell lines. The focus is to investigate whether or not the measured active or passive mechanical 

properties depend on the method used to gather measurements.  

In Chapter 6, the development of a new TFM approach is described, which has the main advantage of limiting confounding factors 

on a previously developed PDMS-based platform for 2D stem cell culture. Using this, a broad range of matrix stiffness was investi-

gated to study the interplay between surface energy and ligand assembly on mechanosensitivity of stem cells due to their sub-

strate.  

Chapter 7 extended the dimensionality of the previous work to three dimensions, and presents the application of the simulation 

platform for a limited parametric study of 3D TFM, including bead density and reconstruction algorithms. 
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 Background 

2.1 Introduction 

Mechanical forces play a fundamental role in the development, functioning and survival of every living organism. From the macro-

scopic locomotion of animals and invertebrates to mechanical interaction of proteins, the generation or application of physical 

forces influences the functionality of living systems at any size scale and affects most areas relevant to biology (9).  

With the growing understanding of the interplay between mechanical forces and biological functions, as well as the technological 

progress in engineering and medicine, the term Biomechanics evolved during the last decades as its own interdisciplinary scientific 

discipline. Biological cells are the basic building blocks of living organisms, and the study of cellular behavior, not only in classical 

biochemical terms, but also from a mechanical point of view, has become a major point of interest in a field commonly referred to 

as cellular biomechanics or mechanobiology (10, 11). 

Forces at the cellular level can be applied externally through micromechanical actuators such as magnetic of optical tweezers (12), 

micropipette aspiration (13, 14), atomic force microscopy (AFM) (15), fluid  shear stress flow (16) or stretchable substrates (17), 

which are often employed to measure cellular mechanical properties (18) or trigger downstream chemical signaling to observe 

changes in phenotypes or behavior through a process called mechanotransduction (19–25).  

On the other hand, cells can generate mechanical forces themselves through their contractile machinery which in turn are trans-

mitted either between cell-cell contacts or cell-extracellular matrix (ECM) adhesions. These forces are usually generated through 

myosin within the F-Actin network and transmitted through discrete intramembranous attachment complexes commonly known as 

focal adhesions (FA) and are fundamental for cellular behavior such as proliferation, growth, adhesion, migration and polarization. 

Moreover, the generated mechanical forces are also used to probe the local cellular environment and hence have a downstream 

stiffness-dependent influence on connective tissue homeostasis (26), morphogenesis (27, 28), cancer development (29), mesen-

chymal stem cell differentiation (30), cell migration (31–33) as well as pathological disease progression (34, 35) and wound healing 

(36).   

In order to understand the constant crosstalk between the cellular mechanics and the biochemistry in mechanotransduction, accu-

rate approaches are needed to visualize, quantify and influence the cell-generated forces (37). In this context, measuring the cell-

generated forces at the cell-ECM interface has become the most common approach in many cell biomechanics laboratories over 

the previous years, and is commonly referred to as Traction Force Microscopy (TFM) (7).  

Using TFM as an analytical tool, it has been shown that cellular traction often correlates with the stiffness of the underlying sub-

strate (38–40), which in term regulates the geometric control and cellular architecture  (41–44),  and the size of the focal adhesions 

are in a direct function of applied traction force (44, 45). 

During the last 20 years, many different approaches to measure cell traction forces (CTFs) have been and are still being developed, 

though their applicability and details of implementation vary significantly, depending on available resources and research focus. 

Despite their differences, these methods are all based on the principle that forces as a physical quantity cannot be measured di-

rectly and thus have to be inferred from a measurable quantity, usually motion or light. In the same way as a spring scale (or new-

ton scale) is used to define applied force by measuring the displacement x of a calibrated spring with known spring constant k, 

forces generated by cells can be visualized indirectly by the dynamics of an underlying force-sensor, to which the cells are attached.  

With this in mind, Harris et al. pioneered this field in 1980 by observing migrating cells cultured on thin elastic silicone sheets which 

caused physical distortion and wrinkling of the substrate (1). However, a quantitative estimation of these contractile forces was not 

possible due to the high nonlinearity, and although some effort was made to quantify the applied forces to the wrinkling using a 

calibration setup (46), ground-breaking progress was achieved by improving the substrates of thin silicone sheets (2, 3, 47) or thick 

polyacrylamide (PAA) gels with suitable elastic properties that deform laterally without wrinkling under applied cellular contraction 

(48).  
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This deformation can be visualized and measured by tracking fiducial markers such as latex fluorescent beads, which are either 

distributed on the surface or embedded inside the gel. Usually two images are taken using a fluorescent microscope: The first one 

when the cell actively deforms the substrate (loaded image) and the second one after the cell was detached (49, 50) and the sub-

strate returned to its initial, relaxed position (reference image). Image analysis and computer vision algorithms can then be used to 

calculate the local bead translation resulting from the traction applied by the cell. 

Using substrates with known (or measured) elastic properties, the traction forces can be reconstructed from these bead displace-

ments using algorithms based on the theory of elasticity. This experimental approach has been widely adopted by the field and has 

become the basis of what is called 2D TFM. Further development of these setups focused on improved computational efficiency 

(45, 51), numerical stability (52) and spatial resolution (49, 53, 54).  

A different popular approach to measure cellular traction was developed by Tan et al. who used micro fabrication to create an 

array of discrete isolated micro-posts that act as local sensors (55). In these methods, an elastic material such as Polydimethylsilox-

ane (PDMS)(56) is used to create microposts with defined shape and dimensions (57–59). The cells can adhere on top spanning 

several posts and deform the posts as they pull on them. After measuring the post deflection the traction forces can then be recon-

structed using elastic beam theory (60). 

In the methods described above, the general assumption was always made that the cells are fully spread on a two-dimensional 

substrate and only apply forces parallel to it. In fact, although this assumption is valid under certain material assumptions (61), in 

many situations cells also apply forces perpendicular to the substrate and therefore also induce three-dimensional displacements. 

Therefore, several methods known as 2.5D extend the plane-stress assumption and integrate measurements in vertical direction to 

obtain a full 3D traction field (62). These approaches showed three-dimensional characteristics of cells cultured on flat 2D sub-

strates and that the stresses in vertical direction cannot be neglected (63–65). However, although the inclusion of the vertical dis-

placement increases the dimensionality of the analysis, the cells are still only interacting with a flat 2D environment and thus the 

problem is not fully 3D (6). 

Most current understandings in cell biology and in particular cell-ECM interactions are derived from cells cultured in 2D systems. 

However, an increasing number of studies show significant morphological, structural and functional differences of cells-ECM inter-

action in 3D, which might imply a higher in-vivo relevance of more physiological 3D tissue culture (66–69). Therefore, new methods 

were developed to measure cell traction in either native (70–72) or synthetically engineered 3D cell culture systems (73). Although 

the fundamental approach to measure traction forces in 3D is similar as in 2D, there are many difficulties involved that arise solely 

through the increased dimensionality (74), including high-resolution imaging, mechanically complex ECM materials and increased 

computation costs.  

Because of its simplicity, 2D TFM on flat elastic substrate has become the standard tool in many laboratories to measure cell trac-

tion and their relationship to many physiological and pathological processes. However, as many different approaches have been 

developed, it remains questionable how comparable the results across different studies are. Due to the complex mechanical prob-

lem and the numerical instability in solving the constitutive equations, it has been shown on many occasions, that the output of 

give TFM algorithms highly depends on the quality of the displacement field and the input parameters (52, 53, 75), and that the 

actual traction values are often underestimated due to resolution loss (53, 76). An appropriate comparison of absolute values 

across different studies is therefore highly difficult if not impossible, as very little research has been done do adequately bench-

mark different analytical approaches (77–79). 

In this review, we highlight the technological advantages of Traction Force Microscopy methods in two and three dimensions, and 

discuss the influences of different setups to the accuracy (and reproducibility) of the desired results.  

Given the progress in information technology during the last two decades, hundreds of different methods to achieve this goal have 

been developed and yet we are far from a gold standard on which the field can agree. The term Traction Force Microscopy has 

since become a standard expression for the variety of methods that aim to measure cell-generated forces as accurately as possible, 

and keeping track with both all previous and recent, fast-paced developments has been difficult. This review aims to close this gap 

by providing a thorough overview of the methods and achievements reported in literature that aim to measure cell-generated 

forces in 2D, 2.5D and 3D. However, to keep the focus narrow, all specialized methods that use complex micro-engineering such as 

cantilevers, microposts or similar methods are deliberately omitted. The structure of this chapter is built in order to replicate the 

approach that one would usually follow in order to measure cell-generated forces using TFM: Preparing the substrate, Cell culture, 

imaging, displacement measurements and force reconstruction (Figure 2.1). In the final section, the efforts and results undertaken 

to simulate and validate TFM for both the displacement measurement and force reconstruction are discussed. 
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Figure 2.1 | Schematic diagram of the whole TFM process. Top panel: schematic flowchart illustrating the major elements of TFM. Middle panel: 
Example images from a cell. Bottom panel: Major influential factors during the TFM process. The input is a cell attached to an elastic substrate 
coated with beads (blue dots and arrows). As the cell exerts traction forces on focal adhesions (red dots and arrows), the beads move as a result. 
The readout of the forces are then structured in a three-step process: (I) Imaging of the beads using a fluorescent microscope, (II) measuring defor-
mation of the substrate by tracking the beads and (III) using a derived material model of the substrate to reconstruct the cell traction forces. During 
each of the three steps, there are many influential factors, listed in the bottom panel. These can have a major impact on the quality and accuracy of 
the reconstructed traction forces, as the sequentially processed algorithms lead to an error amplification through error progression.  

2.2 Substrate Fabrication, Cell Culture & Imaging 

Any TFM analysis starts with an appropriate choice of substrate material. For 2D and 2.5D, a suitable material should be ideally 

linear elastic, homogenous and isotropic, optically transparent, non-degradable, non-cytotoxic to the cells and their stiffness should 

be tunable over several order of magnitudes in order to match native ECM. Therefore, the material should be soft enough so that 

the cells can deform it, but also stiff enough in order to remain within the linear-elastic regime.  

By far, the most commonly used substrates are polyacrylamide (PAA) hydrogels, which exhibit desirable elastic properties (48, 80, 

81). The preparation is relatively simple and the stiffness is easily tunable in the range of 0.2 to 35 kPa by altering the ratio of 

acrylamide and bis-acrylamide (82, 83). Detailed protocols can be found in published work (50, 84, 85).  The molecular structure of 

PAA gels resemble a sponge whose porosity can be controlled using different mixtures of monomers, water and crosslinker. Alt-

hough it was previously suggested (86), the influence of the porosity on cellular behavior during stem-cell differentiation has not 

been well elucidated (30), and is therefore still highly disputed. Although the mechanical behavior can be well controlled, nonlinear 

effects sometimes appear with large deformation (87) or through substrate swelling if they are not osmotically balanced with the 

culture media (88).  

Another class of widely used systems is silicone-based elastomers such as Polydimethylsiloxane (PDMS), which are commercially 

available e.g. as Sylgard 184 or CY52-276 (Dow Corning) (45, 88, 89). Here the stiffness is defined by the ratio of silicone elastomer 

to curing agent and can range between 5 kPa and 2MPa (56). However, for stiffness values below approx. 20 kPa the gels become 

sticky and difficult to handle and therefore spin-coating on a coverslip is usually employed to achieve substrates with a defined 

thickness. Although PDMS elastomers show good linear elastic behavior, the stiffness of the material is highly dependent on the 

curing time and temperature, and values differ across several studies (90–92).  On the other hand, due to the high refractive index, 
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PDMS is often used in combination with Total Internal Reflection Fluorescence (TIRF) microscopy (93, 94). Another advantage of 

PDMS elastomers is its ability to create micropatterns or other surface features which can be used to extract subsequent defor-

mation maps (45, 95). Moreover, PDMS elastomer are chemically inert and thus are very unlikely to change due to swelling and/or 

drying (96). As opposed to hydrogels, silicone substrates are highly hydrophobic, which influences the surface interaction with cells 

and ECM proteins (97). To increase hydrophobicity, surfactants such as poly(dimethyl- siloxane-b-ethylene oxide) (PEO-PDMS) can 

be added to the mixture (97, 98). Another approach is to treat to surface with oxygen plasma (99), although care has to be taken as 

it can create a stiff oxide layer which influences the local mechanical properties (100). 

Although most studies employed either PDMS or PAA substrates, a few other material have been used for studying cell-matrix 

interaction and TFM, such as gelatin (101), hyaluronic acid (HA) (102), Polyethylene glycol (PEG) (103) or collagen (104) hydrogels (a 

thorough overview can be found in Cho et al. (4)). Especially the latter two recently became highly interesting in relation to 3D TFM 

of cells completely embedded in the gel (70, 73, 74). Legant et al. used proteolytically degradable PEG gels with appropriate adhe-

sion sites as a synthetic 2.5 and 3D TFM substrate, which exhibit linear elastic behavior that simplifies traction calculation (73). On 

the other hand, reconstituted collagen type I hydrogels have more physiological relevance as collagen is a major ECM component 

and plays an important role in tissue homeostasis and wound healing (105). However, these physiological hydrogels exhibit a much 

more complex mechanical behavior, as they consist of a highly non-linear fiber network, which prevents the application of tradi-

tional continuums mechanics approaches (74). 

In analogy to a spring scale, we can only calculate applied traction stress from measured displacements if we can exactly describe 

the mechanical properties of the substrate. Variation in mechanical properties can result in substantial error of traction. There exist 

a wide range of methods to probe the mechanics of the material, such as tension (38), (confined) compression (95), shear rheome-

try (106, 107), or indentation using AFM (108, 109). Ideally, measurements with different setups should yield the same results. 

Depending on the material and application, only specific methods can be employed and care should be taken by the model for 

interpretation of the mechanical results (92). As was reported earlier (7), for both PAA and PDMS substrates, the reported stiffness 

values have a large variation across literature. These depend on protocols used as well as batch, lot, storage or age of the materials 

used. Therefore, the mechanical properties of the substrate considered should always be measured, if the reconstructed forces 

should be quantified exactly. For a qualitative experimental comparison of cell phenotypes on the same substrate, the exact de-

termination of substrate mechanical properties is less important.  

In order to facilitate cell attachment, the substrate surface has to be conjugated using ECM proteins such as fibronectin (49) or 

collagen type I (110, 111) among many others (112). Another approach is the use of a minimal mimetic peptide such as RGD (fi-

bronectin) (113, 114) or GFOGER (collagen) (115). Surface coating is a critical step in TFM as it can have a large influence on the 

cellular behavior and can be difficult to reproduce because of different experimental conditions (6). The type of ECM can alter cell 

function and phenotypes, and should therefore be properly selected for the given cell type. Because ECM proteins cannot directly 

bind to the substrate, the substrate can be activated by either adding functional co-polymers to the solution, or by surface func-

tionalization e.g. using UV in the presence of the photoactivatable heterobifunctional reagent sulfosuccinimidyl-6-(4’-azido-2’-nitro 

phenylamino) hexanoate (Sulfo-SAMPAH) (49, 80, 84) or hydrazine hydrate (116, 117). The type of surface functionalization for 

ECM-protein binding also strongly depends on the type of substrate used. For example, collagen can be linked to the surface of 

PDMS using (3-Aminopropyl)triethoxysilane (APTES) plus glutaraldehyde (110, 111) or 1-ethyl- 3-(3 dimethylaminopro-

pyl)carbodiimide (EDC) (88). A thorough overview of these particular methods can be found in literature (7, 50). 

Several strategies can be followed to visualize the substrate deformation caused by the cell traction forces. Almost all approaches 

involve fiduciary markers, such as fluorescent micro beads, which can easily be visualized using a microscope. These markers should 

be sufficiently small (<1 µm) in order to resolve the forces with subcellular resolution. Typically beads with diameters between 0.04 

and 0.2 µm are selected (5). Smaller markers such as quantum dots will usually not improve resolution due to the refraction limits 

of most microscopes. 

In the case of PAA, beads are often mixed with the prepolymer solution resulting in a 3D distribution within the gel. While this is 

required for 2.5D TFM, it can cause some issues when doing 2D analysis. It is more difficult to focus the surface of the substrate and 

if a widefield microscope is used, background fluorescence from defocused beads can drastically deteriorate the image quality. 

Furthermore, as beads are measured as a result of applied force, beads that are further away from the point of force application – 

both laterally and distally – will move less. While the movement of the beads in plane are included in the force reconstruction, 

measuring bead displacement further below the surface, without knowledge of the precise depth, will result in an underestimation 

of the calculated force (77). 
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Therefore, the beads are sometimes centrifuged towards the substrate surface during polymerization (84). Some recent methods 

suggest alternative approaches to directly confine the beads on the surface such as crosslinking (118, 119) or by coating a coverslip 

with a layer of beads on which the PAA is polymerized (120, 121). Upon removal of the coverslip after polymerization, the beads 

are then transferred to the substrate surface. In a different protocol, a small additional layer of PAA including beads is polymerized 

on top of the first, which contains no beads.   

When silicone based substrates such as PDMS are used, mixing the bead solution with the prepolymer is difficult and yields bad 

bead distribution. Therefore, beads should be added after polymerization on the surface (88). As another approach, it is also possi-

ble to use micro patterning to create surface features which can be tracked using phase contrast (45, 95). Recently, similar but 

innovative methods were developed to print regular patterns with fluorescent fibronectin or quantum dots directly on the surface 

with high precision (89, 122, 123), which provides a further advantage of not having to remove the cell to obtain a reference con-

figuration. 

A problem with the surface-bead configuration that might arise is that it potentially creates a local topography to the cell. Although 

hypothesized, it was shown that that cellular morphology is not influenced by this (119). On the other hand, it was shown that 

surface-beads allow automated high-throughput TFM (124) and that the resolution can be highly improved (77). 

Another essential requirement for high-resolution TFM is a high bead density (77, 79, 125). Since the displacements given by the 

beads is only a discrete representation of the continuous displacement field, more beads will provide more information about the 

underlying displacements. Therefore, one should always try to incorporate as many beads as possible while still being able to 

achieve good contrast between beads and background and therefore resolve the features (121, 125). Another approach is to incor-

porate two differently colored beads and use the correlation between the single channels (49, 53), although this lowers the band-

width of the TFM imaging together with the other feature of interest (focal adhesion, cytoskeleton etc.). 

As mentioned earlier, the first step (after sample preparation) of a typical TFM experiment is to take images of the beads before 

and after cell detachment. In the basic form of 2D TFM, any epifluorescent microscope can be used. It is essential for TFM to accu-

rately track the beads, thus image quality has a very large influence on image analysis hence special care should be taken to obtain 

maximum quality. In order to achieve sub-pixel accuracy when locating and tracking the beads, the image should be oversampled. 

Furthermore, the cell should be well spread and completely inside the field of view (FOV), ideally surrounded by an area of bare 

substrate (88). This is required as tractions that lie outside the FOV will cause displacement inside the FOV, and later create wrong 

tractions inside the field. Depending on the microscope and camera, for most adherent cell types, which usually have a projected 

spreading diameter of 30-50 µm (37), a magnification between 40x - 60x is used, resulting in a pixel size of 0.06 µm – 0.3 µm (49). If 

3-dimensional bead tracking is needed, spherical aberrations that are caused by a refractive index mismatch of the immersion 

liquid and the substrate material used can negatively influence resolution. Round beads will appear as elongated cones of varying 

sizes, depending on the setup (126). It is therefore required to use a confocal microscopy setup which is needed to measure the 

bead position and movement in the distal direction with high resolution (62, 127). Moreover, the refractive index of the immersion 

medium should ideally match the refractive index of the substrate material used. For PAA, which has a refractive index of approx. 

1.3-1.4 (49), a water immersion objective is recommended. Silicone has a refractive index between 1.4-1.45 (94) and therefore an 

oil immersion objective is better suited. The use of a confocal microscope is also recommended for 2D TFM, as it yields high resolu-

tion images with little noise, which could affect the bead tracking adversely. Moreover, it was recently shown that super resolution 

microscopy (STED, PALM, STORM, SIM) can highly improve TFM calculations (128, 129). Recently, new methods emerged that don’t 

rely on the inclusion and imaging of fluorescent beads, but instead try to directly image the internal structure of the gel. This can be 

achieved by either using fluorescently tagged proteins (72, 130) or confocal reflection microscopy  (131, 132). 

An often neglected part of the TFM experiment is the imaging of the cell itself. In many cases, knowing the spreading area is need-

ed to calculate cell-specific statistics, such as average traction stress (133, 134), total cell-transmitted work (135) or to exclude 

measurement traction outliers (49). The easiest method is, if possible, to take an additional picture of the cell using transmitted 

light or phase-contrast (119, 136). The lack of contrast however can make it difficult to find the exact outline of the cell, especially if 

automatic procedures are needed for high-throughput. An improved setup would use fluorescent markers that are expressed by 

transfected cells, such as membrane proteins, any component of the actin machinery or focal adhesion proteins (84, 103, 121). The 

latter is needed if the traction and dynamic behavior of single focal adhesions is investigated (137–139). A combination of several 

markers allow a thorough investigation of the processes involved in cell contractility (64). Alternatively, live-cell imaging markers 

such as calcein AM (140), DiO (77), SIR-Actin (141) or Syto-X fluorescent nucleic acid stain (142, 143) can be used. However, it is 

unclear to what extent additional markers influence cellular behavior, as they are directly integrated into the cell machinery. More-

over, exposing the cell to more light than needed can lead to phototoxicity and can lead to cell damage or death (144).  
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2.3 Calculating the Displacement Field 

Once the sample images have been collected, further data analysis need be done offline. First, the movement between the bead 

positions before and after cell detachment have to be tracked. Two main strategies have been followed here: Either the displace-

ment is calculated at predefined locations without a priori knowledge of the particle location, or the particles are tracked directly 

on the previously identified beads.  

The first approach is commonly referred to as particle image velocimetry (PIV), digital image correlation (DIC) or correlation track-

ing and is widely adapted in the estimation of fluid flows in fluid dynamics (145–147). In the most basic case, instead of following 

individual particles, the displacement is calculated piece-wise on a set of predefined interrogation points, usually on a regular grid 

spanning the whole FOV. As more points are defined, the resolution of the resulting displacement map accordingly increases. How-

ever, this also increases the computation time and oversampling can occur, depending on the bead density. Then small sub-

windows with a predefined size are defined around each grid location in both images. In the following, we define sub-windows of 

the relaxed-state image (reference image) as an interrogation window and those of the deformation image as a search window. 

The displacement is then calculated by finding the location of the maximum value from the cross-correlation between the de-

formed (Wdef) and reference (Wref) sub-windows: 

𝑐𝑐(∆𝑥, ∆𝑦) =  ∑ ∑ 𝑊𝑑𝑒𝑓(𝑥 + ∆𝑥, 𝑦 + ∆𝑦)𝑊𝑟𝑒𝑓(𝑥, 𝑦)

𝑗𝑖

 

Equation 2.1 

Where the indices I,j run over the size of the sub-windows. The maximum location (∆𝑥∗, ∆𝑦∗) defines the average displacement of 

all pixels within the sub-window. Therefore, if the sub-window size is too big, localized displacements changes within the size of the 

sub-window will be averaged, causing a loss in resolution. On the other hand, if the window size is too small, local beads may move 

further than the window size, and hence no correlation can be found. Several strategies to obtain sub-pixel resolution can be con-

sidered, mostly used is the three-point Gaussian fit formula (53, 148) defined as:  

Δ𝑥𝑠𝑢𝑏𝑝𝑖𝑥𝑒𝑙 =
ln(𝑐𝑐(Δ𝑥 − 1, Δ𝑦)) − ln (𝑐𝑐(Δ𝑥 + 1, Δ𝑦))

2[ln(𝑐𝑐(Δ𝑥 + 1, Δ𝑦)) − 2 ln(𝑐𝑐(𝛥𝑥, 𝛥𝑦)) + ln(𝑐𝑐(Δ𝑥 − 1, Δ𝑦))]
 

Equation 2.2 

In the last decades, literally hundreds of variants of the basic DIC approach have been developed, each with their own strengths 

and weaknesses. In TFM, several approaches have been made to alleviate the corresponding issues. To deal with the sub-window 

size, iterative PIV starts with a large window size for a first estimate of the displacement and in each successive iteration step, the 

window size is reduced and the location of the deformed sub-window is pre-shifted by the previous estimate ∆𝑥𝑘−1 to calculate 

the cross-correlation. In this manner, accurate displacements can be achieved without neglecting large localized displacements. 

However, the small sub-window can still fail to find a correlation, if it was shifted by an incorrect amount in the previous iteration 

(e.g. by diverging displacements within one window that was averaged). Tseng et al. proposed in a method called template match-

ing (125, 149) the use of larger search windows, usually double the size of the interrogation window, hence increasing the area to 

search for a best match. Vice versa, one can also start with a small window size and successively increase the size, until a global 

correlation peak until a sufficient confidence level is reached (53, 150), although this would mean that each calculated displace-

ment vector originates from a different window size (hence resolution), which can induce additional errors. Other issues such as 

peak-locking or uncertainties with the sub-pixel fitting can be alleviated by a continuous window-shift technique (151)  or by using 

sub-pixel correlation by image interpolation (54). One drawback of these methods is that the sub-window, or sometimes called 

template, is mostly defined as a rigid block, which assumes simple rigid translations within one block and also averages them. If this 

is not the case, i.e. if substrate rotation, warping or tilting is expected within the sub-volume, several developed methods improve 

the window-matching algorithms by allowing non-rigid deformation of the blocks by a parameterized polynomial model of the 

blocks (152–154) or a B-spline-based Free Form Deformation approach (155). However, increasing the complexity of the algorithms 

also affects computational time, which can be a limiting factor if one has to deal with large data sets. 

As mentioned earlier, another approach is to track the beads individually. In order to do so, the bead locations have to be found 

first. This can be easily done by detecting pixels that are brighter than their neighbors. Therefore if 𝐼(𝑥, 𝑦) defines the pixel value at 

the location (𝑥, 𝑦), the maximum locations (𝑥∗, 𝑦∗) are found if I(𝑥∗, 𝑦∗) > 𝐼(𝑥∗ ± 1, 𝑦∗ ± 1) and if  I(𝑥∗, 𝑦∗) > 𝑚𝑒𝑎𝑛(𝐼) (49). 

Additional fitting of a two-dimensional parabola can help to reject wrongly identified beads. In the second step, the identified bead 
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positions are then tracked between the images before and after cell detachment. The particle tracking velocimetry (PTV) method 

works in the same way as PIV by defining sub-windows of a defined size around each bead and then calculates the displacement by 

optimization of the cross-correlation (49). Sabass et al. proposed a hybrid method between PIV and PTV, where a coarse PIV step is 

first performed to find the first estimate of bead displacement, and PTV for a more precise calculation (49).  

As mentioned before, correlation-based or block-matching approaches track features such as beads by measuring the similarity of a 

certain neighborhood, which is always limited in resolution due to the intrinsic low-pass filtering characteristics of such an ap-

proach. Due to their simplicity, precision and robustness, they are still the preferred choice in many TFM applications (156). Apart 

from correlation-based algorithms, many different approaches haven been taken to achieve single bead tracking, with many of 

them originally designed to track other features over time, such as individual proteins or other (macro)molecular particles within 

cells (150, 157–159). Recently, Boltyanskiy et al. proposed an improved multi-particle tracker which is based on the minimization of 

the stored energy in an elastic solid, as opposed to minimizing the sum of squared displacements across time points (158). This has 

been shown to be useful in the case that displacements are larger than the mean inter-particle spacing or where the displacements 

need to be known at the resolution of individual particles (160). While these methods are highly adapted to describe movements 

such as Brownian motion, diffusion or protein transport, their applicability to TFM problems have not yet been probed.  

We recently demonstrated the use of an iterative algorithm based on the optical flow equation (161) called Kanade-Lucas-Tomasi 

(KLT), which improves spatial resolution, displacement accuracy and computational time. These benefits can be achieved because 

KLT tracks features by using a global least-square approach, rather than sequentially for each evaluation point as in correlation-

based tracking. This gain in computationally efficiency allows us to track distinct features such as fluorescent beads with a higher 

spatial resolution and hence reduce the influence of outliers. The objective function here is defined as the residual function: 

𝜖(𝑑𝑥, 𝑑𝑦) =  ∑ ∑ (𝑊𝑑𝑒𝑓(𝑥, 𝑦) − 𝑊𝑟𝑒𝑓(𝑥 + 𝑑𝑥, 𝑦 + 𝑑𝑦))2

𝑝𝑥+𝑤𝑦

𝑦=𝑝𝑥−𝑤𝑦

𝑝𝑥+𝑤𝑥

𝑥=𝑝𝑥−𝑤𝑥

 

Equation 2.3 

Within an image region which is defined as the interrogation window as for the PIV approaches. With the assumption that the pixel 

displacement is small, the above optimization problem can be approximated by the first order Taylor expansion that results in the 

basic optical-flow equation 𝐺𝑣 = 𝑏, which can be solved using a least-squares approach: 

𝑣 = 𝐺−1𝑏 = ∑ ∑ ([
𝐼𝑥

2 𝐼𝑥𝐼𝑦

𝐼𝑥𝐼𝑦 𝐼𝑦
2 ]

−1

− [
𝐼𝑡𝐼𝑥

𝐼𝑡𝐼𝑦
])

𝑖𝑖

 

Equation 2.4 

Where (Ix, Iy ,It) are the partial derivatives of the image I with respect to x, y and the time t and G is the well-known Harris matrix for 

corner detection (162). The sum is evaluated over i, which are all pixels within the interrogation window. A Newton-Raphson 

scheme is then employed to find the solution iteratively. 

In order to prevent the aperture problem, and to make G invertible, the best choice for an evaluation point (𝑥, 𝑦) is one where all 

eigenvalues of G are larger than 0, higher than a certain threshold 𝜆𝑚𝑖𝑛 and with similar magnitude, which corresponds to a corner 

in the image (𝜆1 ≥ 𝜆2 > 𝜆𝑚𝑖𝑛) (163). 

In TFM, we cannot often accurately predict the cell generated displacement and hence satisfy the small bead movement require-

ment of the optical-flow. As for PIV, this problem is solved using a pyramidal approach (164). Each pyramid level is formed by 

down-sampling the previous one. The algorithm begins calculating at the level of lowest resolution. All calculated displacements 

then serve as an initial guess for the calculation at the next pyramidal level, until reaching the resolution of the original image.  

Bergert and his colleagues developed a novel method that relies on a printed hexagonal pattern of QD nanodiscs, which permits 

the reconstruction of the reference configuration without the need of acquiring the reference, load-free image (89). First, the disc 

location is calculated by taking the weighted centroid of the grey scale value of the connected pixel islands. The substrate move-

ment is then computed by an optimal assignment of QD nanodiscs positions to vertices of the perfect (undistorted) mesh by mini-

mizing the overall mesh distortion. While this represents an elegant approach, the fabrication of such a patterned substrate is 

complex and therefore cannot easily be implemented in many labs.  
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In the case of 3-dimensial displacement and TFM analysis, the whole process becomes much more computationally demanding. 

The 3D variant of DIC is called digital volume correlation (DIV) and has been introduced in 1999 to determine continuum-level 

displacement and strain fields in trabecular bone (165, 166). Franck and his group pioneered the application of DVC for 2.5D and 3D 

TFM, including a stretch correlation approach (62, 63) and later a fast iterative, large deformation DVC algorithm (FIDVC) (167). 

These DVC approaches have often been applied by other groups to measure cellular deformation of cells embedded in 3D ECM 

hydrogels by tracking embedded beads (71, 168). However, it is unclear to what extend the embedded beads affect the local me-

chanics of the gels and if they are not bound to the ECM, they sometimes detach from the gel and are engulfed by the cells by 

endocytosis (169). Therefore, several label-free methods have been developed that image and track the fibril structure of collagen 

hydrogels directly by fluorescently labeled fibrin gels (130) or by using advanced microscopic approaches such as confocal reflec-

tance (CR) or Second Harmonics Generation (SHG) microscopy (70, 131, 132, 170). 

As opposed to correlation-based approaches, other groups focused on single particle tracking in order to overcome the resolution 

loss within the size of the subvolume. This was achieved using a nearest neighbor approach (65, 158, 171, 172), autoregressive 

motion tracking (173, 174) or feature vector based methods (64, 175, 176). Although these methods are superior in design, they 

are computationally complex in both implementation and computational difficulty, as the computation time increases with increas-

ing bead density. If confocal or other high resolution microscopy is not available, 3-dimensional bead movement can also be esti-

mated using a defocused imaging method  (127, 177). The applicability for TFM however has not been shown yet, as these ap-

proaches are limited by a relatively low bead density (74). 

2.4 Traction Calculation 

2.4.1 General Problem Formulation 

In the last step of a TFM experiment, the measured cell-induced displacements are used for traction reconstruction. In analogy with 

the spring stiffness on a Newton scale, a mapping function f that describes the deformation u caused by the applied traction T 

needs to be found: 

𝑢(𝑥) = 𝑓(𝑥) ∗ 𝑇(𝑥) ∗ 𝑑𝑥 

Equation 2.5 

In TFM, where the forces are applied to a surface (or a volume) rather than an isolated point of contact, continuum elasticity theory 

is needed to derive this relation. In the Lagrange frame of motion, the displacement vector field can be described as: 

𝑢(𝑥) = 𝑥′ − 𝑥 

Equation 2.6 

Where 𝑥′ is a point on the continuum after the application of the traction 𝑇(𝑥) on the point 𝑥. For simplicity, we now assume small 

strains in the continuum only, which can be described by the linearized Green-Lagrange tensor 𝐸: 

𝐸 =
1

2
((∇⨂𝑢) + (∇⨂𝑢)𝑇 + (∇⨂𝑢)(∇⨂𝑢)) ~

1

2
((∇⨂𝑢) + (∇⨂𝑢)𝑇) 

Equation 2.7 

Or with the Euler notation: 

휀𝑖𝑗 =
1

2
(

𝛿𝑢𝑖

𝛿𝑥𝑗
+

𝛿𝑢𝑗

𝛿𝑥𝑖
) 

Equation 2.8 

Under the assumption that the material is a homogeneous, isotropic and linear-elastic material, the Cauchy stress tensor σ can be 

described by the constitutive relation (Hooke’s Law): 
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𝜎𝑖𝑗 =
𝐸

1 + 𝜐
(휀𝑖𝑗 +

𝜈

1 − 2𝜈
휀𝑘𝑘𝛿𝑖𝑗) 

Equation 2.9 

Where E is the Young’s modulus and v the Poisson’s ratio, the two main constant of linear elasticity. Alternatively, other formula-

tions can be used, e.g. using the Lamé constants λ and µ. If we assume a force df which acts on a unit surface element ds, we can 

define surface traction as 𝑑𝑓 = 𝑇𝑑𝑠 and the traction T on the surface of a body can be uniquely mapped with respect to the sur-

face normal vector n using: 

𝑇 = 𝜎 ∙ 𝑛 

Equation 2.10 

These surface Tractions can be e.g. applied compression or shear forces and are measured in the units of force area densities 

[N/m2]. To calculate the surface traction using these formulas is called direct TFM and is often used in 2.5D TFM (63). 

Alternatively, we can start with the equation of equilibrium for isotropic solid bodies, i.e., the balance between the internal and the 

body forces f: 

∇𝜎 − 𝑓 = 0 

Equation 2.11 

Which can be rewritten as the Lamé equation, using Equation 2.9: 

𝐸

2(1 + 𝜐)
∆𝑢 +

𝐸

2(1 + 𝜐)(1 − 2𝜐)
∇(∇ ∙ 𝑢) = 𝑓 

Equation 2.12 

In TFM, where cells are attached to the surface of an elastic substrate, the body forces are usually zero (𝑓 = 0) and the defor-

mation of the body is caused by forces applied to its surface, hence only appearing in the solution through the boundary condi-

tions. The equation then holds: 

∇(∇ ∙ 𝑢) + (1 − 2𝜈)Δ𝑢 = 0 

Equation 2.13 

Under the assumption that the substrate represents an elastic medium occupying a half-space, i.e. bound by an infinite plane in 

𝑥1, 𝑥2, 𝑥3 ∈ [0, ∞], the deformation of the substrate caused by forces applied to its surface need to vanish at infinity and therefore 

the equations of equilibrium can be integrated in a general form. The displacement caused by forces 𝑇(𝑥, 𝑦) is then given by a 

Green’s function 𝐺 in the convolutional integral (178): 

𝑢𝑖(𝑥1, 𝑥2, 𝑥3) = ∬ 𝐺𝑖𝑘(𝑥1 − 𝑥1
′, 𝑥2 − 𝑥2

′, 𝑥3)𝑇𝑘(𝑥1
′, 𝑥2

′)𝑑𝑥1′𝑑𝑥2′ 

Equation 2.14 

Depending on the geometrical boundary conditions, a Green’s function has to be found first to solve this integral. Several Green’s 

functions for TFM have been developed which will be discussed later in more detail.  

It is important to know that the Boussinesq Green’s function only holds if the substrates are thick enough in order to be considered 

infinite. In practice, that means that the deformations vanish at the bottom of the substrate. Depending on the strength of the cell, 

that would be > 50µm (5) for strong pulling cells. If there is a requirement for finite substrate thickness, e.g. if the gels are too thick 

to fit into the microscope, a different Green’s function can be used as we will see later.  

In methods called inverse TFM, one seeks to invert the equation (above) to find the traction forces t as a function of displacement 

u, and much effort was made is the development of mathematical approaches to solve this inversion.  
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Regardless of the method used, it is important to note that all methods are highly affected by noise in the experimental data 

and/or the displacement field. In inverse TFM, Equation 2.14 is a Fredholm integral of the first kind, i.e. long-ranged with a weakly 

singular kernel due to the elastic Green’s function (53). This implies that a point-load applied to the surface of a substrates causes 

many surrounding beads to move. Therefore, the inverse problem in the presence of noise is ill-posed, which means that small 

variations in the displacement data can yield large changes in the reconstructed forces (52). If direct TFM methods are employed, 

the strain tensor needs to be calculated using numerical derivatives of the displacement field, which is effectively highly sensitive to 

noisy data. Therefore, direct TFM should only be used in conjunction with additional filtering, which again results in a resolution 

loss. Ensuring excellent quality of the TFM dataset is hence indispensable for a feasible force reconstruction.  

Apart from a number of alternative approaches, most implemented TFM methods use either the direct or the inverse TFM. The 

following sections review both approaches in more detail (Table 2.1). 

Method  Dimensions Strengths Limitations References 

Boundary Element 
Method (BEM) 

2D  Early adaption 
 

 Computationally demand-
ing;  

 Cell area needed 

(3, 48, 179) 

Traction Reconstruc-
tion from Point Forces 
(TRPF) 

2D  Simple inverse method 

 Information about local 
force application 

 A-priori knowledge of focal 
adhesions needed 

(45, 52, 76, 
180) 

Fourier Transform 
Traction Cytometry 
(FTTC) 

2D, 2.5D  Fast computation 

 Unconstrained method 

 Displacement interpolation 
needed 

 Output depended on de-
formation resolution 

(49, 51, 53, 
61) 

Fourier Expansion TFM 2D, 2.5D  Exact Boussinesq solu-
tion; 

 Includes finite substrate  
thickness  

 Mathematically demanding (168, 181–
184) 

Adjoint Method 2D, 3D  Solution and optimiza-
tion can be solved in 
parallel 

 No Green’s function 
needed 

 Thin substrate  

 Plane stress  

 Mathematically complicat-
ed 

(185–188) 

Compressed Sensing 2D  Reduced noise sensitivi-
ty for mediocre datasets  

 Increased computational 
time 

(189) 

Direct TFM 2.5 D  No inversion needed 

 Non-linear and viscoe-
lastic materials included 

 Demands high resolution 
datasets 

(63, 156, 190, 
191) 

FEA - TFM 2D, 2.5D, 3D  Precise material model 
included, 

 finite thickness 

 Increased computational 
time  

 Low-throughput 

(65, 70, 103, 
175, 192) 

Model - based TFM 2D  Includes information 
about force-generating 
apparatus 

 High-resolution microscop-
ic data from cell features 
needed  

 only 2D 

(193) 

Table 2.1 | Overview of TFM Methods 
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2.4.2 Inverse TFM 

If the substrate is modeled to be thick enough compared to the dimensions of the generated traction, it can be approximated as an 

elastic infinite half-space and therefore the 2D Boussinesq Green’s function can be used (194): 

𝐺𝑖𝑗(𝑥, 𝑥′) =  
(1 + 𝜈)

𝜋𝐸
((1 − 𝜈)

𝛿𝑖𝑗

𝑟
+ 𝜈

𝑥𝑖𝑥𝑗

𝑟3 ) =  
(1 + 𝜈)

𝜋𝐸𝑟3 (
(1 − 𝜈)𝑟2 + 𝜈𝑥2

𝜈𝑥𝑦

𝜈𝑥𝑦

(1 − 𝜈)𝑟2 + 𝜈𝑦2) 

Equation 2.15 

Where 𝑟 = √𝑥2 + 𝑦2 is the lateral distance between applied traction and induced displacement, E the young’s modulus and ν the 

Poisson’s ratio of the elastic substrate. In the case of 2D TFM, only lateral displacement and thus tractions are considered and the 

Green’s tensor is thus a 2x2 matrix. This assumption is sufficient for certain cell types which are well spread and for nearly incom-

pressible substrate materials where the Poisson’s ratio is 𝜐 ∼ 0.5  and thus lateral and vertical displacement can be decoupled.  

Dembo and his coworkers pioneered the quantitative measurement of cellular traction by using thin silicone (3) and later thick PAA 

gels (48). In order to solve the inverse problem, they first discretized the interior of a cell with a Delaunay mesh and then used 

boundary element method (BEM) where the traction field is represented by an interpolation scheme based on a finite set of nodal 

traction values. The integral in Equation 2.14 is then simplified to a linear algebraic equation and inverted using Tikhonov regulari-

zation. Regularization methods are usually imposed to find a robust solution to an ill-posed problem (195). This means that the 

solution is constrained to an optimization problem where the solution if not only found in a least-square sense, but also prior in-

formation of the expected traction field is incorporated. Since traction patterns of cells attached to the ECM through focal adhe-

sions are highly localized, and can be different even at neighboring adhesions, zero-order Tikhonov regularization is usually used, 

effectively solving the optimization problem defined as: 

𝑡 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑡((𝐺𝑡 − 𝑢)2 − 𝜆2𝑡2) 

Equation 2.16 

Where u is the measured displacement, Gt is the displacement calculated by the forward solution (Equation 2.14, but as a matrix 

operation due to discretization), and λ is the regularization parameter, which determines the strength of the regularization. The 

regularization parameter λ has to be determined experimentally using the L-curve criterion (52, 196, 197) or estimated using Bayes 

maximum a posteriori (MAP) theory (49). 

In a different approach, Schwarz et al. used the assumption that traction forces are localized on discrete and known points on the 

surface (45, 52). This can be achieved by e.g. labeling the focal adhesions proteins with a fluorescent label (Paxilin or Vinculin). In 

this method called traction reconstruction with point forces (TRPF), the traction is then approximated by a sum of delta functions 

and the integral in Equation 2.14 is simplified to a sum, which connects each displacement to a set of force locations, i.e.: 

𝑢𝑖𝑥 = ∑ 𝐺𝑖𝑗𝑥𝑥′𝐹𝑗𝑥′

𝑗,𝑥′

 

Equation 2.17 

This discrete forward problem can then be inverted using zero-order Tikhonov regularization according to Equation 2.16. 

As an elegant and computationally effective approach, the problem can be transferred into the Fourier space, where the convolu-

tion in Equation 2.14 becomes a product in the Fourier domain. In this method the solution can therefore be found as a multiplica-

tion of the Fourier transform of the displacement field with the inverse Green’s function as: 

�̃� = 𝐺(𝑘)−1�̃�(𝑘) 

Equation 2.18 

Where k is the wave number and the tilde indicates a Fourier transform. The result is then transformed back into the real domain. 

This approach is called Fourier Transform Traction Cytometry (FTTC) (51).The 2D Fourier transformed Greens function can be calcu-

lated as: 
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�̃�(𝑘) =  
2(1 + 𝜈)

𝐸𝑘3 (
(1 − 𝜈)𝑘2 + 𝜈𝑘𝑦

2 −𝜈𝑘𝑥𝑘𝑦

−𝜈𝑘𝑥𝑘𝑦 (1 − 𝜈)𝑘2 + 𝜈𝑘𝑥
2) 

Equation 2.19 

Where 𝑘 = √𝑘𝑥
2 + 𝑘𝑦

2. Since the Fourier transform can be calculated efficiently using FFT, the displacement field has to be on a 

regular rectangular grid and therefore an interpolation method may be required, depending on the measured displacements. It was 

first argued that by using a regular grid, the highest wave number k is limited and therefore no regularization is needed (51). How-

ever, it was later found that it was needed to further reduce noisy data by smoothing the displacement data (75, 88, 183, 198, 199) 

or constrain the solution directly using a regularization scheme (49, 53). Equation 2.18 can then be written as: 

�̃� = (𝐺𝑇𝐺 + 𝜆2𝐼)−1𝐺𝑇  

Equation 2.20 

Where I is the identity matrix (zero-order regularization). As mentioned earlier, if ν≠0.5, neglecting the non-zero effects of the 

vertical component of the displacement introduces error in the lateral traction 𝑇𝑥 and 𝑇𝑦. Tambe et al. extended the classical Bous-

sinesq solution by Butler to the 3-dimensional space (61), i.e. the mapping function between a 3-dimensional traction to a 3-

dimensional displacement on the surface of a semi-infinite medium in the Fourier space: 

�̃�(𝑘) =
2(1 + 𝜈)

𝐸𝑘3
(

(1 − 𝜈)𝑘2 + 𝜈𝑘𝑦
2 −𝜈𝑘𝑥𝑘𝑦 𝑖(1 − 2𝜈)𝑘𝑥𝑘/2

−𝜈𝑘𝑥𝑘𝑦 (1 − 𝜈)𝑘2 + 𝜈𝑘𝑥
2 𝑖(1 − 2𝜈)𝑘𝑦𝑘/2

𝑖(1 − 2𝜈)𝑘𝑥𝑘/2 𝑖(1 − 2𝜈)𝑘𝑦𝑘/2 (1 − 𝜈)𝑘2

) 

Equation 2.21 

And showed that the even when v is substantially different from incompressible (𝜐 ≠ 0.5), the error induced by neglecting the 

vertical components is remarkably small (61). 

Depending on the experiments, there might be situations where the infinite half-space assumption does not hold anymore, i.e. if 

there is a need for thin substrates (e.g. because of the working distance of the microscope) or the cell-induced deformations are 

large compared to the gel thickness, resulting in the fact that the cells can sense the underlying thickness (200, 201). In this case, 

the Boussinesq Green’s function cannot be used anymore and other methods need to be employed. Early approaches used the 

thickness-averaged condition for stress equilibrium (3, 179) or a numerically derived Green’s tensor for stratified media, i.e. mate-

rials consisting of several plane parallel slabs of isotropic, homogeneous and linearly elastic materials with the simplification of only 

one layer of elastomer bonded to an infinitely stiff underlying material (in this case the cover slip) (180). As a more elegant ap-

proach, several other groups developed an exact Boussinesq solution using Fourier expansion for substrates with finite thickness 

for 2D TFM (182, 202), and 2.5D TFM (88, 168, 183). The latter analytical methods also include that the focal plane at which the 

bead displacement was measured can be inside the substrate, as opposed to the surface which is usually assumed in the algorithms 

presented above. Measuring the displacement at a certain depth Δz is usually not recommended, as stress features with a length 

scale less than Δz cannot be accurately resolved (88). However, there are situations where this is needed, e.g. if one wants to per-

form TFM with beads without affecting the physical surface properties such as wetting or topography (143).  

Different alternative approaches were additionally developed to deal with the inverse problem in TFM. For example, considering 

the fact that the traction applied to a substrate by a cell is spatially spare, i.e. only defined at FA positions and zero everywhere 

else, it was shown that L1-norm minimization developed for compressed sensing can reduce the noise sensitivity of the traction 

reconstruction and enables the reconstruction of the force field at a higher resolution than the displacement field without explicit 

regularization or data filtering (189). This is very helpful for datasets, which are obtained at a medium resolution or where the bead 

density is not high enough, but comes with a substantially increased computation time. A similar approach was used by Han et al. 

who showed that L1 regularization, which provides solutions close to the ideal L0 regularization (203), increased traction recon-

struction accuracy over L2 methods when using the regularization parameter λ at the inflection point of the L-curve rather than the 

maximum curvature in the L-curve (54, 204, 205). 

An elegant but mathematically elaborative approach is the adjoint method developed by Ambrosi and his team (186–188). In this 

method, the inverse problem of Equation 2.18 is transformed into a set of coupled system of Lamé-type (elastic) equations of the 

unknown cellular tractions and its adjoint state. The advantage of this method is that it requires no Green’s function and the opti-
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mization problem is reduced to a system of PDEs, which can be numerically solved in parallel by a coupled finite element discretiza-

tion. Although originally only used for 2D TFM problems under the plane-stress assumption (thin substrates) (206), it was later 

expanded to measure 3D TFM (185, 207). However, the challenging mathematical framework has restricted broad adaption of 

these methods outside the groups involved in their development. 

2.4.3 Direct TFM & FEA-TFM 

Direct TFM are methods that make use of the Hook’s Law (Equation 2.9) to calculate the stress tensor directly from the calculated 

displacement field and strain tensor. It has originally been demonstrated for small-strain 2.5D TFM (62, 63) but has since then been 

enhanced to  deal with large deformations (156) and non-linear, viscoelastic TFM problems (190). In this case, the linear Hooke’s 

Law cannot be employed anymore, and a non-linear material description has to be used, e.g. Neo-Hookean (208, 209). As stated by 

Hall et al., the stresses at the cell-ECM boundary are calculated using the information of the beads in the vicinity of the cell surface 

(74). This means that the accuracy of the direct TFM methods highly depends on the density of the embedded beads near the cell 

boundary as well as the ability to correctly measure their displacement. As opposed to inverse TFM methods, where the displace-

ments of all beads in the substrates are considered, this represents an important limiting factor and requires precise, high-

resolution measurements of the bead positions and cell boundary. 

Another approach is to use finite element analysis methods (FEA) if both geometrical and material linearity assumptions cannot be 

justified anymore or if the material shows other complexities. Generally, FEA methods transfer the static differential equations of 

the continuum into an integral form and through discretization of the material into a matrix form, which can be solved numerically. 

Originally the FEA methods were used to solve 2D TFM in order to account for the finite thickness substrate (192). In a different 

method, Hur et al. introduces FEA to solve a mixed boundary value problem (BVP), where both stress and strain boundary condi-

tions are defined (65, 210). Here, the boundary conditions are defined as zero displacement at the bottom of the substrate (inter-

face plane between gel and glass; (𝑢 = 0), zero stress at the side surfaces (𝜎 ∙ 𝑛 = 0), and the nodal displacements defined by the 

measured and interpolated bead displacements at the top plane (interface plane between cell and gel). This means, only the top 

plane of the gel needs to be imaged from which the displacement and stress fields can be inferred on the whole domain. Another 

study adopted the same FEA method but included a hyper-elastic Mooney-Rivlin constitutive model to better account for the non-

linear mechanical polymer behavior (211).  

Similar recent approaches translated the FEA methods into 3-dimensional problems where the cells are fully embedded within the 

ECM substrate. Using the simplified assumption of local homogeneities and linear elastic behavior (for small strains), 3D FEA-TFM 

was used to calculate the stress maps of several tumor cells during invasion (71) or for measuring the mechanical stresses around 

three-dimensional epithelial tissues completely embedded in native type I collagen (173, 174, 212). However, native hydrogels 

derived from cytoskeletal and extracellular proteins are usually not homogeneous, isotropic and linear elastic, but consist of a 

biological network of filamentous proteins arranged in an open cross-linked mesh which exhibits intrinsic non-linear behaviors (69, 

213). In fact, those materials on a small spatial scale of single fibers usually behave non-affine, i.e. do not follow the movement of 

the bulk due to fiber buckling, straightening or stretching (214, 215). A recent approach simplifies this problem by using sufficiently 

large volume elements in the material, for which the average force contribution of all fibers result in a quasi-affine behavior (213). 

The resulting constitutive equations can then be solved in an inverse regularized approach using finite-elements (70, 131). Legant 

and his colleagues developed a novel hybrid method to calculate cellular traction forces in 2.5D and 3D using synthetic, MMP-

cleavable biomimetic polyethylene glycol (PEG) hydrogels, which are linear elastic in the range of cellular deformations, and FEA 

(64, 73). In their method, the cell is entirely embedded within the gel and thus no universal Green’s function in Equation 2.14 can 

be derived. In order to overcome this, they used FEA not to solve the BVP directly, but to derive a numerical Green’s function by 

measuring the displacement responses for unit loads in each Cartesian direction, for every facet of the triangulated surface. With 

the derived Green’s function, Equation 2.14 can then be inverted using the classical approach using a least square estimate with 

zero-order Tikhonov regularization as was described earlier for BVP or TRPF. While this method presents a high degree of flexibility 

compared to other FEA approaches (5), this method remains cumbersome as it requires a new, computationally expensive Green’s 

function for each geometry of the cell-ECM boundary and is limited to linear elasticity theory. 

2.4.4 Model-based TFM 

Finally, all above mentioned TFM methods except the TRPF only rely on the information of the measured displacement field to 

calculate the corresponding tractions, without taking into account how the forces are distributed inside the cell and transferred to 

the substrate. Therefore, an interesting method was developed that combines deformation measurements and model assumptions 

into an approach called model-based TFM (193). By imaging additional mechanical force-generating features such as focal adhe-

sions and the acting cytoskeleton, an individual 2D biophysical model of the cell can be built with a reduced number of free param-
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eters to be optimized. Therefore, it allows one to reveal correlations between measured displacements and the shape and distribu-

tion of the intracellular tension, and the reduced model parametric space allows for TFM calculations without implicit regulariza-

tion. However, this method is only applicable for 2-dimenional TFM problems and the need to image the molecular structures of 

the cell requires extremely good image resolution and quality, and a high computational demand.  

2.5 Simulation & Validation 

In the world of science and engineering, any quantity measured from a sensor or any related readout is worthless without an ap-

propriate reference value. In most cases, sensors are calibrated with the same physical quantity as one wants to measure in the 

first place. Similar to calibrating a ruler with a known distance and a spring scale with known weights, we need two reference val-

ues for displacement and force to properly calibrate the TFM approach. As was mentioned in the introduction, TFM consists of 

three consecutive steps, the imaging, displacement calculation and force reconstruction, which each step having an influence on 

the overall performance of the method, resulting in an error propagation which could lead to serious divergent results (Figure 2.1) 

(77).  

Since the beginning of TFM, efforts have been made to properly calibrate the setups, estimate the influence of algorithm specific 

parameters and measurement noise, and compare results across different platforms. For example, in the very first footsteps of 

TFM, calibrated micro needles were used to measure the force for a given bead displacement, and used the slope of the displace-

ment versus force plot to calculate the compliance of the substrate (47, 216, 217). The deflections of the needles themselves were 

calibrated using different weights given by pieces of copper wire of given lengths. This enabled the first quantitative measurement 

of traction forces, but were highly inaccurate as the cells did not indent the substrate as was needed with the micro needle, but 

applied forces through focal attachment points that were not mere point forces, but rather extended over a certain area. 

Calibrating any system against all possible sources of noise is cumbersome and most likely not possible. Instead, critical parameters 

that may have a large influence on the measurement outcome can be investigated separately, or through the process of the meas-

urements (53, 77). However, given the vast amount of work that was put into the development and optimization of specific TFM 

methods, little or no effort was put in a proper benchmark framework that validates TFM through all consecutive steps, as a repre-

sentative simulation and calibration environment has yet to be fully established. This for example restricts the comparison of re-

ported absolute traction values across literature, even for the same cell type (7).  

Among all possible error sources in the TFM process from the experimental setup to the final force readout, the probable biological 

influence of the experimental setup is neglected here, i.e., the influence on the cellular contractile behavior caused by topography, 

type and confirmation of the ligands, culture medium used etc. On the level of the cell, the magnitude of cell traction is extremely 

hard to predict or control, and therefore a large variability in the traction forces is usually observed. A recent review discusses the 

experimental and biological parameters that causes this variability in a very systematic way (218). 

 

Figure 2.2 | Schematic diagram showing the different path one can take to evaluate TFM. In any case, the input is a simulated traction force pattern, 
which induces deformation to the surrounding tissue material. In order to evaluate the traction reconstruction (ΔTdirect) the simulated displacement 
can be directly fed into the reconstruction step, excluding the bead tracking (blue path). If one is interested in the benchmark of the bead tracking 
(displacement measurement), the evaluation can be performed on the tracking output (red path, Δu). Since the outcome of TFM is a combination of 
bead tracking and force reconstruction, both steps should be analyzed sequentially in order to calibrate the whole setup (magenta path, ΔTtrack). 
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In both quantitative steps of TFM, the displacement calculation and traction reconstruction, there are several ways to calibrate the 

method (Figure 2.2). The traction reconstruction can be evaluated directly on a simulated and known displacement input (blue 

path). The bead tracking can either be evaluated separately using simulated bead images (red path) or sequentially by including the 

traction reconstruction (magenta path). The choice of the calibration and evaluation method is defined by the focus of the study, 

i.e., if the goal is to improve the traction reconstruction, it makes more sense to directly evaluate the algorithms on a known dis-

placement input. However if the effect and influence of the bead tracking on the force reconstruction is focus of the study, both 

steps should be analyzed sequentially. In the following section we discuss the different paths that were chosen in literature. 

2.5.1 Force Calibration 

As was mentioned before, the force reconstruction is a critical, noise susceptible step in TFM due to the ill-posed structure of the 

inverse constitutive mapping between force and displacement. Therefore, validation of this step is the most common benchmark 

done in TFM, especially when improved algorithms are developed. The usual approach is: define an input force pattern, calculate 

the displacement using the constitutive laws of the material, and then re-calculate the traction forces with this simulated displace-

ment. Using this approach, the accuracy of a traction reconstruction algorithms can be quantified (73) or different algorithms and 

regularization methods can be compared (53, 76). If this approach is repeated several times with simulated displacement sets of a 

given force pattern overlaid with experimental noise, one can calculate confidence intervals for given data sets and experimental 

standard deviation, caused by noise. This methods is called bootstrap and is commonly used to calculate statistical accuracy by data 

resampling (48, 219–221). The standard deviation of the experimental noise is usually measured by taking two images before and 

after cell detachment in a region of the substrate without cells, and subsequently measuring the displacement map of these images 

(53). If more information is needed, several different noise values can be integrated, and their influence on the traction force accu-

racy can be estimated (65). As a major result using rigorous Monte Carlo simulations of the displacement field, it was shown that 

the traction stresses calculated with FTTC at focal adhesions are systematically underestimated (53), depending on the sampling 

density of the displacement field. The reason for this lies in the nature of the analysis: with a lower sampling frequency, the band-

width in the Fourier domain is much smaller and representing a low-pass filter: higher frequencies are not recovered and thus local 

peaks in the traction map cannot be reproduced. The same behavior appears with other approaches too, as too much regulariza-

tion of the solution penalizes the traction peak in the optimization problem (right term in Equation 2.16). On the other hand, a too 

dense displacement grid on not enough regularization includes high frequency terms in the calculation which are highly affected by 

noisy data.  

Without actually developing a model of the forward solution, a ground-truth can also be derived during an experiment. By calculat-

ing the traction force map caused in a cell-free area of the substrate, using only the noisy displacements, the traction background 

can be calculated which defines a detection limit of low traction forces (54). It has been shown that the traction background is 

highly influenced by the displacement magnitude and sampling density (53), as well as the regularization method and parameters 

of the algorithms (54).  

Although these methods provide an insight into the statistics of the respective methods, they usually suffer from the limitation that 

the input displacement is simulated (forward solution, Equation 2.14) using the same material assumption as for the inverse TFM 

calculation. Therefore, errors that are caused by wrong or simplified material models are neglected, and the respective errors are 

usually smaller than they should be. On the other hand, due to the long-range behavior of the forward solution, which corresponds 

to a low-pass filter operation, the sampling density of the displacement field and the local averaging caused by the correlation 

tracking, the traction reconstruction errors never vanish, even for noise-free displacements (53, 77). Moreover, these approaches 

assume that apart from experimental noise, the displacement caused by the cellular tractions are perfectly reproducible at the 

bead locations, neglecting the fact that the tracking algorithms can fail too (64, 79).   

A different experimental approach to traction force reconstruction validation was chosen by Stricker et al. Instead of generating a 

ground-truth in traction stress or displacement, against which the outcome of the TFM algorithms can be compared, they utilized 

micro contact printing to create a substrate with 1 µm diameter circles of ECM ligand to study the resolution of the traction stress 

reconstruction at constrained, point-like focal adhesions as a function of input parameters (76). Furthermore, they compared the 

outcome of FTTC with the force estimated using TRPF, i.e. under the assumption that forces are localized at focal adhesions, and 

found that the force estimated by FTTC (integrated over the FA footprint) accounted for only 3% of those measured by TRPF. How-

ever, without a ground-truth for the displacement, it is impossible to isolate the primary source of this deviation. 
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2.5.2 Including the Displacement Calibration 

Since the traction reconstruction step depends on all previous steps in the TFM analysis, its accuracy can only be as good as the 

calculated displacement. It is accordingly surprising that quite commonly little attention is paid to properly benchmark the dis-

placement field calculation itself. By all means, studies that developed or improved tracking algorithms such as PIV, DIC & particle 

tracking quantified the accuracy of their algorithms, often given their own problem formulations. Hence, PIV methods that were 

originally designed for the analysis of fluid flows are optimized for just that: Analyzing particle flows in the Lagrangian frame of 

motion that are either laminar (spatially rather uniform), or turbulent, which includes vortexes, sinks and other related flow func-

tions (147). Contrary, many single particle tracking algorithms were developed to track all sorts of quantities such as uncorrelated 

motions like molecule transport or Brownian motion (157). Other studies quantified highly correlated movements, such as stretch-

ing tissues or synthetic materials for strain analysis (222, 223).  In TFM, the “flow” caused by the cell is quite different, localized 

where traction is applied with a long-ranged decay. It is both spatially correlated in small scale (single focal adhesion) and uncorre-

lated on the scale of a single cell. It is therefore indispensable to quantify the precision and accuracy of a tracking algorithm for a 

TFM-like problem formulation.  

The main task for proper displacement calibration in TFM is to find a suitable ground-truth, which can represent the data as if ob-

tained during an experiment (168). Therefore, a set of images needs to be calculated, simulating a marker distribution before and 

after cell-induced displacement, mimicking the experimental setup as close as possible. Recalling the experimental options pre-

sented in chapter 2.2, this is not an easy task. The easiest approach is to start with a gray-scale pixel image, define a number of 

beads, distribute them randomly within the image (224), and then recreate the appearance of the beads using a Gaussian intensity 

distribution which resembles the effect of the point-spread function of a given microscope setup (54, 125, 128). On top of that, 

additional experimental noise caused by the setup is included, such as photon noise, dark noise and read-out noise (225). The same 

procedure is repeated for the deformed image, but here the marker locations x0 are translated by a simulated displacement func-

tion u to a new location x1: 

𝑥1 = 𝑥0 + 𝑢 

Equation 2.22 

This procedure can also be repeated for 3D bead distributions, where the volume is generated as a stack of 2D pixel-images, and 

beads are represented by a voxel distribution, often similarly simulated as a 3D Gaussian distribution (167).  

If the goal is to not only benchmark the bead tracking, but also quantify the influence of different experimental setups, a more 

sophisticated approach for the image generation should be taken. As the light from a microscope passes through several layers of 

different material, usually immersion medium, cover-slip glass and the substrate medium, there is always a deviation of an ideal 

point-source (or sphere) in the final image. Distortions that appear due to a refractive index mismatch of the immersion liquid and 

the substrate material, as well as the thickness of the substrates lead to spherical aberration that make small objects appear larger 

and highly elongated in axial direction (226–228). Any microscopic setup can be described by its impulse response, or point-spread 

function (PSF) and any resulting image 𝐼(𝑥, 𝑦, 𝑧) is defined as a convolution of the object 𝐼𝑜𝑏𝑗 (𝑥, 𝑦, 𝑧) with the microscope’s PSF as: 

𝐼(𝑥, 𝑦, 𝑧) = 𝐼𝑜𝑏𝑗(𝑥, 𝑦, 𝑧) ⨂ 𝑃𝑆𝐹(𝑥, 𝑦, 𝑧) 

Equation 2.23 

There are several advanced methods to simulate a proper PSF for a given setup (229–232), but for TFM it is best to choose a model 

which is simple enough to simulate many beads, and versatile so several important parameters can be evaluated. Using this ap-

proach, it was shown that a confocal microscope outperforms a wide-field setup for displacement and force calculation (78). Simi-

larly, high-density beads confined on the surface of the substrate yield a much higher accuracy for 2D TFM than distributed within 

the substrate (77). 

To generate the ground-truth, i.e. the known displacement field, several approaches can be taken. The applicability varies depend-

ing on whether the displacement or the traction field should be calibrated. As was mentioned in the force calibration section, it is 

simple but principally unwise to use the same algorithm for force calculation to derive the forward solution, as the same assump-

tions and simplification used for TFM are used in the inverse function, hence possible influence of those effects are excluded. Still, 

some studies solved the forward equation in Fourier space (128) or used an integral solution of the forward Equation 2.14 to calcu-

late a 3D displacement field, which can then be evaluated using a 2D TFM method, in order to estimate the error induced by ne-

glecting the vertical component (78, 233). 
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Another method is to use a finite-element model of the cellular traction to calculate the deformations (77). With this approach, the 

influence of possible shortcomings using the simplification during TFM calculations can be evaluated (192). If the mesh size is at 

least half of the simulated bead distribution, then the Nyquist frequency is met and the resulting displacement field can be consid-

ered continuous and ideal. A good choice is a mesh size equal to the radius of the beads, as two beads can never be closer together 

than twice their radius. Using FEM, additional effects such as finite thickness of the substrate, non-planar displacement and non-

linear material behavior can be investigated (79, 192, 234). 

The last method to evaluate the TFM approach is to use an experimental setup to deform the substrate, with a physical load whose 

force-displacement relationship can be derived in an analytical way. Similar to using the micro needles to calibrate the substrate 

stiffness (45, 216, 220), this approach can be used to quantify the TFM algorithms, circumventing the problem of generating a 

perfect ground-truth. For example, experimental verification was achieved using super para magnetic bead displacements by a 

magnetic needle, uniform compression (132) or a steel ball indented on the surface (62, 71). An optimal experimental 2D TFM 

evaluation setup would consist of an artificial focal-adhesion structure, i.e. spatially defined islands in the size of approx. 0.5 - 20 

µm adhering to the substrate without affecting the surface or the bead distribution, and a force sensor which can displace these 

islands and simultaneously record both the displacement and the applied force. This – to our knowledge – has not yet been 

achieved.  

2.6 Conclusion 

In this review, we have discussed the wide range of methods presented in the field to experimentally measure cell-generated trac-

tion forces on soft elastic substrates, with a special focus on computational data analysis, result accuracy and method calibration. 

Despite being roughly only 20 years old, TFM has evolved rapidly from a single qualitative method to various high-resolution quan-

titative readouts at the scale of single focal adhesion, a process which was also fueled by the massive technological innovations in 

computing and imaging. 

Due to its importance in basic cell-biological research, many groups have worked in parallel to develop solutions to measure cell-

generated traction forces, and it is not surprising that many different approaches have been proposed, each with its respective 

advantages and disadvantages. However, the basic principle of those methods remained more or less similar. Forces applied by 

cells to their immediate surrounding tissue cannot be measured directly, but have to be inferred from a physical quantity that can 

be visualized. In the case of TFM, this is achieved by measuring the relative deformations of the tissue that are caused by the ap-

plied forces, and using these deformations as an input of a mechanical model of the tissue to reconstruct the traction stresses. This 

review aims to provide a comprehensive overview of the main methods that can be found in the literature, both for substrate 

fabrication, imaging and also marker tracking and force reconstruction. Key strategies include the dimensionality, the substrate 

type and stiffness, displacement visualizing techniques and strategies to solve the mechanical boundary-value problem that relates 

applied traction to induced deformations. 

The choice of measurement methods strongly depends on the biological questions that need to be answered (5), and the experi-

mental procedure (substrate fabrication, coating etc.) directly dictates the data analysis that works best for this approach. The main 

reason behind this is the experimental noise, which is inevitable independent of the methods used. Thus each presented method 

above requires a specific noise treatment, which usually involves implicit (data filtering) or explicit regularization (e.g. Thikonov). 

Consequently, TFM methods have usually been developed as side-projects to analyze a specific biological aspect with methods and 

protocols already available in the lab, and hence no global standards or universal solutions to the TFM problem have been defined 

thus far.  

As any other sensor to measure a physical property of choice, a good TFM approach should always include some sort of calibration 

to show its usability. In this overview, we have also showed the various efforts undertaken in this regard to properly validate and 

calibrate both the bead tracking and force reconstruction. However, often the same assumptions and simplifications are used for 

the simulated calibration data as for the traction reconstruction, and thus have limited value for the field. Similarly, the imaging 

itself or the displacement measurements are not included in the calibration, leaving the interpretation only to the force reconstruc-

tion. As it was shown that the imaging and bead tracking is far from being ideal (77, 78), this can lead to wrong conclusions on the 

accuracy of the method. Despite all the effort, no universal calibration environment has been developed, as the variations in exper-

imental and analytical approaches are too large to pinpoint everything to one common approach. However, the advantages in high-

resolution TFM, especially for 2-dimensional problems, and the availability of software-packages for TFM for various platforms (54, 

88, 125) have brought the field together and gold-standards can soon be derived, which leads to a better comparability between 

studies. 



Background 

32 

We expect that in the future, the TFM methods described in this review will be increasingly combined with other methods such as 

molecular force sensors (235, 236) and mathematical cell models to extract meaningful information directly from the cell compo-

nent of interest and derive a biological interpretation, such as focal adhesions (220, 237) or the cytoskeleton (193). As the field 

progresses, the efforts of TFM will eventually shift from measuring cell traction forces to interpreting, understanding and finally 

controlling them. When this is achieved, traction forces as effectors can be embedded as key regulators in morpho- and pathogen-

esis and hence massive opportunities arise in the field of tissue engineering, diagnosis and treatment of pathologies. 
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3.1 Introduction 

In the last decades it has become more and more evident that the mechanical interaction of a cell with its immediate environment 

has a direct impact on the cell’s behavior. In this context, physical forces that are either applied to a cell (or a cell cluster) or forces 

generated by the cell have been shown to influence migration, growth, differentiation, adhesion and other cellular function and 

therefore have an effect on cellular homeostasis, morphogenesis, angiogenesis and metastasis (14, 23, 88, 238). 

In particular the cell-generated traction forces (CTFs) have been a focus of high interests as they have a direct influence on adhe-

sion and migration (32, 33, 239), both behaviors that are fundamental for physiological processes such as metastatic dissemination 

of primary tumors (240, 241). The result is complex crosstalk between the cellular mechanics and the biochemical signaling that 

lead to a process called mechanotransduction, which describes the ability of a cell to transduce and convert external mechanical 

stimuli to biochemical and biological responses (20, 21, 25). Therefore, in order to understand this interaction, it is indispensable to 

have methods at hand that can measure these forces accurately (6, 37). 

Harris and his team were among the first to qualitatively measure cell-generated traction forces (CTFs) and pioneered the field 

using thin flexible silicone sheets that wrinkle as the cell contracts (1). Since there is a large degree of nonlinearity involved in sub-

strate wrinkling, many methods today employ two-dimensional Traction Force Microscopy (TFM) with the use a flat continuous 

elastic substrate (48), micro-patterned surfaces (45, 242) or an array of discrete isolated force sensors such as micro-pillars (55, 57, 

58). For the latter two, the cell can only attach to discrete locations and thus facilitate the measurements by using a well-defined 

resolution. However, this also imposes some difficulties: The geometry of the cell is spatially constrained by the resolution of the 

array at the discrete locations and might not represent native cellular physiology. In this context and with the increasing evidence 

in the field that cells behave fundamentally different in three-dimensional cell culture (66–68), several methods extend the plane-

stress assumption, and the hypothesis that the cell can only exert traction forces in two dimensions, by the third dimension thus 

integrate measurements in vertical direction to obtain a full three-dimensional traction field (63, 65, 168). These methods are 

commonly called 2.5D TFM methods as the cells are still considered to be in a 2D cell culture system, but the applied forces and 

induced deformations are assumed 3D. In 3D-TFM, the cells are fully encapsulated within a synthetic or extracellular matrix (ECM) 

derived hydrogel and the displacement and forces are defined in three-dimensions (70, 73). Although these methods represent a 

much more physiological environment to the cells, they are still in the early stages of adoption as the experimental, mechanical and 

computation demand is significantly higher. Because of the lower computational demand that allows for high-throughput meas-

urements and the availability of ready-to-use software packages (5), 2D TFM is still the most widely used approach and several 

variants have been developed. 

Apart from a few specialized methods, most approaches developed in the last two decades rely on an indirect method where forces 

are calculated based on a physical effect induced by the cellular forces and which can be observed. Therefore, most researchers 

included fiduciary markers such as fluorescent beads in the cell culture substrate which deform as a result of the applied forces. 

Among these methods, it has become the standard approach to split the analysis into a three-step process (Figure 3.1): I. The cell 

experiment and imaging, II. The displacement analysis and III. Traction force reconstruction. 
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Figure 3.1 | Traction Force Microscopy (TFM) can be considered as a three-step process. In the first step, cell-traction induced deformations are 
visualized and imaged using fluorescent beads on the underlying substrate (I). Next, the deformation is calculated using tracking algorithms result-
ing the displacement field (II). In the third and last step, the deformation field is translated into the reconstructed traction stress field (III).  

First, an image of the beads is made while the cell is attached using a fluorescent microscope, resulting in a deformed-state image. 

Then, the cell is either removed using a protease such as trypsin (179), detergents (135) or an organic compound targeting the 

force-generating actin machinery (190). Next, another image of the beads is made after the substrate is relaxed to its initial state 

before cell attachment. This image is often called the reference or null-force image. In certain cases, e.g. when the dynamics during 

migration is needed, several deformed images are obtained before cell removal.  

After image acquisition, the deformation of the substrate before and after cell removal is calculated using the bead images and 

computer vision algorithms such as particle image velocimetry (PIV) (147), optical flow (243) or feature vector based methods (64, 

160). In a third step, the stress or force field is reconstructed using the displacement field. In the latter case, a precise mechanical 

characterization of the substrate has to be performed beforehand in order to obtain a correct mapping from the displacement to 

the force field.  

Despite all the efforts that went into TFM method development, only little attention has been paid to properly calibrate and 

benchmark the approaches, as a representative calibration dataset has not been fully developed. Therefore, most studies focused 

only on one step. However, as during the 3-step process the result of one step is fed as an input into the next step, improper meas-

urement values and noise successively result in an error propagation that can potentially have a disastrous influence and invalidate 

obtained results. In this context, it has been shown that obtained TFM results often underestimate real traction stresses (244) and 

can vary based on the used force reconstruction algorithms (76). Especially during the third force reconstruction step, the inversion 

of the elastic equation that maps the displacements to forces causes noise amplification due to its ill-posed nature. Therefore, most 

studies tried to remedy this by using excessive data filtering (75, 76, 198) and regularization (49, 52, 54). Moreover, they usually 

quantified this influence by using a simulated displacement field, overlaid with experimentally derived noise values (103). However, 

the actual accuracy and influence of the experimental setup, the imaging and the displacement field calculation are often neglect-

ed.  

Here, we describe the development of a novel TFM simulation and validation platform, which includes the whole TFM process from 

imaging to force reconstruction. By using a numerical model of applied cellular traction, the resulting deformation and a wide range 

of parameters describing the experimental and imaging setup, synthetic microscopy images with known ground-truth can be gen-

erated that then serve as an input for a comprehensive parameter study on displacement and traction field algorithms.  

The advantage over existing methods is that it allows us to quantify the accuracy of each step separately without error propagation, 

but also any combination of sub-steps to measure the output of any given experimental and numerical TFM setup. Moreover, the 

substrates with the fluorescent markers are simulated as 3D volumes, representing an image stack as would be obtained by using a 

conventional fluorescent (confocal) microscope. Therefore, the framework can be used for both 2D and 2.5D traction simulations, 
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and with small modification as well for 3D TFM. The results of these simulations are then used to improve the TFM tool and to give 

a quantitative prediction of the real cell traction forces. 

In this chapter, we discuss the aforementioned simulation and evaluation platform in detail, both for 2D and 3D TFM. In the first 

part we focused on simulating displacements from a given traction force on a single focal adhesion using finite element methods, 

before we discuss the physical models used to generate artificial confocal images. The next part introduces the evaluation metrics 

used to quantify the errors and the modifications for 3-dimensional TFM.  

As a proof-of-principle and to show the capabilities of this framework, we introduce a classical TFM approach using 2D particle 

image velocimetry (PIV) (224) combined with Fourier transform traction cytometry (FTTC) to reconstruct the traction stresses (51), 

and analyzed the accuracy of the outcome for a range of selected input parameters. Using a combination of ideal and measured 

displacement input parameters to the force reconstruction step, we show that an accurate displacement field, combined with high 

spatial resolution is indispensable to achieve a reliable traction output. Furthermore, we demonstrate that if the PIV parameters 

are not optimally selected, the traction forces are highly underestimated or even completely undetectable. Similarly, this approach 

is shown for 3D TFM, where both the simulation and evaluation is much more computationally demanding. Here, we show that the 

selected algorithm for force reconstruction can have a high impact on the accuracy of the outcome. This serves as a guideline to 

interpret experimental measurements and provides a test-bed to optimize existing or develop new and improved methods. 

3.2 Methods 

3.2.1 Overview 

The goal of the TFM simulation is to simulate traction which is applied to the surface or within a substrate with various mechanical 

properties. Since we are interested in ´how good´ we can recalculate the traction stresses that a cell transfers to the surface, we 

hereby neglect any force dissipation that occurs within the force-generating actomyosin machinery, or at the protein complexes 

that bind the cytoskeleton to the intramembrane proteins called integrins and together maintain a focal complex or adhesion (218). 

Furthermore, we also neglect the energy dissipation that may occur in the fine layer of ligands that are usually coated to the sur-

face, and are needed for the integrins to adhere to the substrate. Therefore, the forces are assumed to be transferred directly to 

the interface that represents the substrate material.  

 

Figure 3.2 | Simulating the TFM process: Instead of taking microscopy images of the beads, we simulate the traction-induced displacements using 
finite element analysis (FEA) and import the nodal displacement to Matlab where we engineer the synthetic bead images. The remaining steps (in 
blue) are processed as during conventional TFM post-processing. The error can be calculated on the traction level, comparing the traction stress 
output with the FEA input, or at the displacement level by comparing the tracking results to the nodal displacement result of the FEA simulation. 

The purpose of this framework is therefore to implement an equivalent of an inverse TFM process, starting with a known force, 

applied at a point source or distributed on a circular or elliptical area representing a focal adhesion (43), then calculate the dis-

placements induced by the applied force and simulate microscope images as if obtained during an experiment. The remaining steps 

are then identical with TFM using experimental data (Figure 3.2). In the following we describe the three modules separately:  
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I. Inverse TFM simulation using finite element analysis (FEA) 

II. Image generation using MATLAB and  

III. Result analysis and evaluation.  

These modules describe the process for 2D and 2.5D TFM, the last part will then concentrate on 3D TFM simulation. 

3.2.2 Finite Element Simulation of Displacements 

Most of the studies that simulate traction stress induced displacement for validation purposes employ the forward Boussinesq 

Green’s function for an infinite half space (Equation 2.14), i.e. they use the same function whose inverse is needed to recalculate 

the forces given the displacements. While this usually give a quasi-correct displacement field, it is essentially based on the same 

assumptions and simplifications that are made during force reconstruction. These can include material homogeneity, linearity and 

dimensionality in terms of forces and displacements. Furthermore, since the Green’s function is a Fredholm integral equation of the 

first kind, certain simplifications regarding stress footprint have to be taken in order to derive a closed form solution (53, 200, 233).  

In order to overcome these limitations, we derived the solution of this problem numerically, i.e. using a commercially available 

finite element solver (ANSYS Inc., Canonsburg, PA). This yields a physically relevant model without any loss through mathematical 

transformation, and allows us to investigate the respective TFM algorithm in an independent manner. This inherently requires that 

the FEA solution is as correct as possible and there is no resolution loss due to insufficient volume discretization.  

We therefore modeled the substrate as a linear elastic cuboid with dimensions (300 x 300 x 100) µm (x, y, z), which is wide enough 

to eliminate boundary value problems in the lateral dimension, and sufficiently high so the volume can be considered as an elastic 

half-space. The bottom nodes were held as fixed boundary conditions with zero displacement, which represents a gel attached to a 

coverslip. The traction was defined as a constant stress defined on a certain circular or elliptical area representing the focal adhe-

sion. For simplicity and the evaluation of 2D TFM, the stress is usually defined as pure shear perpendicular to the substrate surface. 

However since the Poisson ratio is <0.5, there is always a small amount of vertical displacement, resulting in a 3D displacement 

field. The volumes were meshed in order to find a tradeoff between model (and computation) time and solution accuracy. We 

therefore assigned 50 nm 10-point quadratic tetrahedron elements (SOLID187) to the volume surrounding the FA area, in order to 

account for local curvature and avoid hourglassing inside the body as a result of shear. The mesh of the volumes surrounding the 

focal adhesions was then successively enlarged to a size of 1 µm at the far edges of the volume. The whole volume was divided into 

smaller parts. The nodal displacements within a small 60x60x10 μm3 subvolume were then exported into MATLAB for further simu-

lation. The lateral dimensions roughly correspond to a field-of-view of a microscope with a high magnification objective (60x).   

3.2.3 Synthetic Image Engineering 

With the FEA-derived as an input, synthetic florescent microscope images were generated in MATLAB using a novel developed 

pipeline (Figure 3.3). This pipeline has a number of input parameters that can be defined to represent certain experimental and 

imaging setup. An overview is given in Table 3.1: 

Parameter Unit Possible values 

Bead radius µm 0.01 – ∞ 
Bead density µm-α 0 – 20 (surface distribution: α=2; volumetric distribu-

tion: α=3) 
Bead distribution n/a [Randomly volumetric, within a single plane] 
Bead location µm 0 (surface) – 5 
   
Microscope Type (Spinning-disk) confocal, widefield 
Pixel size µm 0.05 – 2 
Depth of focus µm 0.05 – 2  
Bead color wavelength nm 390 – 700  
Substrate thickness µm 0 - 100 
Refractive index immersion medium n/a 1 – 1.52  
Refractive index sample n/a 1 – 1.52 
Numerical aperture (NA) n/a 0.1 – 1.4  
Signal to noise ratio (SNR) n/a 0 - ∞    

Table 3.1 Key parameters used for the simulation of the synthetic TFM images 
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Figure 3.3 | Illustration of the framework to simulate artificial fluorescent bead images used for TFM calibration. The pipeline follows the struc-
ture presented in Figure 3.2. The deformation caused by a single traction force T acting through a focal adhesion (FA) with a diameter d on a sub-
strate E is simulated with finite element analysis (FEA). The displacements are then used to deform 3D beads within a substrate model, and from 
this model 2D TFM images reflecting the microscope setup are engineered. These images are then used to do bead tracking and force reconstruc-
tion, and the output is compared to the input. 

 

Model Setup 

In the first step, the dimensions are queried from the FEA output and a three-dimensional voxel volume is initialized using the 

pixel/voxel size. Then, bead locations are generated randomly within this volume according to the bead density and location. This 

module includes a contact check, i.e. as bead locations are being sampled from the distribution, every new candidate bead position 

is compared to all already fixed bead positions, and if the candidate position is closer than twice the bead radius, it gets rejected 

and a new one is sampled. After all positions have been defined, the list of bead positions is used to generate an identical list with 

deformed bead positions. The imported FEA-derived displacements at the node positions are interpolated using the scatteredInter-

polant class and evaluated at the generated bead position to obtain the bead displacements. Then the deformed bead positions are 

calculated by translating their original location using their displacements.  

Point-Spread Function 

In the next step, for each list of bead positions, a volumetric grayscale image is created represented by a stack of single focal 

planes. The goal of this module is to reproduce the imaging setup as close as possible without losing generality. In conventional 

fluorescent microscopy, there is always a spatial resolution limit inherent to the optical setup and light diffraction (245, 246). This 

results in blurring and out-of-focus light from adjacent imaging planes below and above the one examined. These aberrations cause 

imaged point sources to be distorted by the microscopes impulse response, also called point spread function (PSF), and appear 

elongated in the axial direction, which resembles an hourglass structure. The PSF is affected through optical mismatch as the light 

travels through layers of material with different refractive indices, i.e. immersion medium (such as oil, water or air), coverslip glass 

and the substrate and is non-stationary along the optical axis and non-symmetric in respect to the focal plane (Figure 3.4).   
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Figure 3.4 | The point-spread function (PSF) of a microscope setup describes the distortion of an ideal light point through diffraction. The axial 
elongation of the PSF is a function of microscope type, immersion medium and particle depth. Upper row: example PSD for a confocal setup using 
an oil immersion lens with a high numerical aperture (NA, left) or an air objective (right), for two different depths within the substrates (z=0, 30µm). 
Bottom row: same setup but using a wide-field microscope. As can be seen, the light signal deteriorates with increasing depth and mismatching 
refraction index of immersion and substrate media. The substrate medium here is modeled as PDMS with a refractive index of ns=1.4.   

In order to account for this distortion, we used the depth-variant scalar model of Gibson and Lanni (230) which describes the PSF of 

a wide-field microscope by the Kirchhoff diffraction integral: 

𝑃𝑆𝐹(𝑟, 𝑧|𝑧𝑃) =  |𝐴 ∫ 𝑒𝑖𝑊(𝜌,𝑧|𝑧𝑃)𝐽0(𝑘𝑟𝑁𝐴𝜌)𝜌𝑑𝜌

1

0

|

2

 

Equation 3.1 

Where k is the wave number of the light, NA the numerical aperture of the objective, Jo is the zero-order Bessel function, 𝑟 =

√(𝑥 − 𝑥𝑃)2 + (𝑦 − 𝑦𝑃)2 is the lateral distance to the particle, 𝜎 the normalized aperture at the objective back focal plane and 𝐴 is 

a constant amplitude.  

Further is 𝑊(𝜌, 𝑧) = 𝑘 ∙ 𝑂𝑃𝐷 where the optical path difference (OPD) accounts for the refractive index mismatch of a light ray 

emitted by a point source located at depth 𝑧𝑝 passing through the specimen medium, the coverslip and the immersion medium 

before reaching the objective. A simplified version of the OPD can be written as: 

𝑂𝑃𝐷 =  𝑧𝑃√𝑛𝑠
2 − 𝑁𝐴2𝜌2 − 𝑡𝑐

∗√𝑛𝑐∗
2 − 𝑁𝐴2𝜌2 + (𝑧𝑃 − 𝑧𝑛 + 𝑛𝑐 (−

𝑧𝑝

𝑛𝑠
+

𝑡𝑐
∗

𝑛𝑐
∗)) √𝑛𝑐

2 − 𝑁𝐴2𝜌2  

Equation 3.2 

Where 𝑧𝑛 denotes the position of the focal plane, and 𝑛𝑐 and 𝑛𝑠 the refractive indices of the combined layers (cover-slip and im-

mersion medium combined) and the specimen. The variable 𝑡 denotes the thickness of the combined layer (working distance of the 

microscope). The parameters 𝑛𝑐
∗ and 𝑡𝑐

∗ are the design values for the refractive index and the thickness of the combined layers.  

More information can be found in (225, 247).  
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When using a laser-scanning confocal microscope (LSCM), the final point-spread function is a product of the PSF of the illumination 

and the detection process that only differ in the wavelength of the signal. If the difference of the wavelengths is small, the PSF of a 

LSCM can be approximated by the square of the wide-field case (226), thus: 

𝑃𝑆𝐹𝑙𝑠𝑐𝑚 = |𝑃𝑆𝐹𝑑𝑒𝑡|2  ∙ |𝑃𝑆𝐹𝑖𝑙𝑙|2  ∼ |𝑃𝑆𝐹𝑤𝑓|4  

Equation 3.3 

In a spinning-disk confocal microscope, the light passes through a regular hexagonal aperture pattern rather than a single aperture. 

Therefore, the PSF of the spinning-disk can be approximated as the product between the detection PSF and the convolution be-

tween the illumination PSF and the pinhole aperture A: 

𝑃𝑆𝐹𝑆𝐷 = 𝑃𝑆𝐹𝑑𝑒𝑡 ∙ (𝑃𝑆𝐹𝑖𝑙𝑙 ⨂ 𝐴) 

Equation 3.4 

Where we also assumed the illumination and emission wavelength are similar and therefore 𝑃𝑆𝐹𝑖𝑙𝑙 ≈ 𝑃𝑆𝐹𝑑𝑒𝑡. The pinhole aperture 

pattern 𝐴 is given by (248): 

𝐴(𝑟) =  ∑ 𝛿2(𝑟 − 𝑑𝑉𝑛)

𝑛

 

Equation 3.5 

Where 𝛿2 is a 2D Dirac delta function, 𝑑 the distance between the aperture holes and  

𝑉 =  (
1/2 1/2

√3/2 −√3/2
) 

Equation 3.6 

Gives the periodicity in a spinning-disk with a regular hexagonal pattern. If the distance between the apertures on the pattern is 

infinite, i.e. there is only one aperture and hence 𝑛 = (0,0), the PSF in Equation 3.4 is equal to Equation 3.3, which is the PSF of a 

LSCM setup.  

For both the SD and LSCM case, taking the square of the WF PSF results in a smaller full-width of half maxima (FWHM) in both 

lateral and axial direction, which describes the higher resolution of the confocal microscope as opposed to the wide-field case. 

Another distortion that is caused by the optical path of the light and the refractive index changes is the depth of focus. Therefore, 

measured z-positions within a volume are usually axially shifted and need to be corrected. This shift can be estimated and the 

actual z-position is approximately related to the measured position 𝑧∗ by 𝑧 ≈ 𝑧∗(
𝑛𝑖

𝑛𝑠
) (88). An exact position is difficult, and depends 

on all parameters involved (249). In our simulations however, this shift (which can be significant in a certain depth of the material) 

is unwanted as it causes addition complexity with the voxel (sub) volumes. We therefore shifted the PSF back to the center by 

searching for the PSF maximum voxel along the optical axis.  

The impulse response 𝐼(𝑥, 𝑦, 𝑧) of an object within the volume is then defined as a convolution of the object  𝐼𝑜𝑏𝑗 (𝑥, 𝑦, 𝑧) with the 

microscope’s PSF as: 

𝐼(𝑥, 𝑦, 𝑧) = 𝐼𝑜𝑏𝑗(𝑥, 𝑦, 𝑧) ⨂ 𝑃𝑆𝐹(𝑥, 𝑦, 𝑧) 

Equation 3.7 

In order to optimize computational resources, the PSF and the convolution with the sphere was pre calculated. To account for 

subpixel location of the beads, the sub volume containing the PSF distorted bead (location is at the center) was shifted by the frac-

tional amount using a convolution with the weighted pixel values. The resulting bead volume was then rasterized into the overall 

voxel grid.  

In fluorescent microscopy, there are many possible sources of noise during imaging. The most common sources are photon noise 

(shot noise), dark noise and read-out noise. To test the influence of noise on our simulations, we used a noise model presented 
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earlier (225), where – under the assumption of high-performance CCD or CMOS cameras- only the shot noise is considered. The 

photon noise is modeled as a Poisson distribution with a mean proportional to the simulated photon count, as simulated using the 

PSF model. The photon count effectively measured during experiments depends on many parameters. We defined the photon 

count as a multiplier c to the PSF, i.e.  

�̅� = 𝑐 ∙ 𝑃𝑆𝐹 

Equation 3.8 

Where �̅� is the predicted number of photons according to the level and the observed number of photons 𝑞  follows the Poisson 

distribution: 

𝑃(𝑞) =  
�̅�𝑞

𝑞!
 𝑒−�̅� 

Equation 3.9 

It can be shown that the standard deviation of a Poisson distribution is equal to the square root of the average number of events �̅�, 

the Shot noise Poisson distribution is defined as: 

𝑆𝑁𝑅𝑃 =  
�̅�

√�̅�
 

Equation 3.10 

The noise can be added directly on the final voxel image 𝐼(𝑥, 𝑦, 𝑧) by sampling from the aforementioned Poisson distribution.  

For the 2D TFM simulations, only the topmost voxel layer (approx. representing the depth of focus) was kept and saved as the 

respective (deformed, relaxed) bead image. In the 2.5D case, the whole volume can be used for further calculations. 

3.2.4 Ideal Displacement Field 

Instead of creating artificial bead images with the simulated displacement field, one can alternatively also use this displacement 

directly as an input into the force reconstruction module. With this approach, we can assume full information of the underlying 

displacement field, and only investigate the output of the force calculation step. This allows for the investigation and quantification 

of the influence of displacement field sampling frequency on the resulting force field. In order to keep things simple, the displace-

ment grid and force grid are always equally chosen, as opposed to other studies in this field (76). Therefore, similar to the simulat-

ed bead displacement, the displacement field output of the FEA simulation was interpolated onto a grid of pre-defined locations 

directly. Local averaging of displacement within a surrounding area was included to mimic the behavior of particle image veloci-

metry (PIV) algorithms. 

3.2.5 TFM Validation and Error Quantification 

In order to evaluate the error in displacement and traction force reconstruction for different parameter setup, several dimension-
less scores are used that have become standard in the field (53, 128). 

3.2.6 Displacement Evaluation 

To calculate the error induced by the bead tracking, we compared the output of the displacement field algorithm directly with the 

output of the FEA analysis. In order to achieve this, the FEA node displacement was interpolated and evaluated at the same loca-

tion as the result – typically on a regular grid with defined spacing. The relative error of the displacement field was calculated as the 

derivation of displacement magnitude (DTM) function: 

𝐷𝐷𝑀 =
∑ 𝑀𝑖 ∙ ∆𝑢𝑖

𝑁
𝑖

∑ 𝑀𝑖
𝑁
𝑖

=

∑ ∑ (
‖𝑢𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑒𝑑‖𝑗 − ‖𝑢𝑟𝑒𝑎𝑙‖𝑗

‖𝑢𝑟𝑒𝑎𝑙‖𝑗
)

𝑀𝑖
𝑗

𝑁
𝑖

∑ 𝑀𝑖
𝑁
𝑖

 

Equation 3.11 
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Or within a single adhesion: 

∆𝑢𝑖 =  
1

𝑀𝑖
∑

‖𝑢𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑒𝑑‖𝑗 − ‖𝑢𝑟𝑒𝑎𝑙‖𝑗

‖𝑢𝑟𝑒𝑎𝑙‖𝑗

𝑀𝑖

𝑗

 

Equation 3.12 

Where 𝑁 is the number of focal adhesions and 𝑀 the number of calculated displacement points within a mask of equal dimensions 

of the focal adhesion. With this approach, we could evaluate each FA separately as well as the overall performance using the 

weighted arithmetic mean. If the DDM is negative, it indicates that the reconstructed displacements are too small and vice versa. 

The DDM is an important measure because it shows how well we can track the amplitude of the bead displacements, which ulti-

mately (after force reconstruction) is needed to estimate the transferred net energy. However it does not yield any information 

regarding orientation. Therefore, the relative deviation of displacement angle (DDA) difference between the measured and the 

reference displacement vector was calculated similarly using the dot product: 

  

𝐷𝐷𝐴 =
∑ 𝑀𝑖 ∙ ∆𝜃𝑢𝑖

𝑁
𝑖

∑ 𝑀𝑖
𝑁
𝑖

=

∑ ∑ cos−1 (
𝑢𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑒𝑑 ∙ 𝑢𝑟𝑒𝑎𝑙

‖𝑢𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑒𝑑 ∙ 𝑢𝑟𝑒𝑎𝑙‖)
𝑀𝑖
𝑗

𝑗

𝑁
𝑖

∑ 𝑀𝑖
𝑁
𝑖

 

Equation 3.13 

Traction Evaluation 

The calculation of the error between the calculated and the real traction follows the same approach as the DDM. However, since 

the traction input to the simulation is constant across the whole FA, we did not need to interpolate the real traction onto the grid 

but use the constant reference traction instead.  

𝐷𝑇𝑀 =
∑ 𝑀𝑖 ∙ ∆𝑇𝑖

𝑁
𝑖

∑ 𝑀𝑖
𝑁
𝑖

=

∑ ∑ (
‖𝑇𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑒𝑑‖𝑗 − ‖𝑇𝑟𝑒𝑎𝑙‖𝑗

‖𝑇𝑟𝑒𝑎𝑙‖𝑗
)

𝑀𝑖
𝑗

𝑁
𝑖

∑ 𝑀𝑖
𝑁
𝑖

 

Equation 3.14 

Where again 𝑁 is the number of FA and 𝑀𝑖 the number of grid points within the i-th FA. For a single FA the formula holds similarly: 

∆𝑇𝑖 =  
1

𝑀𝑖
∑

‖𝑇𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑒𝑑‖𝑗 − ‖𝑇𝑟𝑒𝑎𝑙‖𝑗

‖𝑇𝑟𝑒𝑎𝑙‖𝑗

𝑀𝑖

𝑗

 

Equation 3.15 

And again, a negative DDM indicates that the reconstructed traction forces are smaller than the real traction force, and a positive 

DDM means the reconstruction resulted in higher traction forces than the input.  

The difference in angle between the reconstructed and the reference traction was calculated the exact same way as the DDA: 

𝐷𝑇𝐴 =
∑ 𝑀𝑖 ∙ ∆𝜃𝑇𝑖

𝑁
𝑖

∑ 𝑀𝑖
𝑁
𝑖

=

∑ ∑ cos−1 (
𝑇𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑒𝑑 ∙ 𝑇𝑟𝑒𝑎𝑙

‖𝑇𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑒𝑑 ∙ 𝑇𝑟𝑒𝑎𝑙‖)
𝑀𝑖
𝑗

𝑗

𝑁
𝑖

∑ 𝑀𝑖
𝑁
𝑖

 

Equation 3.16 

Signal to Noise Ratio (SNR) 

As already mentioned before, small differences in the displacement data, e.g. caused by noisy measurements, can lead to high 

traction peaks that are difficult to detect and distinguish from small focal adhesions. In order to include this in our measurements, 

we defined the signal-to-noise ratio (SNR) as the relationship between the average of the signal (on the focal adhesion), to the 

standard deviation of the noise in the area where no traction was defined as an input (background traction). 
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𝑆𝑁𝑅 =  
𝑚𝑒𝑎𝑛(𝑇𝑟𝑒𝑐)

𝑠𝑡𝑑(𝑇𝑏𝑔)
 

Equation 3.17 

Here 𝑇𝑟𝑒𝑐 is the expected value of the signal, i.e. the traction over the focal adhesion region, and 𝑇𝑏𝑔 is the background noise, 

measured well outside the focal adhesion region (two times the FA diameter). This is because the traction footprints resulting from 

TFM are usually long-ranged and appear much wider than the actual footprint (76). 

Focal Adhesion Estimation 

In most TFM experiments one has usually no a-priori information about the precise locations of the focal adhesions, unless more 

information is recorded during imaging, for example using a fluorophore that labels focal adhesion proteins such as paxilin or vincu-

lin directly. If that’s not the case, the focal adhesion location and shape can be estimated numerically. It has to be noted however 

that this requires extremely high resolution, i.e. many beads and low noise. The procedure follows according to these steps: 

1. Calculate the average background traction 𝑇𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 in an area where there is clearly no cell nearby and therefore 

there is no traction induced deformation. The background traction is caused by noise in the experimental data, e.g. from 

elastic inhomogenities in the substrate, insufficient coupling between marker beads and substrate matrix, and deficien-

cies in the optical setup.  

2. Apply a 2D Gauss filter to remove noisy spikes in the traction data, resulting in the filtered traction field 𝑇𝑓𝑖𝑙𝑡  

3. Extract the location of the FA in the filtered traction data. Therefore, a binary mask of the traction data is created by us-

ing a specific threshold: 

𝑚𝑎𝑠𝑘 =
 𝑇𝑓𝑖𝑙𝑡 − 𝑇𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑

max(𝑇𝑓𝑖𝑙𝑡) − 𝑇𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑

> 𝜌  

Equation 3.18 

Where the threshold 𝜌 can be varied between 0.1 and 0.8, depending on the noise level. This represents 10 – 80% of the 

difference between the traction and the maximum traction in relation to the background traction. Once the binary mask 

is defined, the weighted centroid method yields the location and the size of the focal adhesion (regionprobs in MATLAB). 

4. Since step 3 only represents a first guess of the FA, we use these estimates as inputs for a more precise curve-fitting algo-

rithm. Three different functions that resemble the FA traction footprint (137) are proposed: 

 2D - Gaussian function (𝑥𝑜 , 𝑦𝑜: centroid location, 𝜑: polar angle, 𝜎𝑥, 𝜎𝑦: standard deviation): 

𝑥′ = 𝑥 cos(𝜑) + 𝑦 sin(𝜑) 

𝑦′ = −𝑥 sin(𝜑) + 𝑦 cos(𝜑) 

𝑓𝐺(𝑥′, 𝑦′) =  𝐴 ∙ 𝑒
−[

(𝑥′−𝑥0)

2𝜎𝑥
2 +

(𝑦′−𝑦0)

2𝜎𝑦
2 ]

 

Equation 3.19 

 Smooth Step function (𝑎, 𝑏: major/minor half-axis of ellipse, 𝑠:slope, 𝐴: amplitude, 𝜑: polar angle): 

𝑓𝑆(𝑥′, 𝑦′) = 𝐴 ∙ [1 + exp (𝑠 ∙ (√(
𝑥′

𝑎
)

2

+ (
𝑦′

𝑏
)

2

− 1))]

−1

 

Equation 3.20 

 2D – Gaussian function with weights w: 
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𝑓𝐺𝑊(𝑥′, 𝑦′) =  𝑓𝐺(𝑥′, 𝑦′) ∙ 𝑤(𝑥′, 𝑦′) 

Equation 3.21 

Both the Gaussian function and the Smooth Step are depicted (with random parameters) in Figure 3.5. 

 

Figure 3.5 | The two different functions used to fit the traction results and reconstruct the focal adhesions. The weighted Gaussi-

an function is not shown here, as it has the same shape as the standard Gaussian function 

For fitting the Gaussian and the Smooth Step function, we used the Curve Fitting Toolbox for Matlab. The lsqcuvefit function solves 

the non-linear curve-fitting (data-fitting) problem in a least-square sense. For the weighted Gaussian function we had to use the 

lsqnonlinear function and defined the target manually by multiplication of the weights with the reconstruction error: 

𝑓𝑟 = |𝑓𝐺 − 𝑇𝑥𝑦| ∙ 𝑤 

Equation 3.22 

Any weight function can be used. A simple choice is the maximum distance from the nearest FA peak estimate. By using the super-

position principle, we can model all FAs with the functions above and minimize them globally. The function parameters 𝑥, 𝑦, 𝑎, 𝑏, 𝐴 

as well as 𝜎𝑥 and 𝜎𝑦 define the position, size and amplitude estimate of the focal adhesions. However, one has to be careful with 

the FA extraction. First of all, the resolution has to be sufficient in order to resolve single FAs with the force reconstruction. Other-

wise, two or more FAs will be considered as one and thus the reconstruction will result in FAs that are too big, with faulty values. 

Secondly, if the FAs have amplitudes that differ too much from each other, the 3rd step above will only find the ones higher than 

the threshold. 

3.3 Modifications for 3D TFM 

The main difference between 2-dimensional (and 2.5D respectively) and 3-dimensional Traction Force Microscopy (3D-TFM) is the 

fact that the mechanical boundary conditions have to imposed quite differently. In 2D, the displacements are measured in the 

substrate volume (often assumed to be represented by an elastic infinite half-space) but the traction stresses are assumed to only 

occur at the surface of the mechanical body, therefore for most methods the shape of the cell does not need to be taken into ac-

count when calculating traction forces. Exceptions are made if the TFM method requires the cell footprint in order to solve the 

elastic equations (51, 187). In 3D, the cell is fully enclosed inside the volume, which invalidates the assumptions made in 2D. In the 

space which is occupied by the cell, there are no beads and hence the deformation field, and equivalently the stress field is not 

continuous. As a logical consequence, the exact shape of the cell has to be known in order to calculate the traction stresses on its 

surface, as a wrong surface guess can have a drastic influence on the outcome (175). Similarly, we needed certain adaptions to the 

simulation platform described above to make is viable for 3D-TFM simulations and evaluations. These are described in the following 

subsections.  
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3.3.1 Image Generation 

In its core, the generation of an artificial TFM image set for the simulation is not fundamentally different than for the 2D platform. 

The first step is to set up a static finite element analysis of a cell embedded in a 3D matrix using ANSYS Workbench. To facilitate this 

process, a substrate model template was first defined. Next, any geometry representing a cell shape can be included as a Standard 

ACIS Text (.sat) file. The substrate was modeled as a cube with side length of 300 µm in which a core region of 80 µm is defined, 

which corresponds approx. to the field-of-view of a common high-magnification microscope. The outer and the inner parts are 

discretized using approx. 130,000 hexahedral and 800,000 tetrahedral quadratic elements, respectively, with the cell-matrix 

boundary as the region of interest within the core. The boundary conditions were defined as zero-displacement at the bottom of 

the substrate, representing the substrate-coverslip interface and bonded at the cell-substrate contacts. For simulating a cell that is 

pulling on the substrate, tractions were applied as negative pressures on discrete areas of the cell surface, that is, in outward-

pointing normal direction. The reason for that is that in TFM experiments the cell geometry is usually extracted from images of the 

stressed state, however, when imported into the finite element analysis (FEA) environment, the same cell geometry represents a 

stress-free state. After solving the FEA constructed using the template project, displacements and stresses at nodes associated with 

the 80 µm substrate cube and embedded cell are automatically written to text files and then further processed in MATLAB. 

First, the cell geometry used for the simulation is imported and the displacement and stress data read from the respective result 

files. In the next step, similar to the 2D simulation, a random bead distribution is simulated for the first image which represents the 

stressed substrate at time point t0. Since there may not be beads within the volume that the cell occupies, the generated bead 

positions are checked – in addition to intersection which each other – whether they lie within the cell volume and discard those. To 

determine the bead positions for the second image which represents the stress-free state at time point t1, the displacements re-

sulting from the finite element analysis are linearly interpolated on the bead positions of the first image which are then shifted by 

the mapped displacements (Figure 3.6). The generated bead distributions are subsequently converted into 3D grayscale images (2D 

images arranged as a stack), where the beads are represented by an intensity distribution convolved with the PSF described above. 

In the final step, the images are saved as 3D image stacks together with the simulated cell shape, resulting in a much higher de-

mand on storage space.  

 

Figure 3.6 | Principle of generating a pair of 3D bead distributions based on a finite element analysis (FEA) simulation: (a) For simulating the 
distribution of marker beads in the first image (time point t0), bead positions are randomly generated around the triangulated cell model. (b) The 
displacement field resulting from the FEA simulation of the cell exerting tractions on its substrate is interpolated on the bead positions of the first 
image which are then shifted by the mapped displacements, determining the positions of beads in the second image (time point t1). 
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3.3.2 Numerical Model Setup 

In order to reveal the capabilities and some limitations of the platform, a small parametric study was conducted using two highly 

simplified models of a cell embedded within a 3D substrate. These models were created in Blender (Blender 2.76, GNU General 

Public License); in one case the cell was modeled as a simple sphere with a diameter of 20 µm and in the second case using a pro-

late spheroid with equal volume and an aspect ratio of 2:1. These geometries were then used to set up four template-based finite 

element models in Ansys workbench as described above (Table 3.2). Geometrical and mesh-related parameters derived from the 

template remained unchanged. In all cases, both the substrate and the cell were assumed to behave as homogeneous, isotropic 

and linear elastic materials. According to values reported in the literature, the substrate was modeled as close-to-incompressible 

with a Poisson’s ratio of 0.45 and a young’s modulus of 5 kPa, while the cell was modeled a slightly incompressible with a Poisson’s 

ratio of 0.4 and a Young’s modulus of 1 kPa (250, 251). A negative pressure of 1 kPa was symmetrically applied to the periphery of 

the cell, as shown in Table 3.2, which is value well within the range of reported data (175). Nodal displacements as well as normal 

and shear stresses within the core of the substrate were computed.  

Property Model A Model B Model C Model D 

Shape 

    
Volume 4121.94 µm3 4121.94 µm3 4121.94 µm3 4121.94 µm3 

Young’s mod-
ulus 

1 kPa 1 kPa 1 kPa 1 kPa 

Poisson’s 
ratio 

0.4 0.4 0.4 0.4 

Loading 1 kPa in ±z direction 1 kPa in ±x direction 1 kPa in ±z direction 1 kPa in ±x direction 

Table 3.2 | Key properties of the cell models for 3D TFM simulation 

Images were calculated using a bead concentration of 0.1 µm-3 and other parameters were set as can be seen in Table 3.3. The 

displacement of the beads was measured using a simple Digital Volume Correlation (DVC) algorithm as described in Supplementary 

Figure 7.2 (62). To calculate the surface traction of the cell, two different algorithms were tested. The first one is based on simple 

direct differentiation of the displacement field on a grid, and successively calculating the strain and stress field (63), the other is 

based on inverse finite element methods (252). Both algorithms are described more detailed in Supplementary Figure 7.3. Algo-

rithm specific parameters can be extracted from Table 3.3.  
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Parameter Unit values 

Image generation parameters 

Bead concentration  µm-3 0.1 

Bead radius µm 0.1 

Bead distribution n/a Randomly volumetric 

Voxel size  µm [0.2,0.2,0.2] 

Numerical aperture of microscope n/a 1.2 

Refractive index immersion medium n/a 1.33  

Refractive index substrate n/a 1.33 

Light wavelength Nm 610 

GDCV displacement measurement parameters 

Max. subvolume size  px [64,64,64] 

Min. subvolume size  px [32,32,32] 

Grid spacing px [24,24,24] 

Traction reconstruction parameters 

Young’s modulus substrate kPa 5 

Poisson’s ratio n/a 0.49 

FDM grid spacing µm 1 

FEM element size on cell surface µm 0.3 

FEM element size on substrate surface µm 10 

Table 3.3 | Specific parameters used for 3D TFM simulation and evaluation 

3.3.3 Evaluation 

An extended version of the DTM used in 2D TFM was used for 3D TFM which is the modified median absolute percentage error 

(MdAPE), defined as: 

𝑀𝑑𝐴𝑃𝐸 = median
𝑖=1,𝑁

(
||𝑉𝑠𝑖𝑚,𝑖 − 𝑉𝑐𝑎𝑙𝑐,𝑖||

max (||𝑉𝑠𝑖𝑚,𝑖||, ||𝑉𝑐𝑎𝑙𝑐,𝑖||)
∗ 100) 

Equation 3.23 

Here, 𝑁 is the number of data points, 𝑉𝑔𝑖𝑣𝑒𝑛 is a given simulated displacement or traction vector, and 𝑉𝑐𝑎𝑙𝑐 is the corresponding 

vector that has been reconstructed. The proposed MdAPE is based on deviation vectors 𝑉𝑠𝑖𝑚,𝑖 − 𝑉𝑐𝑎𝑙𝑐,𝑖 and, therefore, reflects 

errors in both magnitude and direction. The denominator of the absolute percentage error (APE) is the maximum of either the 

given or the calculated vector magnitude in order to limit over-penalization of deviations from near-zero vectors that frequently 

occur in TFM experiments. This comes at the cost of under-penalizing overestimation. However, using the median instead of the 

mean APE to measure central tendency not only reduces this asymmetry, but also results in a better representation of the center of 

the mostly right-skewed APE distributions. 

The displacement field result can be evaluated either directly at the detected bead positions, at the nodes of a user defined grid 

with a certain resolution (e.g. to simulate the output of a DVC algorithms) or at the vertices of the surface polygons of the cell. 

Surface traction vectors are computed and assessed for every facet of the cell model and the resulting strain components can be 

evaluated at the grid points within the volume where the measurements are done (i.e. through direct differentiation of the dis-

placement field).  

3.4 Results 

The platforms described above were used to generate a wide range of simulations to study the influence of many of those parame-

ters that were discussed in the methods section. The key results can be found in chapter 4. In this section, we present preliminary 

results that are more specific to the development and optimization of the simulation and evaluation platform 

3.4.1 Evaluation of the Finite Element Model 

As already mentioned in the Methods section, it is indispensable to have a precise numerical model that can serve as a benchmark 

for the evaluation platform. As it is well-known that the discretization of the mechanical model, in particular the mesh size a type, 

has a major impact on the output of the numerical model, we performed a few simple test to optimize the FE mesh. 
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In the FE model, we defined a single circular focal adhesion with a diameter of 1 µm on the top of a rectangular substrate and 

assigned a constant shear stress of 5.5 kPa to the FA area. In the first setup, a mesh with element size between 0.05 µm and 5 µm 

was defined on both the substrate and the FA region. As opposed to the model described in the method section, the substrate was 

modeled as a relatively small cuboid (15x15x5µm) in order to keep the model size and computational time small for dense meshing. 

The resulting simulated displacement was then exported to MATLAB.  

In order to test the influence of the meshing on various displacement grid sizes, we directly calculated the output of the FTTC algo-

rithm on the FEA displacements and compared the output using the DTM. The displacement grid resolution 𝑟𝑒𝑠𝑑𝑖𝑠𝑝 was expressed 

as discrete multiplies of 1 pixel (𝛿𝑥,𝑦): 

𝑟𝑒𝑠𝑑𝑖𝑠𝑝 =  2𝑘 ∙ 𝛿𝑥,𝑦  , 𝑘 = {1,2, … ,6} 

Equation 3.24 

The results are displayed in Figure 3.7a. Obviously, the DTM increases with increasing displacement grid size. Similarly, the results 

deteriorate with increasing FE mesh size. From a displacement grid size of 32 until 8 pixels, the error improves almost linearly. If the 

displacement grid gets even smaller, the results from the different mesh sizes diverge. For a small mesh (0.05 µm), the results 

continue to improve following the same trend, but with larger mesh size, the error stabilizes at a certain level. Given a pixel size 

of  𝛿𝑥,𝑦 = 0.05 μm, this is a clear representation of the Nyquist-Shannon sampling theorem and we can thus conclude that in the 

ideal case represented here, the FE mesh size should be at least half the size of the desired displacement grid to yield sufficient 

sampling. 

In the second setup, the mesh at the FA region was kept constant at 0.5 µm and only the substrate mesh was varied between 0.05 

µm and 5 µm. The simulations where evaluated in the same approach as described before and the results are shown in Figure 3.7b. 

Surprisingly, varying the substrate mesh size only had a minimum impact on the DTM. This allows us to discretize only the regions 

of interest with a high density mesh, and keep all other areas meshed at a low resolution in order to optimize computational and 

storage demand. The ideal design is an area around the regions of interest, which are meshes at a medium resolution to ensure a 

smooth transition. It is important to note that even though both the displacement grid and FE mesh are small, there is always an 

intrinsic residual error in traction due to the discretization, the FTTC traction algorithm and therefore from the limited spatial di-

mensions of the simulation domain. 

 

Figure 3.7 | Deviation of traction Magnitude (DTM) of the Fourier transform traction cytometry (FTTC) output for different mesh sizes (element 
size in µm) and displacement grid sizes. Top row: As depicted schematically, both the substrate and the focal adhesion (FA) shared the same mesh. 
Bottom row: The mesh size was kept constant at 0.05 µm in the FA region, but the substrate mesh size was varied as described in the text. 
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3.4.2 Fourier Transform Traction Cytometry using and ideal Displacement Field 

In the tests discussed previously, we treated the FEA-simulated displacements as an ideal to the TFM process and saw that the 

result of the output is highly dependent on the size of the regular displacement grid. To investigate this relationship even further, 

we measured the traction error for different settings of the (ideal) displacement field (Figure 3.8a). In order to gain realistic insights 

from these simulations, the displacement field input to the traction reconstruction should be as close as possible to a displacement 

field obtained using tracking algorithms such as PIV (145) or PTV  (49). For these methods, the most influential parameter is the size 

of the search and interrogation window, which is chosen to match the given bead distribution. For each tracked feature, the algo-

rithms optimize a given similarity score within the window size. Therefore, the resulting displacement represents an optimal shift of 

all features within the window and therefore represents an average of all those features. As a result, smaller windows are more 

spatially accurate than bigger windows, which might be needed to include sufficient markers (or beads) to achieve an adequate 

track. 

In order to include the influence of the window size in the TFM calculation based on the “ideal” displacements map, it is first discre-

tized on every pixel. For every window size, the final displacement vector as was averaged from the pixel-displacements within the 

given window (sampled from the FEA simulation). Because the accuracy of the traction magnitude depends on whether or not an 

interrogation point (usually in the center of the window) lies on an adhesion area, we calculated the traction field n2 times for a 

given window size n and averaged the results. For example for a grid size of 8 pixels, we perform the force reconstruction 8x8=64 

times. A window size of 1 pixel corresponds to the full displacement field, which is practically not achievable. The results are shown 

in Figure 3.8b. Again, a value <0 represents underestimation of the true traction force, which is always the case, as reported before 

(53) . 

 

Figure 3.8 | Evaluation of traction force reconstruction accuracy of Fourier transform traction cytometry (FTTC) using a simulated ideal displace-
ment field from the FE solution. (a) Workflow of Figure 3.2 adapted to evaluate TFM using the FEA simulated displacement field as a direct input in 
the force reconstruction algorithm (b) Deviation in traction magnitude (DTM) result shown as a function of simulated window size for 7 different 
focal adhesion sizes (best-case scenario for force reconstruction). Within each window, the ideal displacements are averaged to mimic the pre-
smoothing behavior of conventional tracking algorithms. (c) DTM shown as a function of the ratio between adhesion size and window size. A ration-
al function is fitted to the data to show the trend. Adhesions smaller than 4 times the window size are difficult to accurately reconstruct.  

By using the ideal simulated displacement as a direct input into the traction reconstruction, these results represent the upper limit 

of traction reconstruction accuracy and therefore the lower limit for error (DTM). However, as stated before, in most cases we have 

no a-priori information about FA size and location, or an accuracy that justifies distinguishing between a 0.5 µm and 0.75 µm adhe-

sion. The question then arises how well we can trust the results for a given window or displacement grid size. To partially answer 

this question, we plotted the results in Figure 3.8c as a function of adhesion diameter, but this time expressed in units as a ratio of 
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applied window size. The displacement grid here is half the window size, as it’s commonly chosen in PIV approaches (147). This 

fitted curve to the data shows a clear trend toward reduced error for larger FAs and smaller window sizes. If we consider a good 

force estimate with a DTM below 20%, we can conclude that the window size should be approximately 3-5 times larger than the 

adhesion diameter. This result is similar to that described by Sabass and colleagues where the outcome of the force reconstruction 

was evaluated based on a displacement field analytically derived from continuum material laws (53). However, in our study we 

defined the ratio as the size of the FA relative to the applied window size, as opposed to the mesh size. The error difference be-

tween a smaller mesh size (window overlap 50%) and a larger mesh size (window overlap 0%) was only apparent for very small 

adhesions and for large window sizes (green line in Figure 3.8c). For windows that were approximately as large as the adhesion size 

(ratio ~ 1), the error was up to 20% lower using a finer mesh. This is in line with the Nyquist sampling theorem since a finer mesh 

results in at least two sampling grid points within a focal adhesion. When the window is at least half the size of the focal adhesion 

or smaller (ratio > 2), using a finer mesh size (i.e. higher window overlap and > 4 sampling points) does not further influence the 

outcome. Therefore, for the lower error limit of an ideal displacement field given the discretization, the window size should be at 

least ¼ of the focal adhesion size in order to obtain a stable force reconstruction. If we assume that focal adhesion below 1 µm 

might not be stable (or the traction peak might arise from noise), the window size should be approx. 0.25 µm. For a standard mi-

croscope setup with a high resolution magnification, the pixel size is approx. 0.1 µm, and therefore the window size should not be 

more than 2 pixels which is practically unfeasible due to the limited information within this interrogation window and the bead 

size. On the other hand, if one does some testing and concludes that a good tracking result with a window size below 10 pixels is 

not achievable, only adhesions larger than 4*10*0.1 = 4 µm will have an accurate (DTM<20%) traction value.  

This however does not mean that smaller FAs cannot be reconstructed, but it has to be kept in mind during evaluation that the 

results are highly underestimated. Small random errors on the other hand can cause abrupt local changes which leads to steep 

gradients in the displacement field. This will inherently cause massive traction noise spikes that cause the traction value to be over-

estimated. 

3.4.3 TFM Evaluation including Bead Tracking 

In the results above we have so far investigated the output of the traction reconstruction using FTTC by varying the resolution of an 

ideal simulated displacement field and neglected the probable influence of errors that occur in the displacement reconstruction 

step. As already mentioned in the methods section, by including the bead-tracking step, a whole set of additional parameters af-

fecting the bead simulation and displacement analysis are altering the results. However, a comprehensive analysis of every single 

parameter is highly time consuming and often not trivial. Motivated by the results of the ideal displacement field using window size 

and indirectly grid size, we exemplarily investigated these parameters directly using a conventional Particle Image Velocimetry (PIV) 

platform (253).  

The window size was varied between 64 and 8 pixels and the grid size was defined using a percentage of 0%, 25%, 50% or 75% of 

the window size. Similar to the evaluation using the perfect displacement field, we simulated the traction in 7 different FA sizes 

ranging from 0.5 µm to 5 µm. In order to only investigate the effect of changing the PIV parameters, the simulations were done 

with an ideal high bead density of 10 µm-3 in order to minimize the influence of insufficient bead distributions. The results are 

displayed in Figure 3.9 and are grouped for each individual FA size, showing 16 different parameter combinations (window and grid 

size). The sample size was 10 different bead distributions. 
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Figure 3.9 | Traction Force reconstruction evaluation for the simulated bead images. The traction reconstruction accuracy was measured on 7 
different focal adhesion sizes and 16 different parameters for the PIV displacement field. 

In accordance with the results using the ideal displacement field, the results clearly demonstrate the same trend as using the ideal 

displacement field, with force reconstruction on larger FAs yielding lower errors. In addition to that, lowering the window size 

towards 8 pixels improves the results up to 60% of the highest window size. Similarly, the grid size can have a drastic influence on 

the outcome, with smaller grid sizes resulting in lower traction reconstruction errors (Figure 3.9).  

 

Figure 3.10 | Cross-section of force profile of TFM compared to the reference (input) traction (ref, blue line). The results are shown for 4 different 
grid sizes in pixel (px). (a) Result shown for 1µm focal adhesion footprint. (b) Same setup shown for a 4µm FA. Insets show 2D heat maps of input 
versus output (grid size 16 pixel).  

However, these results only give us the deviation of the mean traction masked by the FA and the true traction that was the input 

for the FEA simulation. It does not say anything about the quality/usability of the output. Indeed, visual investigation showed that 

some calculations with few errors are very noise affected (Figure 3.10Figure 3.11). Indeed, the quantitative analysis of the signal-to-

noise ratio (SNR) shows the same tendency, indicating that all traction force calculations with a window size of 8 pixel result in a 

noisier output, represented by the low SNR (Figure 3.11). A better force reconstruction can be achieved by choosing a window size 

between 16 and 32 pixels, with an optimal window overlap of 0.5. For a FA size up to 1 µm  the optimal SNR can be found for a 16 

Window overlap ratio 
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pixel window size with 0.5 overlap (i.e. grid size 8 pixel), but for a FA larger than 1 µm  the optimum window size shifts towards a 32 

pixel window with 0 to 0.25 overlap (32 and 16 pixel grid size). Due to the definition of the SNR (ratio between signals within FA 

area to outside area), the SNR values for larger FAs are lower and hence noise values across different FA sizes cannot be compared.  

 

Figure 3.11 | Signal-to-noise ratio (SNR) of the results shown in Figure 3.9 

In general, these results follow the same conclusions drawn from Figure 3.8, but with higher error levels: It is extremely hard to 

properly reconstruct the traction levels on focal adhesions that are smaller than 3 µm and a window size which is larger than 1/4th 

of the FA footprint; although it’s technically not impossible, it comes at the expense of a higher underestimation of the true trac-

tion forces. As a general rule of thumb, smaller displacement grids result in a better force estimate, but from a certain grid density, 

the noise is highly amplified and even though the average error might be small, the noise affected signal makes precise reconstruc-

tion futile. The window size has a more important influence on the noise that the overlap, since it defines how many beads are 

present within one sub window of the correlation algorithm. The influence of the beads on the outcome of the TFM approach is 

validated in our study presented in chapter 4. 

3.4.4 TFM Evaluation on Two Neighboring Focal Adhesions 

A very important factor in TFM is the question what’s the minimum distance between two features, e.g. focal adhesions, so we are 

able to have a clear distinction between them. This is a similar concept to the Rayleigh criterion, i.e. the minimum distance be-

tween two point forces at which they can still be separated. Focal adhesions that have a smaller clearance than this distance or a 

cluster of very close focal adhesions will appear as one single, big focal adhesion (53). 

Under a theoretical aspect, the minimum of this distance is defined by the Nyquist-Shannon sampling theorem, which states that 

the optimal spatial frequency can be achieved by half the sampling frequency, which in our case is twice the size of the displace-

ment grid size. As was already presented before, this is not feasible due to the limits imposed by the tracking algorithms. To test 

the minimum distance, we performed a similar simulation as above but with two elliptical focal adhesions separated from each 

other (Figure 3.12). The major axis is 3 µm and the minor axis 1µm.  

Window overlap ratio 
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Figure 3.12 | Simulated traction by two focal adhesions separated by a distance d from each other.  

The distance d is varied between 1.1 – 3 µm (from the centroid of the adhesions). The goal is to find 𝑑𝑚𝑖𝑛, the minimal distance at 

which the focal adhesions can be clearly distinguished. In order to define this criterion, we used the FA reconstruction described in 

the methods. As soon as more than one peak exceeds the threshold of 35% of the difference between maximum peak and back-

ground traction, two focal adhesions are found. 

 

Figure 3.13 | Results of the simulations using two focal adhesion with varying the distance between 1.1 - 3 µm (sample size n=10). (a) Deviation of 
traction magnitude (DTM) as a function of distance between the focal adhesions (FA). After a small increase the difference remains mostly constant. 
(b) Number of FA found by the reconstruction. For an overlap of 0.25 (mesh size 12 pixel), the FAs always appear as one. For higher overlap, the 
minimum distance dmin is smaller. (c) Similar to the results given the single FA, the SNR is mostly reduced by using a smaller displacement grid. 

Using the results from the PIV, we only focused on a window size of 16 pixels and varied the grid size between 0.25 and 0.75 of the 

window size (i.e. 12, 8 & 4 pixels). The results can be seen in Figure 3.13. In the first panel (a), the DTM is plotted as a function of 

the distance for different overlaps. The DTM remains mostly constant apart from a slight increase between 1.1 and 1.5 µm. This can 

be explained the following way: The energy transferred to the substrate is doubled by two focal adhesions. If these are too close to 

each other, the energy transferred by each individual FA adds together. Since the traction force is always underestimated, the 

resulting traction is closer to the real traction than by a single adhesion only. When the distance d increases, the energy (and thus 

the displacement) is more separated and therefore the DTM increases. In the second panel (b) the average number of reconstruct-

ed adhesions is depicted. It is clear that with a higher overlap, we achieve a denser displacement mesh and thus enhance the spa-

tial resolution of the force field. With an overlap of 0.25 (with a window size of 16 pixel and a pixel size of 0.06 µm that yields a 

displacement field size = 0.76 µm), even when the FAs are separated by 3 µm, the algorithm fails to detect two separate focal ad-

hesions. With an overlap of 0.5 (displacement mesh size = 0.48 µm), we can achieve FA separation with  𝑑𝑚𝑖𝑛 = 2.4 𝜇𝑚, and with 

0.75 overlap (mesh size = 0.24 µm), 𝑑𝑚𝑖𝑛<= 1.1 𝜇𝑚. With d=2.5 µm, the FAs can always be separated. 

However, as mentioned above, a smaller displacement grid is not always good in terms of noise. As we can see in the panel (c), the 

SNR is very low for 0.75 overlap and best for 0.25. Note that due to the definition of the SNR, and the fact that we calculate it using 

a mask with two adhesions, this value cannot be compared to the SNR of the single adhesion traction force reconstruction. It mere-

ly serves as a comparison factor between different parameters using two focal adhesion reconstructions. The bottom line of these 

reconstructions is the fact that one has to strike a balance between a quantitative and qualitative force reconstruction, given the 

input data. 
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3.5 3D TFM Evaluation Results 

Similar to the results shown for 2D TFM, we also performed a selected set of parameter evaluation for the 3-dimensional TFM 

simulation and evaluation platform. Compared to the 2D case, the processes for both the simulation and force reconstruction are 

much more demanding in terms of computational resources and hence only a small set is presented here as a proof of principle. A 

more in-depth analysis of the approach is discussed in chapter 7. 

3.5.1 Displacement Analysis 

Displacement fields were evaluated at the nodes of a regular 3D grid with a spacing of 1 µm, which was defined within the imaging 

domain of size 80x80x80 µm. We compared two different cell models with both two different traction setups, as described in Table 

3.3 (chapter 3.3.2) together with all other parameters. In order to test the repeatability of the displacement measurement results, 

the evaluations were performed on three different random bead distributions. For all four setups, the median error (MdAPE) was 

between 8 and 9%, with a standard deviation below 0.15%. As can be seen in Figure 3.14a, both the cell model (sphere vs. sphe-

roid) and the loading direction had an insignificant influence on the reconstruction error. A minimal improvement can be achieved 

by the evaluation of loading in the x-direction, which can be explained by the influence of the PSF, which causes beads to appear 

elongated in the axial direction.  

 

Figure 3.14 | Results of the 3D-TFM simulation and evaluation. (a) Results of the bead tracking algorithm (GDVC: Grid Digital Volume Correlation) 
for the four different models. (b) Result of the two different traction reconstruction algorithms for the four models as described in the text. (FDM: 
Finite differences method; FEA: Finite element analysis method). 

3.5.2 Traction Analysis 

As described in chapter 3.3.2, we exemplarily evaluated and compared two different traction reconstruction algorithms, using finite 

differences approach (FDM) or using finite elements (FEA). In order to exclude the probable negative impact of the displacement 

algorithm, we performed the calculations directly on the simulated and imported displacement field, similar to the approach de-

scribed in chapter 3.4.2.  As can be seen in Figure 3.14b, there is no significant difference in traction reconstruction error for both 

algorithms between the two sphere setups, with an error of approx. 20% and 25% for the FDM and FEA method respectively. Inter-

estingly, when looking at the spheroid models, things start to look worse. Using the FDM approach, the error is close to 50%, com-

pared to approx. 30% using the FEA method. Why the results of the FDM are dependent on the shape cannot be fully explained, 

but we suspect the curvature of the surface to be the main influencing parameter. We therefore conclude that using the FEA meth-

od is more robust in terms of cell shape, but using the FDM can yield more accurate results for a certain cell shape. In order to fully 

understand and improve these results, including the isolation of the limiting factor of the cell shape using the FDM approach, fur-

ther work is needed.  

3.6 Discussion 

In this chapter we have described the development of a novel TFM simulation and evaluation platform, which allows the simulation 

of a quasi-ideal displacement field of a continuum which is caused by traction stress applied to it. With this simulated displacement 

field, artificially generated TFM images of fluorescent beads can be engineered, including the diffraction-limited optics of the setup 

which allows for the simulation of a wide range of experimental parameters such as bead density, location and microscope. 
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These images together with the known input can serve as a reference dataset to benchmark existing and develop new and im-

proved approaches to measure TFM. Furthermore, it allows for the estimation of obtained accuracy and the influence of critical 

experimental parameters to any given experimental and analytical setup. Furthermore, by the use of a three-dimensional model of 

the continuum that serves as an elastic substrate for the cell culture, the core functionalities of the platform can be used for 2D, 

2.5D as well as 3D TFM simulations.  

In this chapter, we have demonstrated the feasibility of this platform for both 2D and 3D TFM with a proof-of-concept benchmark 

of existing ‘Gold-standard’ approaches that are used in the field. As was reported before (53, 76), the outcome of the force recon-

struction is highly dependent on the input parameters of the bead tracking by Particle Image Velocimetry (PIV), which as a result 

lead to a severe underestimation of the true traction input. Furthermore, even if the displacement field is considered error-free, 

the accuracy of the force reconstruction is highly influenced by the resolution of the displacements, a characteristic which results 

from the ill-posedness of the mechanical coupling between displacement and traction (52).  

The wide range of parameters that are needed to be fine-tuned in order to obtain an optimal TFM result can often be overwhelm-

ing. As the reconstructed traction field is a result of a sequential analysis including imaging, tracking and force calculation, these 

parameters and their outcome are often dependent on each other, meaning that changing one parameter during tracking might 

require another tuning of the traction reconstruction algorithm to obtain the same or a better result. It is therefore important to 

isolate a range of parameters that have the most influence on the result, and try to optimize them with respect to the given exper-

imental setup – a task that is often very challenging. 

We therefore believe that the framework presented in this chapter can help achieve this by providing a ground-truth that can be 

used as a calibration tool to optimize the TFM results, and furthermore allow for the comparison of calculated results across differ-

ent laboratories.  

Nevertheless, there are a few limitations present that limit the applicability of the framework. First of all, the implementation of a 

finite-element simulation has made it necessary to use a different tool for the mechanical simulation than for the image simulation 

and the analysis if the TFM. Therefore, two software packages – namely Ansys and MATLAB – are needed in order to fully exploit 

the framework. Even though the FEM-simulated displacements only need to be calculated once, and can then be used for further 

modeling and simulations, it remains cumbersome to change parameters or input to the mechanical model. Therefore for further 

developments it would be beneficial if the whole framework were implemented in a single tool, e.g. MATLAB using an open-source 

finite-element solver. This would allow us to test different inputs on-the-fly without requiring the user to work on two different 

software packages, which may be expensive to acquire. In this chapter, we have only utilized a simple mechanical model using 

linear elasticity to demonstrate the performance of the framework. However, substrates used for cell-culture often elicit a high 

degree of non-linearity (87, 214). Therefore, future improvements to the framework should include a module using non-linear 

material models for both the simulation and evaluation parts (156, 190). Similarly, the algorithms used here to evaluate TFM are 

fairly basic with respect to the assumed material linearity, and are therefore limited in their applicability compared to other pub-

lished methods (54), especially for 3D TFM (191). As a conclusion, the numerical results reported in this chapter should be enjoyed 

with reservation. While these values can certainly be used for a direct comparison of algorithm-specific or experimental parame-

ters, the absolute values for accuracy certainly have room for improvement. 

Calculating TFM, especially with high resolution on small traction application points, can be difficult to master, but we believe that 

using the calibration tools presented in this chapter can help us to understand the difficulties and provide a ground-truth to proper-

ly tune the algorithms. With this, calculation of traction forces will be considered accurate in the future and more effort can be put 

in the interpretation of the results regarding their biological implications.  
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4.1 Abstract 

The accurate determination of cellular forces using Traction Force Microscopy at increasingly small focal attachments to the extra-

cellular environment presents an important yet substantial technical challenge. In these measurements, uncertainty regarding 

accuracy is prominent since experimental calibration frameworks at this size scale are fraught with errors – denying a gold standard 

against which accuracy of TFM methods can be judged. Therefore, we have developed a simulation platform for generating syn-

thetic traction images that can be used as a benchmark to quantify the influence of critical experimental parameters and the asso-

ciated errors. Using this approach, we show that TFM accuracy can be improved >35% compared to the standard approach by 

placing fluorescent beads as densely and closely as possible to the site of applied traction. Moreover, we use the platform to test 

tracking algorithms based on optical flow that measure deformation directly at the beads and show that these can dramatically 

outperform classical particle image velocimetry algorithms in terms of noise sensitivity and error. We then report how optimized 

experimental and numerical strategy can improve traction map accuracy, and further provide the best available benchmark to date 

for defining practical limits to TFM accuracy as a function of focal adhesion size.  

4.2 Introduction 

Recent findings in the research field of cell biomechanics have shown that the physical forces exerted by cells to their surrounding 

provide a crucial feedback for cell adhesions, growth, differentiation, migration and other key cellular functions (20, 43, 137, 254). 

These forces are generated by the actin-myosin complex of the cytoskeleton and act on the surrounding matrix of the cell through 

intercellular protein complexes called focal adhesions (FA).  

To estimate the magnitude and direction of these forces, indirect methods commonly referred to as Traction Force Microscopy 

(TFM) are used, which are based on the coupling between cell-generated traction forces and the corresponding deformation of the 

surrounding matrix. This approach usually involves three separate steps: 1. Imaging fluorescent beads embedded in a synthetic 

substrate before and after cellular tension has been released (e.g. cell detachment or drug treatment), 2. Calculating the defor-

mation caused by the cells by tracking the beads and 3. Transformation of these displacements into traction forces using a mechan-

ical model of the underlying substrate. 

Although many variants of the original TFM method have been developed in recent years, their utility highly depends on the exper-

imental setup, the imaging and the choice of methods and parameters for both displacement measurement and force reconstruc-

tion. As the TFM workflow requires that results of one step are fed as input to the subsequent function, error propagation results in 

a very high sensitivity of the system to noise with a potentially large influence on the results. For quantitative analysis of the results, 

it is indispensable to trace the contribution of each factor to the overall result (Figure 3.5). Despite many experimental efforts, very 

little research has been done to adequately benchmark analytical approaches including all three sub-steps, as a representative 

simulation and calibration environment has yet to be fully established (78). 

 

Figure 4.1 | Schematic block diagram of the 3-step TFM process. During each of the three steps (imaging, tracking and force calculation), several 
experimental and numerical parameters can influence the calculated traction force. Therefore, low-quality imaging and noisy data will inherently 
lead to an error propagation/ -accumulation and deteriorate the quality and accuracy of the resulting traction maps. 

On different occasions, it has been shown that even “best-practices” for TFM can be very unstable in terms of sensitivity to input 

parameters. The main consequence is that methods often drastically underestimate true traction forces and focal adhesion sizes. 

Among the primary sources of errors, this underestimation of traction mostly results from resolution loss during displacement field 

calculation which may reduce the peak stress up to 50% (53, 76), depending on the size of the focal adhesion. On the other hand, 
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the inversion of the elastic equation that is needed to calculate the traction field is an ill-posed problem, meaning that small varia-

tions in the displacement data and experimental noise can provoke large differences in the outcome of the traction calculation(5, 

195). This makes the classic TFM approach highly sensitive to experimental noise and tracking errors. 

Many published studies have tried to mitigate such numerical instability by filtering the displacement data to remove high-

frequency signal components (198), suppressing the noise amplification in the process of traction reconstruction by using filters 

based on optimal signal processing theory (75), or by constraining the solution of the equation by using a regularization scheme(49, 

53). Despite all efforts to mitigate corruptive effects of noise in displacement data during force reconstruction, careful review of the 

literature reveals that little attention has until now been paid to the image acquisition strategy and accuracy of the displacement 

field calculation itself. 

To enable a quantitative optimization of the TFM outcome, we developed a novel cell traction force simulation and evaluation 

platform based on finite element analysis (FEA) with which the complete TFM process from microscopy image capture to force 

reconstruction can be quantitatively evaluated (Figure 4.2). If the finite-element mesh is small enough compared to pixel size, the 

simulation allows us to reproduce the substrate deformation caused by cellular traction force in order to generate synthetic images 

that closely mimic the movement of beads as would be obtained in TFM. Within this framework, we can parametrically explore the 

effects of any processing step separately and the resulting accuracy of the traction force reconstruction for a known input. 

By using these synthetic images as a ground truth, we propose an alternative approach to track cell-induced deformations making 

use of the Lucas-Kanade optical flow algorithm (161) with an extension known as Kanade-Lucas-Tomasi (KLT) method to detect 

Figure 4.2 | The simulation and evaluation environment operates using three main steps: In the first step (a-c), a finite element analysis calculates 
the displacement field of a given traction input (a, b) which is exported to MATLAB (c & d-k). This deformation is then used to virtually translate 3D 
beads (d, h; red: before deformation, green: after deformation), and with user-defined inputs such as bead density (low: d-g, high: h-k) and location, 
simulated traction images can be generated in 2D (e & i). Using these images, the output of any TFM algorithm can be analyzed (f, g, j and k). As a 
sample result depicted here, a high bead density yields a more accurate force reconstruction. 



High-resolution Traction Force Microscopy on Small Focal Adhesions - Improved Accuracy through Optimal Marker Distribution and Optical Flow 
Tracking 

60 

locally varying and large deformations using a pyramidal approach (164). This approach solves the optical flow equation on detect-

ed features based on the assumption that the optical-flow is constant within a defined neighborhood. The performance of this 

approach is compared to the tracking algorithms commonly used in TFM which are based on image correlation calculated either on 

a regular grid without a priori knowledge of particle locations (76, 125, 224) or directly on the previously identified beads (49, 53). 

Along with this alternative tracking method, we investigated and quantified the influence of critical experimental parameters on 

the outcome of the TFM analysis. Specifically, we estimated the traction error produced by any choice of the experimental setup 

(marker bead location and density) with respect to any desired displacement field algorithm.  

Using extensive simulations on a wide range of input parameters, we quantitatively assessed the effects of these parameters 

against a known calibration benchmark. Therefore, the here presented data is a quantitative estimation of how optimal bead loca-

tion and density offers a high potential to improve both the accuracy and the signal quality of the results and the associated errors 

that should be expected. 

4.3 Material and Methods 

4.3.1 Synthetic Image Generation 

Two main steps are used to obtain engineered microscopy-analog images with simulated tractions. In the first step, we created a 

finite element model of the substrate to calculate the substrate displacements, which were subsequently used in the image genera-

tor for simulating bead displacement in order to generate a set of microscope mimicking images (Figure 4.2). We modeled the 

substrate as a linear elastic cuboid in Ansys (ANSYS Inc., Canonsburg, PA) with dimensions (300x300x100) µm [x,y,z] where the 

bottom nodes were held as fixed boundary conditions. We defined the traction as a shear stress, perpendicular to the substrate 

surface, with a constant magnitude normalized to the elastic modulus of the substrate (5%, 10%, 25% and 50%), acting on a circular 

area representing the focal adhesion site with diameter ranging from 0.5 to 5 µm (53, 103) (Figure 4.2a). Since the Poisson ratio is < 

0.5, there is always a small amount of vertical displacement, resulting in a 3D displacement field. In order to avoid insufficient 

sampling frequencies, we meshed the body in and around the circular FA area with 50 nm quadratic tetrahedron elements (SOL-

ID187; Figure 4.2b). These elements are suitable to account for the local curvature of the focal adhesion and to avoid hourglassing 

inside the body. After the solution was calculated, we exported the resulting nodal displacements into MATLAB for further simula-

tion and analysis (Figure 4.2c). 

We generated artificial TFM images with two different bead distributions. In the volumetric configuration, beads were randomly 

distributed with a given density within the simulated gel. This is usually the case when adding the bead suspension to the stock 

solution to acquire hydrogels such as Polyacrylamide (PAA) or Poly(ethylene)-Glycol (PEG)(49, 103). In the surface configuration, all 

beads were on the surface of the substrate, as it can be achieved experimentally by either binding the beads covalently using spe-

cific cross linkers (88), or forcing them towards the surface using gravitational pull or centrifugation during polymerization(182). 

Surface and volumetric bead densities ranging from 0.33 to 10 𝑏𝑒𝑎𝑑𝑠/𝜇𝑚𝛼 (surface distribution: α=2, volumetric distribution: α=3) 

were determined using a sampling volume defined as 60x60x5µm3 for volumetrically distributed beads and 60x60µm2 for surface 

bead distributions respectively. The lateral dimension roughly corresponds to the field-of-view of a common confocal microscope. 

The calculated displacement field was interpolated onto the generated bead positions which resulted in sets of reference and 

deformed bead locations (Figure 4.2e and Figure 4.2i).  

In order to simulate the spherical aberrations that appear due to refractive index mismatch of the immersion liquid and the sub-

strate material used, the thickness of the substrate as well as deviations of the microscope parameters from the design parameters, 

we used a depth variant scalar point spread function (230) (see chapter 3.2.3). Simulating a spinning-disk confocal microscope, the 

PSF was approximated as the product between the detection PSF and the convolution between the illumination PSF and the pin-

hole aperture A (248):  

𝑃𝑆𝐹𝑆𝐷 = 𝑃𝑆𝐹𝑑𝑒𝑡 ∙ (𝑃𝑆𝐹𝑖𝑙𝑙 ⨂ 𝐴) 

Equation 4.1 

Here we made a valid assumption that the illumination and emission wavelength are similar and therefore 𝑃𝑆𝐹𝑖𝑙𝑙 ≈ 𝑃𝑆𝐹𝑑𝑒𝑡 (226). 

The resulting image 𝐼(𝑥, 𝑦, 𝑧) was defined as a convolution of the object 𝐼𝑜𝑏𝑗 (𝑥, 𝑦, 𝑧) with the microscope’s PSF as: 
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𝐼(𝑥, 𝑦, 𝑧) = 𝐼𝑜𝑏𝑗(𝑥, 𝑦, 𝑧) ⨂ 𝑃𝑆𝐹(𝑥, 𝑦, 𝑧) 

Equation 4.2 

In order to generate mostly general results for using a specific type of microscope, we neglected the influence of noise sources (e.g. 

Poisson, thermal etc.) that usually appear in imaging processes. To obtain the final bead images for TFM analysis, the top voxel 

layer of the discrete volume (corresponds to the top focal plane) was saved as a conventional image in Tiff format. All relevant 

system parameters are summarized in Table 4.1. 

Parameter Value range 

Substrate Thickness 100 µm 
Substrate mechanical properties 𝐸 = 20 𝑘𝑃𝑎, 𝜐 = 0.49  
Simulated Traction 5%-50% E 
FA diameter size [0.5, 0.75, 1, 2, 3, 4, 5] µm 
Bead density [0.33, 1, 5, 10] Beads/(µm3) 
Bead type 0.2 µm red-fluorescent beads (emission: 605 nm) 
Bead location 3D (volumetric), 2D (surface) 
Microscope simulation settings Spinning-Disk Confocal with 60x1.4 Oil immersion lens. Pixel 

size (x, y, z) = [0.06, 0.06, 0.25] µm, ni = 1.51, ns=1.4, NA = 1.4 
Sample size N = 20 

Table 4.1 | Overview of the simulation parameters used in this work 

4.3.2 Displacement Analysis 

We propose the use of the Kanade-Lucas-Tomasi (KLT) tracking algorithm, which is a differential approach to estimate the optical 

flow by the least squares criterion (161). This approach is based upon the assumption of locally constant flow within the neighbor-

hood of a suitable feature considered (162, 163). As for PIV, the problem with large movement is solved using a pyramidal ap-

proach (164). We tested windows in a range of 8 – 64 pixels, which was possible due to the computational efficiency of the KLT 

algorithm. Smaller than eight pixels effectively is not applicable, since each bead itself has a (diffraction limited) diameter of ap-

proximately 4-6 pixels. In this study, we used the pointTracker implementation of the iterative KLT tracker within MATLAB’s Com-

puter Vision toolbox. 

4.3.3 Force Reconstruction 

When the cell-induced deformations are sufficiently small, synthetic substrates such as polyacrylamide (PAA) or polydimethylsilox-

ane (PDMS), which are commonly used cell culture substrates in TFM, can often be assumed linear elastic, homogenous and iso-

tropic (87, 88). In such a case, the relationship between the traction forces 𝑇 applied on the boundaries of the substrate and the 

displacements 𝑈 can be described by an integral solution using a Green’s function: 

𝑈𝑗 = ∑ 𝐺𝑖𝑗(𝑥 − 𝑥′) ∙ 𝑇𝑖(𝑥′)𝑑𝑥′ 

Equation 4.3 

Where 𝑈𝑗  is the displacement (𝑗 ∈ (𝑥, 𝑦, 𝑧)), 𝑇𝑖 is the traction force (𝑖 ∈ (𝑥, 𝑦, 𝑧)) and 𝐺𝑖𝑗 is the Green’s function. In this study we 

only considered in-plane, thus 2D traction forces. Since we modeled the substrate to be thick enough compared to the dimensions 

of the generated traction, it can be approximated as an elastic infinite half-space and therefore the 2D Boussinesq Greens function 

can be used (178). Note that the “true” three-dimensional Greens function is actually a 3x3 matrix that also includes vertical contri-

butions to traction and displacements, though in many cases it is safe to assume that the cells are rather flat on the substrate and 

the generated motion are purely lateral. Most TFM substrates can be characterized incompressible (𝜐~0.5) and thus the lateral 

and vertical directions can be decoupled. The Green’s function can be solved efficiently in the Fourier domain in an approached 

called Fourier Transform Traction Cytometry (FTTC (51)) and the solution is found as:  

�̃� = (𝐺𝑇𝐺 + 𝜆2𝐼)−1𝐺𝑇�̃� 

Equation 4.4 

Where 𝜆 is the free regularization parameter that has to be determined by data-internal criterion such as the L-curve (52). In this 

study, in order to better compare the results caused by different displacement approaches, we kept the regularization parameter 
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lambda at zero. Instead, the noise is minimized for each approach separately using a Gaussian filter for the PIV approaches and a 

wiener Filter for both PIV and PTV approaches. In order to calculate the Fourier transform efficiently using FFT, the displacement 

field has to be on a regular rectangular grid. Therefore, all displacements obtained using PTV and KLT were interpolated on a regu-

lar grid using the MATLAB scatteredinterpolant class with natural neighbor interpolation (an overview of the algorithms and pa-

rameters used can be found in Supplementary Table 4.1). 

4.3.4 Traction force microscopy on polyacrylamide gels: 

Substrates used in our TFM experiments were prepared following a modified version of a previously published protocol (84). Brief-

ly, a solution containing 4% acrylamide (Sigma A4058), 0.15% bis-acrylamide (Sigma M1533) and carboxylate-modified 200nm red 

fluorescent microspheres (5/100; Invitrogen F8810) was prepared and degassed for 15 minutes. Polymerization was initiated by the 

addition of 2μl Tetramethylethylenediamine (TEMED, BioRad 7570016) and 10μl of a 10% ammonium persulfate (APS) solution. 

Immediately a 6μl drop was placed on a clean glass surface, covered with a glutaraldehyde functionalized 25mm diameter coverslip 

(Menzel Gläser) and allowed to polymerize for 10 minutes resulting in a soft gel with an estimated stiffness of 2.55 kPa +/- 0.17 

(82). Next, substrates were immersed in a solution of 10% (3-Aminopropyl)triethoxysilane (APTES; Sigma- Aldrich 440140) in etha-

nol for 1 hour, followed by 2.5% glutaraldehyde in PBS for 1 hour, and finally carboxylate-modified 200 nm green fluorescent mi-

crospheres (1/100 in PBS, Invitrogen F8811) for 1 hour. 1-ethyl-3-(3-dimethylaminopropyl)carbodiimide (EDC, Thermo Scientific 

22980) crosslinking was used for the covalent attachment of rat tail collagen type I (Corning 354236) to the carboxy groups of the 

beads.  

Substrates were then sterilized by immersion in ethanol, followed by extensive washing steps in PBS and cell culture medium and 

placed in a 6-well plate. Finally, 6x103 HuO9 cells were seeded in each well and let attach to the surface overnight. Before imaging, 

the coverslips were placed in a metal holder (SKE research equipment) with 0.5 ml complete culture medium and stained with 

Vybrant DiD (Thermo Fisher V22889) following the recommendations of the manufacturer. For cell detachment 250μl of a 2.5% 

solution of SDS in PBS was added to the culture. Image acquisition was performed using a spinning disc confocal microscope (iMic, 

FEI Munich GmbH) using a 40X N.A. 0.95 objective (Olympus UPLSAPO). Image stacks were analyzed in MATLAB in the same way as 

the in vitro images. First, for both image distribution (Fig. 10 a & b), the uppermost stack in focus (corresponding to the attached 

cell in Fig. 10 c) were exported into a single .tif file and subsequently analyzed using the same parameter values as mentioned 

above for the bead tracking and FTTC, except for the final grid size of the KLT, which was optimized to be at the size 16 pixels.  

4.3.5 Evaluation Metrics 

Since the goal was to measure the ability of a routine to calculate traction data from a single focal adhesion of a given size, error 

metrics were defined that calculate the amplitude of a calculated traction field as well as estimate the noise in the data. Unless 

otherwise mentioned, the sample size in all simulation was kept constant at 20 samples per condition. 

DTM was introduced by Sabass (53) as a simple relative difference between reconstructed and real traction: 

𝐷𝑇𝑀 =  
1

𝑁

∑ ‖𝑚𝑒𝑎𝑛(𝑇𝑟𝑒𝑐)‖ − ‖𝑚𝑒𝑎𝑛(𝑇𝑟𝑒𝑎𝑙)‖𝑖

‖𝑚𝑒𝑎𝑛(𝑇𝑟𝑒𝑎𝑙)‖
 

Equation 4.5 

Where the sum runs over the averages of all N adhesions and the average of each adhesion is taken on all tractions points within a 

mask of equal diameter which is located at the adhesion site. A negative value indicates that the calculated traction underestimates 

the real traction. The Deviation of Displacement Magnitude (DDM) can be calculated the same way. 

The ability to detect traction within noisy data is represented by the Signal-to-noise ratio defined as the ratio between traction 

within the adhesion site and outside as: 

𝑆𝑁𝑅 =  
𝑚𝑒𝑎𝑛(𝑇𝑟𝑒𝑐)

𝑠𝑡𝑑(𝑇𝑏𝑔)
 

Equation 4.6 

Where 𝑇𝑏𝑔 is the background traction far outside the domain of traction (FA area). The mask for SNR calculation was chosen to be 

twice the size of the adhesion since the traction footprint mostly appears much wider than the actual footprint. 
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4.4 Results 

4.4.1 Optical flow feature tracking is orders of magnitude faster than PIV and substantially 

improves traction reconstruction, especially for small adhesions 

We modeled traction as uniform horizontal shear stress at a focal adhesion modeled as a circular area with a diameter ranging from 

0.5 – 5 µm, acting on a cubic substrate large enough to be considered as an elastic half-plane. The resulting displacement data were 

used to generate synthetic TFM images with known bead locations and displacements that were used to validate various TFM 

methods and approaches. 

We compared the Kanade-Lucas-Tomasi (KLT) optical flow tracker to three different correlation-based tracking algorithms that are 

most commonly used in TFM: The widely employed particle image velocimetry method (PIV (147, 255)), a template-matching PIV as 

proposed by Tseng (TPIV (125)) and a correlation-based particle tracker that uses the previously detected particles for the interro-

gation location (PTV (53)) (Figure 4.3a, other densities see Supplementary Figure 4.1). For all PIV approaches and for the PTV algo-

rithm we used a window size of 16 pixels (= 0.96 µm) and for the KLT a window size of 8 pixels (= 0.48 µm) and the grid size was 

always 8 pixels. We measured the relative TFM error as “deviation of traction magnitude” (DTM (53)), where a value of 0 defines 

perfectly accurate traction reconstruction and -1 complete underestimation of the true traction input. 

 

Figure 4.3 | Superior performance of optical flow tracking over standard correlation-based approaches. (a) The deviation of traction magnitude 
(DTM defined as 0 when error free and -1 in the case of complete underestimation (b) Signal to noise ratio (SNR) is shown for four different dis-
placement algorithms tested as discussed in methods, shown for the surface (2D) bead configuration.  Using KLT to reconstruct the displacements 
yields a better force reconstruction in both magnitude and quality of the traction images, especially for small adhesions. (c) Linear fit to the compu-
tation time needed for the displacement analysis as a function of evaluation points within one image. KLT is several orders of magnitude more 
efficient than correlation-based approaches, also at a large number of evaluation points (beads). 
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It was remarkably evident that improved traction reconstruction emerged from the optical flow (KLT) algorithms compared to the 

correlation-based trackers (PIV/PTV) especially for small focal adhesions, for which the traction error was reduced approximately 

40-50%. For large adhesions, the difference was less substantial but still pronounced. Moreover, the signal-to-noise ratio (SNR, 

defined as the ratio between traction at the adhesion and background) was markedly higher for optical flow compared to current 

standards for TFM that rely on correlation-based tracking approaches (Figure 4.3b).  

Graphical representation of the required computational time as a function of evaluation points (features or beads for feature-based 

methods (PTV & KLT), grid points for PIV) revealed that the methods based on cross-correlation are significantly slower, with the 

needed time linearly increasing with the number of evaluation features. In turn, the optical flow tracker required minimal time 

spans independently of the number of features in the images (Figure 4.3c). This is in accordance with the fact that the KLT algo-

rithm solves the least-squares problem globally, rather than sequentially for each evaluation feature. 

4.4.2 2D TFM always underestimates true traction forces, particularly for small adhesions 

Since most algorithms for calculating substrate displacements from bead images are based on small interrogation windows around 

the points of interest (uniform grid position or bead location), each calculated displacement only represents an average of the 

displacements within that interrogation window. This causes an unavoidable underestimation of traction forces, an effect that 

increases with increasing window size, as has been previously described (53, 78). Therefore, for window sizes >1 pixel, fully accu-

rate reconstruction can only be achieved if the local variations within the interrogation window are negligible. 

We demonstrated the relative TFM error (DTM) based on the “best-case” scenario, i.e., a noise-free “true” displacement field de-

rived numerically from the FE solution (Figure 4.4a). In order to simulate the displacement resolution and mesh caused by different 

window sizes, we first calculated the discretized (ideal) displacement field caused by traction on every pixel. Depending on the 

interrogation window size, the final displacement vector was averaged from displacements within the given interrogation window 

sampled from the full field. Because the accuracy of the traction magnitude depended on whether or not an interrogation window 

(and the corresponding interrogation point on the mesh) lies on an adhesion area, we averaged the traction force value of n2 inter-

rogation positions that are shifted within the window area, e.g. for a 32 pixel window, the shown value is the mean DTM of 32x32 = 

1024 unique TFM calculations. A window size of 1 pixel corresponds to the full displacement field, which is practically not achieva-

ble using the tracking algorithms presented in this work. 

 

Figure 4.4 | (a) Deviation in traction magnitude (DTM) using a simulated displacement field from the FE solution (best-case scenario for force recon-
struction) for different interrogation window sizes (n2). Note that the displacements are averaged within each window to mimic the pre-smoothing 
by the displacement algorithms. (b) The same result, but displayed as a function of adhesion diameter expressed in units of mesh size. A rational 
function is fitted to the data to show the trend. Adhesions smaller than 4 mesh sizes are difficult to properly reconstruct. 

These values represent the upper limit of force reconstruction accuracy (i.e. lower error limit) that can be achieved using 2D TFM 

on a 3D traction field (53). Inherently, smaller window sizes and larger adhesion areas decrease the potential error limit. To put it 

into a different perspective, Figure 4.4b shows the same error as a function of adhesion diameter, but is expressed in units of the 

applied window size (mesh size is 50% of window size, i.e. neighboring interrogation windows overlap by 50%). This fitted curve to 

the data shows a clear trend toward reduced error for larger FA and smaller window sizes, where we can consider a stable force 

reconstruction with a DTM (error) below 20% if the window size is approximately 3-5 times larger than the adhesion diameter. This 
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result is similar to that described by Sabass and colleagues where the outcome of the force reconstruction was evaluated based on 

displacement field analytically derived from continuum material laws (53). However, in our study we defined the ratio as the size of 

the FA relative to the applied window size, as opposed to the mesh size. The error difference between a smaller mesh size (window 

overlap 50%) and a larger mesh size (window overlap 0%) was only apparent for very small adhesions and for large window sizes 

(green line in Fig. 4b). For windows that were approximately as large as the adhesion size (ratio ~1), the error was up to 20% lower 

using a finer mesh. This is in line with the Nyquist sampling theorem since a finer mesh results in at least two sampling grid points 

within a focal adhesion. When the window is at least half the size of the focal adhesion or smaller (ratio > 2), using a finer mesh size 

(i.e. higher window overlap and > 4 sampling points) does not further influence the outcome. Therefore using an ideal (continuous, 

and noise free) displacement field, without tracking any beads, the window size should be at least ¼ of the focal adhesion size of 

interest to calculate a reasonably accurate force reconstruction (DTM < 20%). For smaller adhesions, the influence of the displace-

ment mesh size becomes more evident and even though it is still possible to measure those forces, the limitations, and high error 

should be kept in mind during evaluation of the traction patterns. 

4.4.3 Higher density bead distribution on the surface improves spatial resolution 

It is generally accepted that the experimental setup used for TFM analysis has a high influence on the achievable result, both in 

accuracy and quality. In order to further validate the performance of the KLT optical flow tracker, we simulated a wide range of 

experimental parameters, which are commonly used in TFM.  

One of this critical parameters is the choice of fluorescent beads, which need to be accurately tracked to measure the cell-induced 

deformations. Firstly, we investigated the influence on the traction error when the beads are confined to the surface of the sub-

strate rather than embedded within it (Figure 4.5). As expected, the surface bead configuration yielded lower traction errors than 

the volumetric distribution. However, the difference in the estimated error values calculated for both conditions was surprisingly 

high, especially in the case of small focal adhesions. In a similar manner, SNR also improved with surface bead distribution, an 

effect that was most prominent for small adhesions. For lower bead densities, differences between surface and volumetric distribu-

tions did follow similar trends but were less pronounced (Supplementary Figure 4.1). We thus conclude that a sufficiently high bead 

density – with markers as close as possible to the adhesion – is essential for an accurate traction reconstruction. 

 

Figure 4.5 | Error, quantified as the deviation of traction magnitude (DTM), and signal to noise ratio (SNR) comparing two different bead distri-
butions: Volumetric beads (3D, α=3) and surface beads (α=2). For all focal adhesion (FA) diameters, but especially for smaller ones, using beads on 
the surface yields a better force reconstruction. All displacements were calculated using KLT with a window size of 8 pixels. 

Along with their location, the density at which beads are placed within or on top of the substrates has an obvious influence on TFM. 

Therefore we simulated different bead densities for each approach using the optical flow tracker and surface-distributed beads 

(Figure 4.6; also see Supplementary Figure 4.2). Increasing the bead density led to an improved force reconstruction. This perfor-

mance gain was present in both DTM and SNR, however increasing the bead density higher than 5 𝑏𝑒𝑎𝑑𝑠/𝜇𝑚𝛼 (surface distribu-
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tion: 𝛼 = 2, volumetric distribution: 𝛼 = 3) counterintuitively lowered the quality of the reconstructed traction field (as indicated 

by the SNR). This surprising result could be explained by ambiguous local derivatives within a small window when the bead density 

is above a certain level. This could lead to spurious displacements in regions with little or no traction, represented by the higher 

variance in the background and hence the lower SNR value. For volumetric bead distributions and different interrogation window 

sizes, this trend was not observed. However, since the DTM is still decreased for high bead density and the SNR – though slightly 

lower – remains high, it is suggested that a bead density as high as possible is one of the design goals of the experimental setup. 

 

Figure 4.6 | Deviation of traction magnitude (DTM), and signal to noise ratio (SNR) for different bead densities. Up to a bead density of 5 
b𝑒𝑎𝑑𝑠/𝜇𝑚𝛼, the error decreases significantly. A bead density higher than 5 𝑏𝑒𝑎𝑑𝑠/𝜇𝑚𝛼 only marginally decreases DTM, but also the SNR. All 
displacements were calculated using KLT with a window size of 8x8 pixels.  

To further explore these results, we focused on the bead themselves and their ability to reproduce the real cell-induced defor-

mations. Within the spatial domain of the substrate, the tracked bead displacements provide a basis to generate an analytical 

approximation of the true substrate displacement field. We investigated approximation accuracy of bead displacement as a func-

tion of simulated bead distribution and density, for both beads confined to the surface and for beads volumetrically-embedded 

within the substrate. This approximation accuracy is represented as the mean ratio of peak displacement in the simulation (at the 

center of the focal adhesion) to the “maximally displaced bead”, i.e. the displacement of the bead which is closest to the center of 

the focal adhesion, for 20 different uniquely and randomly generated bead distributions. Hence a higher density of beads is more 

likely to represent the real displacement field.  

The number of beads beneath a focal adhesion footprint increases quadratically with larger FA diameters (Figure 4.7a). These simu-

lated results correspond well with the analytical expectation defined as: 

𝑁𝑏𝑒𝑎𝑑𝑠 =  
𝜋𝐷2

4
∙ 𝜎 ∙ 𝛿𝑧  

Equation 4.7 

Where 𝑁𝑏𝑒𝑎𝑑𝑠 is the number of beads below a FA, 𝜎 the bead density, 𝛿𝑧 the thickness of the considered region (focus region, here 

1 µm) and 𝐷 the diameter of the FA. When comparing the surface to the volumetric distributions, there were large differences in 

approximation accuracy especially for high bead densities (5 & 10 𝑏𝑒𝑎𝑑𝑠/𝜇𝑚𝛼), where the accuracy increased from 0.3-0.4 to 0.9-1 

(no units) for adhesions up to 3 µm (Figure 4.7b and Figure 4.7c). For lower bead densities (0.33 & 1 𝑏𝑒𝑎𝑑𝑠/𝜇𝑚𝛼) the increase was 

less pronounced but remained almost two-fold. Interestingly for surface distributions, increasing the bead density from 1 to 5 

𝑏𝑒𝑎𝑑𝑠/𝜇𝑚𝛼  or higher yields a stable and substantially improved performance (Figure 4.7c). A similar but less pronounced effect 

can be observed for volumetric beads but in this case, an increment of the bead density from 5 to 10 𝑏𝑒𝑎𝑑𝑠/𝜇𝑚𝛼 can still signifi-

cantly improve the displacement calculation accuracy (Figure 4.7b).  
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Figure 4.7 | Spatial metrics related to the simulated random distribution of beads in both volumetric and surface bound configurations. (a) In 
both cases, the average number of beads beneath an area of a focal adhesion was evaluated (solid line) shown for volumetric distribution, n=20; 
dashed line: Analytical solution per Equation 4.7. (b) The bead displacement approximation accuracy of the bead displacement simulation as a 
function of bead density, shown for the volumetric configuration. This measure is defined as the ratio between the maximum displacements in the 
FEA simulation to the maximal bead displacement. (c) Bead displacement approximation accuracy of the surface bound distribution. Dashed lines 
represent the analytical solution. For a similar number of beads covered by the focal adhesion, the displacement field is better represented on the 
surface than the volumetric configuration. In actual TFM measurements, bead marker displacements are used to estimate the true displacement 
caused by the cell. Therefore, this ratio indicates the ability for a given bead distribution to yield an accurate reconstruction of true displacement. 

The approximation accuracy is a combination of bead location relative to the center and the displacement field in and around the 

focal adhesion. The in-plane displacement on the substrate surface that results from a uniform in-plane traction takes the shape of 

a Bessel function that is invariant relative to the focal adhesion size and displacement peak (Figure 4.8a). On the other hand, the 

depth-variant decrease of the displacement amplitude highly depends on the focal adhesion size and magnitude respectively 

(Figure 4.8b). Therefore in case of a small (<1µm) focal adhesion, the difference in the relative displacement of a bead located on 

the surface and a bead occupying a position 0.5 µm below it would be of approximately 50%. If the beads are randomly and uni-

formly distributed in the volume, the average nearest-neighbor distance of the beads can be approximated by the expected value 

of the probability function (256):  

〈∆𝑟𝑏𝑒𝑎𝑑,3𝐷〉 = ∫ 𝑟𝑓𝑣(𝑟)𝑑𝑟 = 0.554 ∙ 𝑁𝑣
−1/3

∞

0

 

Equation 4.8 

 

Figure 4.8 | Analytical investigation of the displacements induced by an applied surface traction and the average distance from the adhesion 
center to the nearest bead. (a) Cross-section of an in-plane displacement footprint (ux(r/R); blue line) that results from a uniform traction Tx on a 
circular adhesion (red dashed line) as a function of relative distance to the center of the adhesion (r). The displacement can be described by a long-
range Bessel function whose shape is invariant to the radius of the focal adhesion (R). (b) Normalized displacement magnitude as a function of 
depth from the surface (z=0) for different focal adhesion sizes. For small focal adhesions, the displacement magnitude drops rapidly and therefore 
the bead displacement within the volume of the substrate (z<0) is only a fraction of the displacement on the surface. (c) Analytical result of the 
average distance from the center of a focal adhesion to the nearest bead location (Δr), normalized to the radius of the adhesion (R). The results are 
shown for four different bead densities and the two bead distributions (solid line: volumetric distribution; dashed line: Beads confined to the sur-
face of the substrate). 
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Where ∆𝑟𝑏𝑒𝑎𝑑 is the expected distance from the center of a bead to its nearest-neighbor and 𝑓𝑣(𝑟) the probability to find a bead 

from the center of another bead between 𝑟 and 𝑟 + 𝑑𝑟. 𝑁𝑣 is the number of beads per unit volume (bead density). This is also the 

same distance from any point in the volume (here the focal adhesion center) to the nearest bead location. For the beads confined 

on the surface, the average nearest-neighbor distance can be approximated as: 

〈∆𝑟𝑏𝑒𝑎𝑑,2𝐷〉 = 0.5 ∙ 𝑁𝐴
−1/2

 

Equation 4.9 

Where 𝑁𝐴 is the number of beads per unit surface (Figure 4.8c). The combination of the analytical results of ∆𝑟𝑏𝑒𝑎𝑑, which depends 

on the bead density and distribution (on the surface or within the substrate), and on the displacement field footprint confirmed the 

simulated approximation accuracy results (Figure 4.7c). In order to reach a displacement approximation accuracy of approximately 

80%, bead density needs to be high enough to ensure that the bead closest to the center of the FA is located at a distance shorter 

than 50% of the radius of that same FA, with “surface beads” performing better in that context (Figure 4.7 and Figure 4.8). 

4.4.4 Traction magnitude has no influence on error, except for extreme traction levels 

Different traction magnitudes from 1% to 50% normalized to the bulk elastic modulus of the substrate were compared for high 

bead densities (Figure 4.9). Increasing the traction from 1% to 10% did not significantly alter the reconstruction error, although the 

noise ratio was higher for smaller tractions (and thus smaller displacements), particularly when tractions were close to the level of 

traction background (reconstructed traction noise in areas with no applied traction). Increasing the traction magnitude beyond 10% 

of the substrate elastic modulus caused substantial problems in displacement tracking as the displacements exceeded the tracking 

capacity for the algorithm. For lower bead densities, this trend is also visible but less pronounced (see Supplementary Figure 4.2). 

This should be considered when designing experiments, as one should tune the experimental substrate to achieve large enough 

bead movement to clearly distinguish small traction without losing the information at sites of large traction stress. 

 

Figure 4.9 | Deviation of traction magnitude (DTM), and signal to noise ratio (SNR) for different traction magnitudes, expressed as a percentage 
of Young’s modulus of the substrate. Up to a certain magnitude, the influence on the result remains small. However, for large traction and large 
adhesions, displacements are too big and the tracker fails to correctly match the bead displacements. If these are too small, the signal is of the 
same magnitude as the background noise, therefore resulting in lower SNR values. 

4.4.5 Experimental TFM confirms in silico results 

In order to confirm whether the above-mentioned optimizations also hold for real TFM image sets, we cultured HuO9 osteosar-

coma cells on soft polyacrylamide substrates with two different bead distributions and estimated the tractions exerted by the cells 

using PIV and KLT algorithms (Figure 4.10). All trends reported above on the basis of in silico TFM data were as well critical in in 

vitro TFM experiments. Independently of the distribution of the fluorescent beads, the estimated displacement field and traction 
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forces (Figure 4.10e - Figure 4.10l) display higher peak values when calculated with the KLT approach. Comparing the results ob-

tained using surface and volumetric bead distribution reveals higher resolution and less background noise in the surface configura-

tion and a peak traction which is almost three times higher (Figure 4.10k and Figure 4.10l). In a similar fashion, the peak traction 

forces analyzed by KLT are approximately twice as high as the PIV derived traction, with a visibly improved background level, espe-

cially for the surface beads (Figure 4.10j and Figure 4.10l). 

 

Figure 4.10 | Experimental TFM of a HuO9 cell cultured on top of a polyacrylamide gel with two different bead distributions, and analyzed using 
two different displacement field algorithms. (a) Volumetric bead distribution in the green channel, (b) Beads bound on the surface in red channel, 
(c) HuO9 labeled with the lipophilic dye DiD and (d) Image composite of the two bead layers in orthogonal view (x-z axis). (e-h) Absolute displace-
ments in µm, analyzed using PIV (e, g) and KLT (f, h) for the volume beads (e, f) and surface beads (g, h). (i-l) Absolute Traction fields in Pa as ob-
tained using PIV displacements (i, k) and KLT (j, l) for volume beads (i, j) and surface beads (k, l). Scale bar represents 30µm. 

4.5 Discussion 

Measuring cellular traction on flat elastic substrates using TFM is a widely used approach for mechano-profiling of cells and to 
study the underlying biophysical processes that drive cellular processes such as migration. Nevertheless, the methods used for the 
estimation of these forces suffer from various limitations. The present work quantifies for the first time how imaging features close 
to the resolution limit of conventional microscopes, as well as the ill-posed nature of the constitutive laws used to calculate traction 
forces given displacements, can lead to a very large underestimation of true cellular forces.  

Our results clearly demonstrate how potentially catastrophic errors emanate and propagate during sequential steps of a TFM anal-
ysis in a manner that may preclude meaningful reconstruction of adhesion traction stresses. We accordingly provide quantitative 
guidance on “best practices” to minimize such errors. Among our most important recommendations, we suggest that optical flow 
algorithms (such as the Kanade-Lucas-Tomasi algorithm) be harnessed to minimize tracking errors. We show that these errors are 
particularly problematic for small focal adhesions and/or in regions of relatively low marker density. These tracking errors are po-
tentially devastating as they occur in the earliest steps of TFM image analysis, with consequences for all downstream analysis. 
Despite the fact that accurate feature tracking is essential to accurately reconstructing the substrate displacement field, little or no 
progress has been made in overcoming the performance limits of the particle imaging velocimetry approaches that currently domi-
nate the field. In the present study, we demonstrate that optical flow algorithms offer a high potential to identify small focal adhe-
sions that PIV approaches miss. Also importantly, optical flow algorithms are computationally several orders of magnitude faster 
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(less computationally expensive) than correlation-based PIV approaches. In other words, they are both very fast and more accurate 
than PIV. 

These insights were gained by developing and exploiting a simulation based calibration platform that allows a thorough bench-
marking and assessment of all steps involved in TFM. As mentioned above, we focused mainly on the displacement measurement 
step, a critical link in the chain that has often been neglected. We generated TFM images of fluorescent beads that display high 
similarity to those obtained experimentally and simulated bead displacements in them by using a finite element solution for ap-
plied reference tractions of known shape and magnitude.  

This calibration platform improves upon existing simulation environments that have directly focused on force reconstructions 
downstream of a designated displacement field, an approach that neglects consideration of potentially catastrophic errors that can 
result from algorithmic bead tracking from experimental data sets (53, 103). Firstly, we included the 3D displacement of the beads 
and discussed the error that accompanies the use of a 2D analysis on images of these 3D substrates, neglecting vertical displace-
ments that are caused even for purely in-plane traction of cells on the substrate surface. Second, including the bead image genera-
tion allowed us to test and compare different displacement approaches independently from the force reconstruction. In a similar 
way, the presented platform can be tuned to simulate any experimental setup by using an exact model for the microscope’s point 
spread function and the size, density and distribution of the beads.   

Starting with several models of experimental traction on a single focal adhesion scale, we quantified the influence of critical exper-
imental parameters such as fiducial bead seeding strategy and focal adhesion size as well as computational parameters during the 
bead tracking using the standard PIV approach. Using the simulated datasets with known input allowed us to determine the theo-
retical limits of TFM and to identify potentially avoidable sources of errors. As a result of this analysis, we were able to quantify the 
potentially critical advantages of using the Kanade-Lucas-Tomasi bead tracker (Figure 4.3), as discussed above. 

Moreover, the extent to which one can meaningfully analyze lateral traction in a 3D system using only in-plane displacements 
remains an open point. As mentioned, if the substrate material is incompressible (𝜐~0.5), the lateral traction/displacement can be 
decoupled from the vertical displacement. Further, even when 𝜐 is substantially lower than 0.5 the error in lateral traction magni-
tude remains small when neglecting out-of-plane displacements (257). Similarly, our data show that a very small window size re-
sults in an error of almost zero (Fig 4a), indicating that the vertical displacements indeed have a minor influence. Extending the 
platform to include vertical displacements (using z-stacks instead of single images) and vertical tractions would allow one to study 
out of plane traction as well as rotational moments at focal adhesions (103). While this work may be important for addressing 
certain specific biological questions (65, 171, 191, 258), it falls outside the scope of present study. 

In order to keep the investigated parameter space and resulting computational datasets manageable, we deliberately implemented 
certain simplifications to the model. With current imaging systems and the use of beads emitting strong fluorescence, most image 
noise sources are very small (225) and hence we neglected its impact. We simulated the influence of photon noise on the bead 
images and showed that only for a very low photon count the force reconstruction may suffer (see supplementary Note & Supple-
mentary Figure 4.3). Additionally, the traction applied was simulated as being constant over a circular area, whereas it has been 
observed that the traction peak within a single FA is often strongly fluctuating (137) while acting on an elliptical footprint, especially 
for larger sizes. Even though this local variation of traction forces may further complicate accurate reconstruction, the influence of 
the experimental setup or post-processing is expected to follow a similar behavior, as investigated in this study. 

Sub resolution-sized features mimicking the fluorescent beads classically used in TFM experiments were incorporated in the mod-
eled substrates and served as markers of the displacement caused by the tractions. Beads close to the surface, as well with high 
density, increase the chances to accurately track the displacement field, which was theorized - though not quantified – earlier (53, 
120). These design parameters become extremely important when looking at small focal adhesions with low traction amplitudes 
since an undesirable bead distribution (low density, below the surface) does not allow an adequate analysis in the needed resolu-
tion level (Figure 4.6). 

As discussed, using an optical flow tracker can improve traction reconstruction in terms of both error and noise, especially for 
smaller focal adhesions. In addition, the very low computation time of this approach allows the use of smaller interrogation win-
dows and hence is able to detect features at higher resolutions (Figure 4.3) (76). As suggested by the data presented in this work, 
using KLT to track beads is likely to outperform correlation based approaches in almost all variants of TFM experiments, including 
micro-patterned approaches with distinct feature definition (60). However, it remains to be investigated how KLT performs on 
images acquired with a widefield microscope and on a substrate with a substantially different refractive index because the larger 
PSF and increased background signal could disturb the feature detection and hence the tracking accuracy. 

Cell-generated tractions are proportional to strain, with limits on accuracy toward both ends of the metric spectrum. In the case of 
large displacements, assumptions of linear substrate elasticity may no longer hold, while on the other hand, if the cell-induced 
displacements are too small, tracking accuracy will decrease. Therefore, choosing a substrate material that is optimal for traction 
measurements that is yet still physiologically relevant is an important task that must be adapted to the target traction and peak 
displacement of a particular cell type. We simulated different traction force magnitudes as a function of the material stiffness and 
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demonstrated that for stress up until 25% of the material modulus, there was no adverse influence on the result. However, for 
stresses above this threshold and for large focal adhesions, displacements exceed the ability of the algorithms to track them cor-
rectly and thus errors increase. When looking at the peak displacements of the simulated data and the errors caused by tracking 
the beads, we suggest using a substrate stiffness in order for the peak displacements not to exceed 1-2 µm (Supplementary Figure 
4.4). 

Accurately measuring cell-generated traction forces is a challenging task, specifically for microscopy-based, high spatial resolution 
analysis of the focal adhesions points through which cells act on their surroundings. The presented simulation and calibration 
framework helps to understand these limits under a given setup and proposes a simple new approach that significantly improves 
accurate traction force reconstruction, especially for small focal adhesions. We believe that in the future, it will be possible to effec-
tively resolve the complete traction field of a cell in 2D, with our calibration data helping to properly quantify the accuracy of the 
obtained data and avoid numerical and experimental biases. Hence more reliable conclusions about the interactions between the 
cell and its immediate surroundings can be drawn. 
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4.6 Supplementary Material 

 

Supplementary Figure 4.1 | Deviation of traction magnitude (DTM) and SNR for different simulation and evaluation criterion. (a-c) DTM for 
different displacement algorithms (as described in Figure 4) for beads distributed on the surface of the substrate with a density of (a) 5, (b) 1 and (c) 
0.33 beads/µm3. (d-f) DTM and SNR comparing surface and volume distribution (as described in Figure 5) for beads distributed on the surface of the 
substrate with a density of (d) 5, (e) 1 and (f) 0.33 beads/µm3. 
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Supplementary Figure 4.2 | Deviation of traction magnitude (DTM) and SNR for different simulation and evaluation criterion. (a-c) DTM and SNR 
for different bead densities (as described in Figure 6), analyzed for (a) conventional PIV, (b) template matching PIV (TPIV) and (c) Particle tracking 
velocimetry (PTV) as described in material & methods. (d-f) DTM and SNR comparing different input tractions (as described in Figure 7) for beads 
distributed on the surface of the substrate with a density of (d) 5, (e) 1 and (f) 0.33 beads/µm3. 
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Supplementary Figure 4.3 | Examples of images and traction analysis done on images with different qualities. (a) Examples of simulated bead 
images as used in the simulation with varying densities d (d=0.33 - 10 beads/µm3) and Poisson (shot) noise (SNRp = 5 – 25, infinity refers to no 
noise), scale bar 1 µm. (b) Example results for the traction footprint as obtained using KLT and FTTC (as described in materials & methods), scale bar 
5 µm, input traction 2kPa. (c-f) DTM and SNR comparing different Poisson noise input SNRp for (c) 0.33, (d) 1, (e) 5 and (f) 10 beads/µm3. 
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Supplementary Figure 4.4 | Deviation of displacement magnitude (DDM) for the same dataset and parameter as for the measurement of the 
deviation of traction measurement (DTM; Figure (4-7)). (a) DDM and SNR for the four different displacement algorithms tested. (b) DDM and SNR 
for beads distributed in the volume (3D) and surface (2D) of the measurement substrate. (C) DDM and SNR for different bead densities, distributed 
on the surface of the substrate (analyzed with KLT). (d) DDM and SNR for different input traction magnitude expressed as a percentage of the 
young’s modulus of the substrate. As the input traction and focal adhesion size increases, the peak displacement increases which cannot be tracked 
accurately anymore. (e) Peak displacement obtained from the numerical FE solution as a function of adhesion size and focal adhesion diameter. 

 

Analysis Method Window size (nxn 
pixel) 

Grid Vector filter Smooth Traction 

PIV 16,32,64 50% of Winsize 
(8,16,32) 

After each iteration Wiener, 
Gaussian 

FTTC 

PTV 16,32,64 8 On final grid Wiener, 
Gaussian 

FTTC 

KLT 8,16,32,64 8 On final grid Wiener FTTC 

Supplementary Table 4.1 | Overview of all displacement tracking algorithms and parameters used. Bold numbers are final values used to calculate 
the results in this study. 
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5.1 Abstract 

Osteosarcoma is the most frequent bone cancer in children and young adults with approximately 75% of the cases being diagnosed 

in patients between 15 and 25 years of age (259). In the case of being early detected, standard treatment comprises surgical re-

moval followed by chemotherapy and achieves a 5-year survival rate of nearly 60%. Nevertheless, prognosis of patients with meta-

static tumors at diagnosis remains poor and their 5-year survival rate remains below 30% (259). Because of their mesenchymal 

origin osteosarcomas do not follow standard epithelial-to-mesenchymal transition (EMT), a process by which malignant cells gain 

invasive and metastatic capabilities (260). This difference invalidates many of the observations made in the more frequent carci-

nomas, which have an epithelial origin. In the present work we have used a number of analytical methods to investigate the impact 

of increased metastatic potential on the morphological and mechanical properties and on the force generation capability of osteo-

sarcoma cells. With that aim we used two paired cell osteosarcoma cell lines, Saos-2/LM5 and HuO9/M132 (261, 262), with each 

pair comprising a parental cell line with low metastatic potential and its experimentally selected, highly metastatic form. Morpho-

logical data was extracted from images of fluorescently stained actin cytoskeleton, focal adhesions and nuclei of the cells. In turn, 

mechanical characterization was performed by means of atomic force microscopy (indentation-type AFM), tensile biaxial defor-

mation and real-time deformability (RT-DC). Finally, cell-matrix force interaction was measured using two-dimensional traction 

force microscopy (TFM) and micropost-based TFM (mTFM).  

5.2 Introduction 

Tumors are classically diagnosed using manual palpation, with malignancies appearing harder to the touch than normal tissues. 

While it has been demonstrated that the extracellular matrix of the majority of cancers does indeed harden (263, 264), cells isolat-

ed from these tissues are frequently softer than their normal counterparts (265). For instance, cell softening has been reported 

among other tumor types in bladder cancer (266), breast cancer (267), leukemia (268), melanoma (269) and oral squamous cell 

carcinoma (270). The acquisition of these phenotypic features is resulting from sequential and random adaptions of the cancer cells 

to their microenvironment, which are obtained through genetic and epigenetic changes (271). It is also known that selective pres-

sure is particularly dramatic in the case of metastatic cells, which have to survive in variety of contrasting environments (272). 

Osteosarcoma is the most frequent primary bone cancer and affects mostly children and young adults. Despite the significant pro-

gress experienced in surgical and chemotherapeutic treatment of this tumor type, the survival rate of patients with metastatic 

disease remains below 30% (259). Additionally, because of its mesenchymal origin, osteosarcomas do not follow standard epitheli-

al-to-mesenchymal transition (EMT), a process by which malignant carcinoma cells lose their polarity and disassemble their cell-cell 

junctions giving rise to mesenchymal-like cells (273). This difference potentially invalidates many of the observations made in the 

more frequent carcinomas that have epithelial origin. In the present work, we have analyzed the changes that osteosarcoma cells 

suffer during the metastatic process. With that aim, we have used two paired cell lines composed of a low metastatic osteosarcoma 

parental cell type and an experimentally derived highly metastatic variant. In both pairs, the low metastatic cells (SaOs-2 and HuO9) 

were isolated from primary human osteosarcomas and the corresponding highly metastatic sub line (LM5 and M132) were derived 

by means of intravenous injection of the parental cell lines into immunodeficient mice and serial re-transplantation of the forms 

secondary lung tumors. SaOs-2 cells were collected and re-transplanted four times to give rise to the highly metastatic LM5 cells 

(261). In turn, the HuO9 cells went through the serial transplantation process three times until the metastatic M132 cell line was 

established (262). The lasting impact of the adaptations acquired by the neoplastic cells subject to this protocol are confirmed by 

their significantly enhanced metastatic dissemination. For instance, while intravenously-injected HuO9 cells require almost two 

weeks to form visible secondary lung tumors, the time needed to metastasize of the derived M132 cell line is almost reduced to 

half, resulting in a corresponding shortening of the survival rate of the host animals (262, 274). Similarly, the metastatic tumors 

formed by LM5 cells are more abundant and significantly larger than those of the parental cell line SaOs-2 (261). The performed 

mechanical tests comprise indentation-type atomic force microscopy (IT-AFM), real-time deformability (RT-DC) and tensile biaxial 

stretching. Additionally, we have analyzed the morphological differences between the low and the high metastatic cell lines using 

fluorescently labelled cells and their force generation capabilities were estimated using two-dimensional traction force microscopy 

(TFM) and micro pillar-based TFM (mTFM). 

5.3 Material and Methods 

5.3.1 Cell Culture 

SaOs-2, LM5, HuO9 and M132 cells were cultured in Dulbecco’s Modified Eagle’s/Ham (F12) (Sigma D8437) medium, supplemented 

with 10% fetal calf serum (Thermo Fischer Scientific, 10270106) at 37°C in a humidified 95% air/5% CO2 atmosphere. The LM5 cell 



Force Direction Matters: A Complex Relationship between Metastatic Potential and In Vitro Mechanical Properties of Osteosarcoma Cells 

79 

line was kindly provided by E.S. Kleinerman, M.D. Anderson Cancer Center, Houston, TX, USA, and the HuO9 and M132 cells by M. 

Tani, National Cancer Center Hospital, Tokyo, Japan. 

5.3.2 Substrate Preparation 

All experiments involving adherent cells were done using silicone substrates prepared identically. Briefly, PDMS (Sylgard 184, Dow 

Corning) was mixed in a 60:1 base:crosslinker ratio, which results in a bulk Young’s modulus of 15kPa (92), degassed and spin coat-

ed on top of silicone sheets (SMI Inc.) for the tensile analysis or 25 mm diameter #1 coverslips (Menzel Gläser, Germany) for immu-

nofluorescence and TFM experiments. PDMS was allowed to cure overnight at 45°C and subsequently incubated for 45 minutes in a 

10% solution of (3-Aminopropyl)triethoxysilane (APTES, Sigma-Aldrich, 440140) in ethanol, washed and further incubated one hour 

in 3% glutaraledhyde in PBS. Next, substrates were incubated in a suspension of 0.5 µm red-fluorescent carboxylated beads (1:100; 

Thermo Fischer Scientific, F8812) in PBS. Substrates were then washed and incubated in a sulfo-SANPAH (ProteoChem, C1111) 

solution (0.2 mg/ml) in HEPES buffer (Thermo Fischer Scientific, 15639-056), illuminated with UV light (Stratalinker UV Cross linker 

2400, Statagene) and immersed in a 50 µl/ml collagen solution (Corning, 354236). After 3 washing steps with PBS and 3 with com-

plete medium, cells were seeded at low density and allowed to attach overnight. 

5.3.3 Immunofluorescence, Image Acquisition and Segementation. 

Cells were fixed with 10% neutral buffered formalin (Sigma-Aldrich, HT501128) for 20 minutes at room temperature and permea-

bilized for 10 minutes in 0.2% TritonX-100 (Sigma-Aldrich, 93418) in PBS. Samples were then incubated with anti-vinculin primary 

antibody (Sigma-Aldrich, V9131) at appropriate dilution (1:400). Next, samples were washed several times in PBS and further incu-

bated with an anti-mouse secondary antibody (Alexa-Fluor-488, Thermo Fisher Scientific, A21202) together with fluorescent phal-

loidin (Alexa-633; Thermo- Fisher Scientific, A22284) and NucBlue (Invitrogen, R37605) for one hour. Finally, samples were washed 

three times with PBS and mounted in Mowiol. Confocal images were acquired using an inverted spinning disc confocal microscope 

(iMic, FEI Photonics, Germany) using the adequate filter sets and a high magnification objective (60x, N.A. 1.35). For the morpho-

logical analysis in free-floating state, cells were trypsinized for 5 minutes, centrifuged at 250g and re-suspended in PBS. F-actin and 

nuclear staining were performed using the same protocol as in the case of adhering cells. In both conditions, images were pre-

processed with ImageJ (v.1.50e; National Institutes of Health, USA) (Figure 5.1) (275) and the analysis of morphological features 

was performed with CellSegm, a MATLAB (MathWorks, Natick, MA) segmentation toolbox (276) and represented using the UCSF 

Chimera package. 

 

Figure 5.1 | Morphometric analysis of immunofluorescence images. Image segmentation was used to determine the morphological features of the 
osteosarcoma cell lines used in the present study (in this example SaOs-2). (A) Confocal images of the different cell lines stained with DAPI (blue 
channel in the upper left panel), phalloidin (red channel) and anti-vinculin (green channel) were used to obtain cell spreading area (upper right 
panel), projected area of the nucleus (lower left panel) and focal adhesion number (lower panel right). (B) For volume estimations non-adherent 
cells were stained with phalloidin (green channel) and DAPI (red channel). In the example confocal slices of a free-floating SaOs-2 cell (upper panel) 
were reconstructed and segmented to estimate cytoplasmic and nuclear volumes (lower panel). Scale bars represent 25 μm. 



Force Direction Matters: A Complex Relationship between Metastatic Potential and In Vitro Mechanical Properties of Osteosarcoma Cells 

80 

5.3.4 Indentation-type Atomic Force Microscopy 

Compressive characterization of cell stiffness was performed by AFM microindentation using a Nanowizard AFM (JPK Instruments). 

Cells were seeded on glass slides or functionalized PDMS (Sylgard 184, Dow Corning), both coated with 10 µg/ml collagen type-I 

(Corning, 354236), and incubated overnight. All measurements were taken in normal culture medium and at room temperature. 

Silicon, spherical (R=1 µm) AFM tips (NanoWorld AG) were coated with PLL-PEG in order to hinder cell attachment, and the spring 

constant of 0.42 N/m was calibrated by measuring the free resonance frequency in air prior to the experiment. The maximum 

indentation force was chosen so that the indentation depth was small enough (~1 µm) to avoid any influence of the underlying 

substrate and to permit a small strain assumption in the analysis (15). In order to eliminate the possibility of a confounding influ-

ence of the substrate, measurements were performed with cells on both soft PDMS and rigid glass. The extension/retraction speed 

was set to 4 µm/s. Force-displacement curves of at least 20 cells per sample of at least 2 samples per cell line and substrate were 

taken and analyzed with the JPK Image Processing software that applies the Hertz model for spherical indentation (194) in order to 

calculate the cell stiffness in terms of Young’s Modulus.  

5.3.5 Real-Time Deformation Cytometry 

Real-time deformability Cytometry (RT-DC) measurements were performed as previously described (277). Briefly, cells were tryp-

sinized, centrifuged and resuspended at a final concentration of 1x106 cells/ml in a methylcellulose/PBS solution. Next, cells were 

pumped at a constant flow rate through the microfluidic chip, placed on an inverted microscope (Axiovert 200M, Carl Zeiss) 

equipped with a 40X objective and a high-power light source. When the flow profile was stabilized, a high-speed CMOS camera 

(Mikrotron MC1362) was used to acquire images of the cells being deformed by the flow through the channel while image analysis 

has been carried out on-the-fly.  Measurements of all cell types were repeated at least three times using two different flow rates 

(0.16 and 0.32 µl/s). As reference, projected cell area and circularity were additionally extracted for cells passing through a section 

of the microfluidic chip with a large cross section, hence without being deformed. Images of the cells were processed first by back-

ground subtraction and image thresholding, then extracting the cell contour of the binary image (278), measuring the perimeter p 

and the cell cross-sectional area A, and then calculating the cell deformation D through the circularity c defined as: 

𝐷 = 1 − 𝑐 = 1 −
2√𝜋𝐴

𝑝
;  ∈  [0,1] 

Equation 5.1 

The respective cell stiffness was then estimated using a previously derived analytical model (279), which uses the flow profile 

around a spherical object moving in a cylindrical channel to derive the relationship between cell size-dependent stress, defor-

mation and elastic properties. 

Because of biological variation, a high-throughput technique like RT-DC can result in a significant difference when using a t-test or 

the Mann-Whitney-U tests due to the very large sample size. Hence in order to test the significance in the RT-DC experiments, 

considering the variation between replicates and also the variation of the effect of a treatment, an algorithm based on linear mixed 

models and likelihood ratio test was used, which was introduced earlier (280). For data analysis ShapeOut , an open source analysis 

tool for RT-DC data was used to perform these tests (281). 

5.3.6 Tensile Testing 

The stiffness of cells resulting from their ability to resist applied biaxial tensile strain was calculated using a previously developed 

platform (17). In brief, cells where stretched using a functional imaging platform coupled with a commercially available pressure 

actuated biaxial stretcher (StageFlexCell) and images of the fluorescent beads were acquired during stretch and in the relaxed state 

using a Leica DM5500 microscope equipped with a 40x N.A. 0.8 water immersion objective. On each substrate, between 10 and 20 

randomly selected cells were probed three times each in a randomized fashion. Image pairs were post-processed with a MATLAB 

(MathWorks, Natick, MA) algorithm using an interface to the ImageJ plugin bUnwarpJ, which extracts the deformation between the 

two images by performing an elastic registration using an energy  minimization method and represented by B-splines (282). The 

two principal strains (equal to radial and circumferential strains in a 2D equibiaxial strain state) can be calculated using the direct 

differentiation of the spline-based displacement field. The measured mean strain drop (MSD) was calculated by subtracting the 

minimal substrate strain underneath the cell from the overall mean substrate strain. The Young’s modulus was subsequently pre-

dicted using an inverse Finite-Element method (FEM) model (17). 
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5.3.7 Traction Force Microscopy 

Substrates were mounted on a metal holder (Ske Research equipment, Italy) and place on an inverted spinning disc confocal micro-

scope (iMic, FEI Photonics, Germany) equipped with a 40x (N.A. 0.95) objective. Image stacks of the cell bodies and surface beads 

were acquired before and after cell detachment of the cells achieved by addition of approx. 0.5 ml of 10% Sodium dodecyl sulfate 

to the medium (135). After image acquisition, stacks were post-processed in ImageJ (275) in order to obtain single images of the 

beads in focus (283) per stack. Methods for traction force reconstruction were employed as previously described (77). Briefly, 

image pairs were imported into MATLAB (MathWorks, Natick, MA) and aligned to correct for drift (dftregistration.m) and cell trac-

tion induced deformation of the substrates was measured using an iterative optical flow tracker called Lukas-Kanade Tracker (KLT). 

Bead displacements were interpolated on a regular grid with an 8 pixel spacing (1.2 µm) and filtered using a two-dimensional Wie-

ner filter. From this displacement field, the traction stresses were calculated using regularized Fourier Transform Traction Cytome-

try (FTTC) (51) with zero-order regularization (49), using the same regularization parameter for all experiments. The PDMS sub-

strate was assumed to be incompressible and hence the Poisson’s ratio was set to 0.5 (284). 

5.3.8 Micropillar-based TFM 

Micropillar arrays were purchased and used following the manufacturer’s instructions (MicroDuits GmbH, Switzerland). Briefly, 

25.000 cells were seeded on top of each prepared micorpillar array and allowed to adhere for 6-10 hours. Cells were then washed 

twice with prewarmed PBS, fixed in formalin solution (Sigma, HT501128) for 20 minutes and stained with Coomassie blue R-250 

solution (ThermoFisher,   20278) for 30 seconds. Arrays were then washed twice with distilled water and stored at 4°C until imaging 

was done. Cells were imaged under an inverted bright field microscope (ScanR, Olympus) equipped with a 40X N.A. 0.9 objective 

and a Hamamatsu ORCA-FLASH 4.0 camera. Finally, the images were analyzed using the open source software Mechprofiler 1.0 

(57). 

5.3.9 Data Representation and Statistical Analysis 

If not stated differently, data representation and statistical analysis were done using Prism (v.7, Graphpad, USA) and values of 

compared groups were tested for significance using a two-tailed Mann-Whitney-U test.  Significances are noted as: * p<0.05, ** 

p<0.01, *** p<0.001 and **** p<0.0001. 

5.4 Results 

5.4.1 High and low metastatic osteosarcoma cells display large morphological differences 

Immunofluorescent staining was used to reveal the morphologic differences between the studied cell model pairs. Staining of 

filamentous actin with fluorescently labeled phalloidin shows similar cytoskeletal organizations in SaOs-2 and LM5 cells in adherent 

state, exhibiting well-defined stress fibers that span across the cell body. In turn, adherent M132 and, even more evidently, HuO9 

cells display thin stress fibers forming abundant filopodial-like structures (Figure 5.2). These morphological features result in lower 

cell circularity values for this osteosarcoma pair, with the low metastatic variant displaying the least circular approximation. 
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Figure 5.2 | Representative images of osteosarcoma cells in adherent and non-adherent configuration. SaOs-2, LM5, HuO9 and M132 cells were 
chemically fixed and fluorescently stained in two different conditions, cultured on substrates identical to those used in the tensile stiffness and TFM 
experiments, and in free-floating state. In the images of the cells on two-dimensional substrates (upper row) beads on the surface are displayed in 
white, nuclei in blue, actin cytoskeleton in red and vinculin in green. The yellow color indicates co-localization of the signal of actin (in the stress 
fibers) and vinculin. In turn, in free-floating state (bottom row) the actomyosin cortex, evidenced with phalloidin staining, are shown in green and 
nuclei in red. Scale bar represents 30 μm for images of adhering cells and 15 μm for images of free-floating cells 

Quantitative image analysis of the fluorescently stained samples reveals that in two-dimensional culture conditions, the highly 

metastatic variants exhibit significantly smaller spreading area sizes (Figure 5.3B). In the SaOs-2/LM5 model the reduction in 

spreading area (2254.7±955.4 μm2 (n=24) vs. 1605.8±478.8 μm2 (n=22) for SaOs-2 and LM5 respectively) is accompanied by an 

equivalent reduction of nuclear projected area (287.9±67.7 μm2 (n=24) vs. 246.6±64.2 μm2 (n=22) for SaOs-2 and LM5 respective-

ly). This trend is not found in the HuO9/M132 cell pair, in which the reduction in nuclear projected area (221±82.2 μm2 (n=29) vs. 

197.2±43.3 μm2 (n=27) for HuO9 and M132 respectively, Figure 5.3C) is less pronounced than the drop in the spreading area of the 

highly metastatic cell line (1385±453.4 μm2 (n=29) vs. 869.6±304.4 μm2 (n=27) for HuO9 and M132 respectively). 

As a model of cell adhesion and its connection with the extracellular matrix (ECM) in two-dimensions, immunofluorescence staining 

against vinculin was performed (Figure 5.2, green channel). Vinculin is a major component of the intramembranous-cytoskeletal 

proteins that form the focal adhesions. The analysis of the vinculin signal shows a higher average number of focal adhesions in the 

SaOs-2 and HuO9 cells (80±32 and 88±31, respectively) than in their highly metastatic counterparts (45±13 in the case of LM5 and 

37±19 in M132) (Figure 5.3D). This difference is also evident when the data is normalized by the spreading area, the highly meta-

static cells LM5 and M132 having 0.0294±0.0085 FAs/μm2 and 0.0417±0.0154 FAs/μm2 respectively, compared with 0.0312±0.0107 

FAs/μm2 and 0.0652±0.018 FAs/μm2 for SaOs-2 and HuO9, respectively (Figure 3E). 

Cell body size, defined as the volume enclosed by the actomyosin cortex in free floating state (Figure 5.1, bottom row) appears 

significantly reduced in the highly metastatic cells variants of both models (Figure 5.2, C&D), with (2077±732 μm3 (n=26) vs. 

1803±703 μm3 (n=37) for SaOs-2 and LM5, respectively, and 2653±941 μm3 (n=71) vs. 2228±841 μm3 (n=25) for HuO9 and M132) 

(Figure 5.3F). Similar to the morphology of adherent cells, nuclear size follows contrasting tendencies, with the parental cell line of 

HuO9 and the highly metastatic LM5 cells displaying significantly larger nuclei than their paired cell lines (902±475 μm3 (n=26) vs. 

1132±552 μm3 (n=37) for SaOs-2 and LM5, respectively, and 1328±490 μm3 (n=71) vs. 1026±514 μm3 (n=25) for HuO9 and M132) 

(Figure 5.3G). The quantified smaller spreading areas together with a less pronounced reduction in free-floating volumes results in 

both highly metastatic cell types displaying larger cellular heights. 
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Figure 5.3 | Morphometric analysis of cell body, nuclear sizes and focal adhesion count for high and low metastatic cell lines. Boxplot diagrams 
showing mean values and standard deviation of diverse morphological features of the osteosarcoma models, namely (A) circularity (B) spreading 
area, (C) nuclear projected area, (D) focal adhesion count, (E) focal adhesion density, (F) free-floating volume, (G) free-floating nucleus volume. 
(SaOs-2, n=24; LM5, n=22; HuO9, n=29; M132, n=27) (* p<0.05, ** p<0.01, *** p<0.001, **** p<0.0001). 



Force Direction Matters: A Complex Relationship between Metastatic Potential and In Vitro Mechanical Properties of Osteosarcoma Cells 

84 

5.4.2 Indentation-derived cell stiffness of adherent cells follows divergent trends in both 

osteosarcoma model pairs 

Indentation-type atomic force microscopy (IT-AFM) is one of the most widely used methods to probe mechanical properties of cells 

growing on two-dimensional substrates. In our experiments we measured the compressive E modulus for each line in two different 

experimental conditions, growing on glass and on PDMS. AFM indentation results are shown in Figure 5.4A. SaOs-2 yielded an 

average compressive modulus of 3.5±1.7 kPa (n=68 cells) on glass and of 3.9±1.8 kPa (n=59) on PDMS, while the highly metastatic 

variant LM5 was respectively significantly softer (P<0.001) in both conditions (E=1.8±0.8 kPa (n=70 cells) on glass, E=2.4±1.0 kPa 

(n=32) on PDMS). In turn, the parental cell line HuO9 was significantly more compliant in compression than its highly metastatic 

form M132, both on glass (2.0±0.7 kPa (n=81 cells) vs. 4.9±2.0 kPa (n=80)) and on PDMS (2.6±1.5 kPa (n=47 cells) vs. 5.1±2.2 kPa 

(n=80)). Surprisingly, cells are softer on the rigid substrate (glass) than on the soft PDMS gels.  

 

Figure 5.4 | Deformation of osteosarcoma cells estimated using indentation-type atomic force microscopy and real-time deformability. For both 
osteosarcoma elastic modulus was estimated on cells attached to (A) PDMS (empty bars) and to glass (dashed bars). The analyzed model cell pairs 
display similar mechanical features on both substrates, however different trends for the two model cell lines (all tests: **** p<0.0001). (B) In turn, 
the mechanical properties of free-floating cells was estimated using real-time deformability. These experiments reveal higher compliance of the 
highly metastatic cells compared with the parental cell lines, although only significant for the SaOs-2/ LM5 model pair. (C) In accordance with the 
morphological data, the volume of the measured cells where significantly smaller with high metastatic potential for both model lines. (D) Same 
trend can be seen in analyzed area.  (* p<0.05, ** p<0.01, *** p<0.001, **** p<0.0001). 

 

5.4.3 In free-floating state, highly metastatic osteosarcoma cells are softer than the less met-

astatic counterparts 

Deformability of free-floating osteosarcoma cells was estimated using the recently described real-time deformability cytometry 

(RT-DC) (277). In this case, sub-confluent cultures of osteosarcoma cells were trypsinized, centrifuged, resuspended in a solution of 

PBS containing 0.5% (w/v) methylcellulose and immediately analyzed using the RT-DC setup. Results reveal increased deformation 

in both highly metastatic cell lines (Figure 5.4B), which is mapped to a bulk stiffness using a model of the fluid-dynamics.  Specifical-

ly, SaOs-2 (n=1005, 3 replicates) and HuO92 (n=903, 3 replicates) display an estimated stiffness of 1.55±0.11 kPa vs. 2.11±0.18 kPa 

respectively, while the highly malignant counterparts LM5 (n=1550, 3 replicates) and M132 (n=758, 2 replicates) exhibit a compa-
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rable drop in their rigidity (1.40±0.12 kPa and. 1.96±0.09 kPa, respectively), however only significant for the Sa0s-2/LM5 pair. In 

turn, there is a significant drop in area and volume with increasing metastatic potential for both cell model lines (Figure 5.4C & D), 

which confirm the results reported in the morphologic analysis (Figure 5.3).  

5.4.4 High metastatic cells display slightly higher tensile stiffness values 

All four osteosarcoma lines were tested in tension using a previously described method in which stiffness is estimated based on 

their ability to resist biaxial tensile strain applied through a regulated vacuum pump to a soft PDMS substrate (17). Images of the 

beads attached to the substrates in the relaxed and the stretched state were used to estimate the deformation map, and the re-

sistance to the deformation of the cell was quantified by calculating the largest strain drop beneath each cell footprint relative to 

the applied strain. With the measure called mean principal strain drop (MPSD), the tensile stiffness is estimated by application of an 

inverse finite element model of the system (Figure 5.5A). Both osteosarcoma cell model lines follow the same trend by a lowered 

ability to resist the tensile deformation for the highly metastatic cell lines than their parental cells (Figure 5.5B). However, only the 

HuO9/M132 cell pair show a significant difference. 

 

Figure 5.5 | Tensile stiffness estimation. (A) Heatmap examples of the strain drop caused by the analyzed osteosarcoma cells. From left to right: 
SaOs-2 (MPSD=6.18%), LM5 (MPSD=6.59%), HuO9 (MPSD=5.67%), and M132 (MPSD=7.9%). (B) A finite element model was developed to convert 
strain drop values into cell stiffness data. (C) Statistical analysis reveals significant differences between HuO9 and M132 cells and a similar trend in 
the SaOs-2/LM5. (* p<0.05, ** p<0.01, *** p<0.001, **** p<0.0001). 

5.4.5 Highly metastatic cells show reduced contractility 

In addition to the morphometric and mechanical analysis we have measured the forces exerted by the osteosarcoma cells using 

two complementary methods commonly used in the field of traction force microscopy (TFM) (6, 37), namely conventional 2D-TFM 

on flat elastic substrates (Figure 5.6A) and micropillar-based TFM (mTFM) (Figure 5.6B). In 2D-TFM, the same silicone substrates 

were used as in the case of immunostaining and tensile stiffness estimation. In both cell model pairs, the total traction exerted by 

low metastatic cell lines is significantly larger (0.24±0.018 kPa (n=101) and 0.24±0.0193 kPa (n=71) in the case of SaOs-2 and HuO9 

respectively) than the traction generated by the highly metastatic cells (0.15±0.018 kPa (n=67) and 0.13±0.012 kPa (n=80) in the 

case of LM5 and M132 respectively; Figure 5.6C). Similarly, the total force generated by the cells on commercial arrays composed 

of micropillars followed a similar pattern (Figure 5.6D). Highly metastatic cell lines show a reduced contractility behavior than their 

parental cell lines, with a mean maximal generated force of 9.18±6.17 nN (n=304) and 7.54±3.72 nN (n=245) for the parental cell 

lines (SaOs-2 and HuO9 respectively) and 9.13±5.40 (n=482) and 7.69±3.4 nN (n=387) for the derived cell lines (LM5 and M132 

respectively). 
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Figure 5.6 | Traction forces generated by the different osteosarcoma cell lines. (A) Representative 2D-TFM dataset with attached cell, pseudo-
colored bead images (green: before detachment, red: after detachment), calculated displacement and traction field heat maps. (B) Exemplary 
micropost array (up) with automatically segmented cell, tracked post diameter in the deformed state (down). (C) Traction per cell measured using 
2D-TFM and (D) forces using micropillar force sensors. (* p<0.05, ** p<0.01, *** p<0.001, **** p<0.0001). 

5.5 Discussion 

During cancer development and metastatic dissemination, cancer cells acquire genetic and epigenetic modifications that may ren-

der them more competitive in the neoplastic microenvironment and are therefore transferred to subsequent cell generations (271, 

285, 286). Following this evolutionary concept, these changes are not limited by the biochemical signaling and metabolic pathways 

of the cancer cells, but also alter their biophysical phenotype. For instance, cancer cells with increased metastatic potential have 

shown increased proliferation and migration, reduced adhesion and higher compliance (241). It is therefore suggested that these 

findings can be used to derive diagnostic methods based on these markers to detect metastatic potential (266, 267, 287) or to 

develop treatment methods that directly target these biophysical characteristics and thus effectively hinder metastasis (240). How-

ever, as many of these results were reported on a single type of cancer and besides many of them being contradicting, no universal 

molecular or biophysical marker of metastasis has been found to date. Moreover, most of the studies focus on epithelial-derived 

carcinomas, which undergo phenotypic changes commonly referred to as epithelial-to-mesenchymal transition (EMT). On the other 

hand, far less is known about these relationships in other types of cancer cells, such as those involved in sarcomas, which have 

mesenchymal origin. Among sarcomas, osteosarcoma is the most frequent primary bone cancer affecting mostly children and 

young adults.  It’s high malignancy and tendency to metastasize in the lungs results in a relatively low survival rate upon the detec-

tion of secondary lesions, being the prognosis however better for localized tumors (60% of cases; (259)). It is therefore of a great 

interest to detect the malignant types early, and to detect diagnostic tools to increase the survival rate. 
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In this study we have analyzed the adaptations that osteosarcoma cells suffer during metastatic dissemination and how these 

adaptations impact their biomechanical phenotypes. With that aim we have used two paired cell lines in which the parental cells, 

SaOs-2 and HuO9, were isolated from human primary osteosarcoma tumors and their highly malignant variants (LM5 and M132, 

respectively) were established by means of collection of metastases from the lung and re-injection in the tail vein (3, 4). This exper-

imental procedure forces the cells repeatedly through a process that resembles the late steps of osteosarcoma hematogenous 

metastasis, namely blood circulation, adhesion to the blood vessel wall, extravasation and establishment of the secondary tumor 

(colonization) (240, 288). Cells injected through the tail vein have in first place to subsist in a non-adherent environment in which 

only those individuals able to avoid anoikis, i.e. the apoptotic death induced by lack of contact with the extracellular matrix (ECM), 

survive. In addition, during systemic circulation cells have to overcome potentially lethal mechanical forces associated with fluid 

flow and shear (289). Under these conditions, the cell cortex, a structural framework with actin filaments and myosin as main com-

ponents, acquires a central role in shape maintenance and survival. 

Previous studies reported no clear trend in cell morphology in terms of projected cell area when comparing cells of breast, prostate 

or lung cancer cells with their metastatic counterparts (290). In both our osteosarcoma cell models, we discovered a clear signifi-

cant trend towards lower spreading area with increasing metastatic potential. Along with spreading area, nuclear area was propor-

tionally reduced for the SaoS-2/LM5 pair but less pronounced for the HuO9/M132 model. Similarly, the cell body size of free-

floating cells was measured using the volume enclosed by the actomyosin cortex and was shown to be reduced in the highly meta-

static cells compared to the low metastatic ones. This size reduction might be critical in two different steps of the metastatic pro-

cess. Because metastasizing cells frequently aggregate in multicellular structures that favor their arrest in capillaries, a strategy that 

has been described in a number of tumor types including osteosarcoma (289), it is not likely that the observed smaller sizes have a 

significant impact on the physical arrest of the malignant cells. Nevertheless, smaller volumes in free-floating state might facilitate 

cell survival. In this step, cells are subjected to a hostile environment with a wide range of mechanical interactions such as collision, 

hemodynamic forces, immunological stress and obstructions (36).  

Another important biophysical characteristic of cells in this context is the cellular stiffness. The interplay between cells and the ECM 

is known to play a crucial role in cancer formation and metastasis (291) and tissue affected by tumorigenic cells often stiffen due to 

increased matrix production and deposition. Interestingly, many tumor cells themselves become more compliant as they turn 

malignant (292), and continue to obtain this phenotype with increasing metastatic potential (293–295). Increased cell deformability 

has been reasonably argued to enable tumor cells to invade and migrate through dense ECM, and deformation of the cell nucleus 

have been shown to be a key mechanosensors for triggering signaling of phenotypic changes in cell behavior (296, 297). Thus, 

altered mechanical characteristics of cancer cells have been described as a potentially robust diagnostic marker of metastatic po-

tential (267, 293, 298). While reduced cytosolic stiffness is likely to be a key enabling factor for amoeboid migration, this is only part 

of the larger structural changes that take place in the altered mechanics of a cancerous cell. Furthermore, neoplastic cells experi-

ence a variety of different mechanical environments during cancer progression and therefore conventional techniques for cell 

stiffness measurements that apply compressive (299) or shear forces (16) to the cell’s upper surface or relatively low force tensile 

stretching of cells in suspension (270) might not tell the full story, especially if not put into a perspective of one another.  

In contrast, we developed a comparative platform in which we employed a variety of techniques to measure the cellular stiffness of 

two different osteosarcoma models, namely compressive stiffness using AFM cytoindentation (299, 300), adherent biaxial tensile 

stiffness (17) and free floating bulk cell-body stiffness using a high-throughput deformation cytometry platform (277). To our 

knowledge, this cell mechanics assay is the first of its kind applied to sarcoma cells, comparing not only different mechanical states 

but also the phenotypic differences of in-vivo derived, highly metastatic cells.  

Surprisingly, not all techniques revealed identical trends in both osteosarcoma pairs. Using compressive testing with AFM indenta-

tion, LM5, the highly metastatic form of the SaOs-2, showed a significant lower stiffness than its parental line. For the HuO9/M132, 

this tendency was reversed, with the metastatic cell line being significantly stiffer. In turn, malignant cells that were measured in 

bulk using RT-DC revealed a slight decrease in the cell Young’s modulus, as would be expected for metastasizing cells that need this 

property to cross tissue barriers during extravasation. In the contrary, biaxial tensile testing of cells adhered to a 2D PDMS sub-

strate showed the opposite trend: Highly metastatic cells appear stiffer than their less metastatic counterparts and therefore a 

consistent link between cell stiffness and increased metastatic potential could only be identified within the context of the stiffness 

probing method in these osteosarcoma models.  

While the observed inconsistency between metastatic potential and mechanical characterization was unexpected, the discrepancy 

between these measurement techniques is less surprising; a drawback of AFM indentation is its micrometer measurement scale, 

since it was shown that cell stiffness varies depending on the probing site (301). Furthermore, AFM indentation experiments me-

chanically probe the cell membrane, the cortical actin, cytosol and nucleus but only obliquely challenge the basal cytoskeleton. 
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Actin stress fibers have been reported to possess a tensile elastic modulus of several hundred kPa (302, 303), and  play a major role 

in the cytoskeleton basal response (304). These stress fibers highly affect the cellular stiffness if probed in tension, but not in inden-

tation (305). Using our biaxial stretching setup, this dominant feature can be taken into account, resulting in a measured cell stiff-

ness significantly higher than AFM-based measurements performed in this study. On the other hand, free-floating cells don’t attach 

to ECM and don’t develop stress fibers but rather retain their integrity using the actin cortex. As result, we therefore measured a 

reduced stiffness, both compared to tensile testing and AFM indentation. Furthermore, highly metastatic cells appear to be more 

compliant than their parental cells for both models of osteosarcoma.  We suggest that this could indicate a more favorable pheno-

type for their survival in the circulation in the vascular system and even further reach the lung capillaries, where the secondary 

tumors were formed.  

A link between increasing degree of malignancy and a weaker cytoskeletal organization of stress fibers has long been recognized 

(306). On the other hand, the force generation properties of the actin cytoskeleton of adherent cells have been linked to various 

cell function such as migration, contraction, mechanosensing and morphogenesis, many of them being also important during me-

tastasis (307). Nevertheless, previous studies on force magnitudes in high versus low metastatic cells are inconsistent. Traction 

stresses are found to increase (290, 308–310) but also decrease (33, 311, 312) in transformed cells or with advanced metastatic 

potential. We performed TFM with two commonly, but functionally different platforms and found decreased traction generated 

with advanced metastasis. On the other hand, taking into account the lower number of focal adhesions per cell, this could also 

indicate a more gradual switch to a less adhesion dependent migration type, as was suggested earlier (208, 311). Nevertheless, the 

significance of the reduction in focal adhesion count in experimentally selected cells that are directly injected into the bloodstream 

as single cells is not clear. In addition, cells are known to show a distinctive different pattern in migration (313), adhesion (67, 314, 

315) and traction (175, 177) when cultured in a 3-dimensional ECM-derived matrix such as collagen or fibrin hydrogels. These 3D 

microenvironments are more physiological close to the culture conditions found in vivo, as many features such as fibril structure, 

orientation and pore size are not available to a cell cultured on an ECM-coated 2D substrate (74). However, as the calculation of 

cell-generated contractility is much more experimentally and computationally expensive, it is currently not possible to perform a 

high-throughput screening of cellular contractility in 3D as it was done here in only two-dimensions.  A first step would be to com-

pare the migration potential between the low and high metastatic cell lines between two and three dimensions (311). 

Identifying and elucidating the manifold biochemical and biomechanical events underlying cancer progression represents an enor-

mous research challenge, in particular since the different types of carcinomas and sarcomas all show a different path towards 

tumorigenesis and metastatic dissemination. In summary, we performed a thorough biophysical and morphological analysis of two 

model cell lines for osteosarcoma and compared cells with high metastatic potential to their respective parental, less metastatic 

cell line. Through this, we have demonstrated that the definition of “cell stiffness” depends heavily on the means by which it is 

measured and the framework according to which it is analyzed. Even in the limited range of cancer metastasis models that we 

assessed, very divergent findings linking cancer cell stiffness to metastatic potential were revealed depending upon whether the 

cell was loaded in tension or compression, whether it was adherent or free-floating. While a tensional (substrate-based or free 

floating) assay could provide an improved approach to characterizing cell mechanics in adherent cells, both compressive and tensile 

mechanics play important and often distinct roles in cancer progression and metastasis. It therefore appears that these properties 

should be separately probed and independently analyzed in the study of cancer cell mechanics. Furthermore, we have found and 

inverse correlation between cell-generated traction stresses and metastatic potential for both osteosarcoma cell models observed 

in this study. Moreover, morphologic analysis of the cell models revealed that this correlation extends to cell spreading area when 

adhered and body volume for free-floating cells. Despite the fact that these trends are not evident enough to provide an off-the-

shelf diagnostic tool, this study provides a comprehensive insight into the complexity of the biomechanical analysis of cancer cells. 
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6.1 Abstract 

Although mechanisms of cell-material interaction and cellular mechanotransduction are increasingly understood, the 

mechanical insensitivity of mesenchymal cells to certain soft amorphous biomaterial substrates has remained largely unexplained. 

We reveal that surface-energy driven supramolecular ligand assembly can regulate mesenchymal stem cells (MSCs) sensing of 

substrate mechanical compliance and consequent cell fate. Human MSCs were cultured on collagen coated hydrophobic polydime-

thylsiloxane (PDMS) and hydrophilic polyethylene-oxide-PDMS (PEO-PDMS) of different stiffness. Although cell contractility was 

similarly diminished on soft substrates of both types, cell spreading and osteogenic differentiation occurred only on soft PDMS and 

not hydrophilic PEO-PDMS (elastic modulus <1kPa). Substrate surface energy yields distinct ligand topologies with accordingly 

distinct profiles of recruited transmembrane cell receptors and related focal adhesion signaling. These differences did not differen-

tially regulate Rho Associated Kinase activity, but nonetheless regulated both cell spreading and downstream differentiation.  

6.2 Introduction 

Studies of stem cell behavior on soft biomaterials have typically employed two-dimensional platforms of synthetic polymers coated 

with monomeric protein ligands (316). Such studies (13, 30, 317) have demonstrated that modulating the stiffness of porous gels 

can direct stem cell fate. However, experimental outcomes on amorphous biomaterial substrates vary widely. Beyond the inherent 

biological variability of eukaryotic cell culture systems, existing models of cell-biomaterial interaction fail to coherently explain 

divergence of experimental results. For instance, it is until now not understood why MSCs readily attach and spread on elastomeric 

silicone (30, 43, 317), while they tend to not spread on soft substrates such as polyacrylamide that have been coated with similar 

extracellular matrix ligands (30, 317, 318).  

Although cell responses on synthetic hydrogels and elastomers are regularly compared, these materials present very distinct chem-

ical and physical features (319). Among these features, one characteristic that has been widely ignored is the inherent difference in 

surface energy of these material classes. In the field of biomedical implant design, surface energy has long been recognized to 

control protein adhesion and downstream cellular reaction (320, 321). The property of biomaterial surface energy can be viewed as 

the physical work done by intermolecular forces acting to increase phase surface area. As such, surface energy depends on the 

charge and polarity of the outermost functional groups of the biomaterial. Surface energy can be increased by the presence of 

polar functional groups, with higher energy substrates having more polar groups yielding more a hydrophilic surface (322, 323). 

Monomeric Type-I collagen is a widely-used model extracellular matrix ligand comprising both polar and apolar amino acid residues 

(Figure 6.1). We have shown previously that biomaterial surface energy plays a dominant role in determining which groups are 

exposed after deposition, which influences further the supramolecular organization of adsorbed collagen layers (97). In this earlier 

work, we demonstrated that surface energy on stiff (2.15 - 2.40 MPa), atomically flat substrates steers cell-material interactions 

and promotes osteogenic MSC differentiation by regulating the topography of the adsorbed ECM protein layer presented to the 

cells. To achieve these insights, we designed a PDMS-based platform in which stiffness and surface energy can be independently 

tailored in a straightforward manner by addition of surfactant in small quantities. The chief technical challenge was to rigorously 

control for, and prevent, potential confounding effects of any divergent chemical, physical and mechanical properties at the cell-

material interface.  

 

Figure 6.1 | Schematic of surface energy-driven assembly of collagen I. Collagen-I molecules containing polar and apolar amino acid residues 
covalently bind and self-assemble to exhibit different conformations, topologies and functionalities when coated on substrates of different surface 
energy. 
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We now adapt this tunable biomaterial system to achieve very soft substrates (elastic modulus <1kPa) to isolate and investigate the 

role of surface energy on human MSC mechanosensitivity to substrate stiffness. We specifically focused on collagen I as a model 

ligand that supports osteogenic, tenogenic, or adipogenic differentiation in a substrate stiffness dependent manner (318). We 

found that surface energy indeed regulates cell adhesion and differentiation on soft and hard substrates, with hydrophobic surfac-

es suppressing cell mechanosensitivity to bulk material stiffness. We reveal how surface energy directs ligand topography to alter-

nately promote or inhibit cell mechanosensitivity and response to soft amorphous substrates. This understanding likely resolves 

conflicting mechanistic theories on how MSCs sense and react to soft biomaterial substrates (30, 317, 324–326). More broadly, the 

present study demonstrates biomaterial surface energy as a crucial consideration in soft biomaterial design, and one that cannot 

be neglected in study of stem cell-biomaterial interaction and cell fate. 

6.3 Materials and Methods 

6.3.1 Tunable Surface Energy PDMS Substrate Preparation 

In accordance with a previously described protocol (327), collagen synthetic peptide with the sequence GPC(GPP)5-GFOGER-

(GPP)5GPC purchased from AAPPTec was prepared to form triple helices and remove unfolded peptides. For substrate functionali-

zation as previously described (97), the sulfo-SANPAH linker was employed to covalently attach 10 or 50 μg mL-1 of collagen I or 

synthetic peptide to the PDMS surface. Substrates were incubated at 37°C for 3h with collagen type I and for 24 h in case of 

GFOGER The resulting protein coating ensures enough binding sites independently of the ligand with an average distance between 

collagen molecules of 3.87 nm and 0.39 nm in case of the GFOGER peptide. 

6.3.2 Mechanical Characterization 

For macroscopic mechanical characterization, elastomers were prepared and measured by compression as previously described 

(97) with a 4 cm-diameter steel ball equipped with a 50 N load cell within a physiological strain rate range from 0.05 to 10% s-1 but 

also for their long-term modulus after an initial load at 10% s-1 and a relaxation for 1 hour. For microscopic mechanical characteri-

zation, substrates were prepared as explained above and measured as previously described (97) with a 10 μm radius tungsten tip at 

10% s-1 strain rate and an indentation depth between 3 to 5 μm. A Hertz model for spherical indentation was applied to determine 

the elastic modulus for macroscopic and microscopic characterization. For nanoscopic mechanical characterization, substrates were 

prepared as explained above and measured with a Nanosurf FlexAFM system mounted with OTESPA probes having 7 nm tip radius 

and 42 N m-1 force constant.  Measurements were performed at 3 to 5 locations with 256 force curves per location 16 μm s-1 inden-

tation speed. Data were processed with the ARTIDIS tool. 

6.3.3 Ligand Loading and Adsorbed Protein Quantification.  

The amount of collagen and peptide that was adsorbed on the different surfaces was determined as previously described (97) with 

a micro BCA protein assay kit. Briefly, the BCA reaction was performed directly on the different substrate surfaces according to the 

stated protocol in the kit, where the absorbance was measured at 562 nm with a microplate reader. The standard curve with the 

collagen used for coating was plotted to determine the effective amount of collagen bound to the surface. 

6.3.4 Atomic Force Microscopy Imaging of Ligand Topography/Roughness.  

After collagen coating, the samples were washed three times with PBS and stored in PBS at 4°C until imaging. The samples were 

imaged in PBS using a JPK NanoWizard 4 AFM (JPK, Berlin, Germany) in the HyperDrive mode using HyperDrive fluid imaging pack-

age and with SCANASYST-FLUID (Bruker) cantilever having 0.35 N m-1 nominal force constant. Scan rate was set in the range 1-4 Hz 

(a faster scan rate was used for more adhesive samples). Images having a scan size of 5µm x 5µm and of 2µm x 2µm were taken on 

at least three different locations on the substrates of different stiffness. Images were processed with the JPK Data Processing soft-

ware (6.0.63).  

6.3.5 Cell Culture.  

Human bone marrow stromal cells were purchased from the Institute for Regenerative Medicine at Texas A&M University. The cells 

were characterized as multipotent mesenchymal stromal cells and prepared as previously described (97). For all the experiments, 

the hBMSCs were at an early P2 passage and cultured in Lonza’s TheraPEAK MSCGM-CD chemically defined mesenchymal stem cell 

medium. Medium was exchanged every 3 days. 
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6.3.6 Cell Attachment and Morphology 

Cell attachment was analyzed by culturing 25 000 cells per cm2 on functionalized substrates for 1 h at 37°C as previously described 

(97) by staining with 4',6-diamidino-2-phenylindole (DAPI) diluted in PBS. On each replicate, a large central region covering more 

than 50% of the substrate area was imaged with a 4x objective on an iMic spinning disk confocal (FEI Photonics) microscope. Cell 

morphology was examined with immunofluorescence imaging as previously described (97) by culturing 5000 cells per cm2 on func-

tionalized substrates for 24 h and staining with the monoclonal antibody anti-vinculin, Alexa Fluor 488 phalloidin and DAPI. Images 

were taken and analyzed as previously described (97) with a cell number of at least 600 cells per sample. 

6.3.7 Cell Differentiation Quantification 

Bone marrow stromal cells were seeded at 5000 cells per cm2 and cultured for 1.5 h before changing the medium to either fresh 

basal growth medium or osteogenic and adipogenic mixed induction medium as previously described (97). Medium was changed 

every 3 days. 

After 7 d in culture in mixed induction medium, the level of ALP activity as an indicator of proliferating osteoblasts was assessed 

using an Abcam kit (83371) and a Sigma DNA quantitation DNAQF kit according to the manufacturers’ instructions and as previously 

described (97).  

After 7 d in culture in mixed induction medium, the bone marrow stromal cells were stained for their calcium deposition as an 

osteogenic marker with an Alizarin Red 2% staining solution as previously described (97). To visualize lipid formation in adipocytes, 

cells were fixed with 10% formalin for 30 min, rinsed with PBS. Oil red O 0.5% stock staining solution was prepared by mixing Oil 

Red O (Sigma) with Isopropyl Alcohol. Three parts of the Oil Red O 0.5% stock staining solution was mixed with two parts of PBS, 

then the solution was filtered with a 0.2 μm filter. The staining solution was overlaid on substrates for 20 min then, the substrates 

were washed three times with PBS.  

After 14 d in culture in basal growth medium, the bone marrow stromal cells were stained for their calcium deposition as described 

above. The cells were also stained for alkaline phosphatase using Merck Millipore kit (SCR004) according to the manufacturer’s 

instructions. 

6.3.8 Microscopy and image analysis.  

Phase contrast images were acquired with an EVOS digital inverted microscope with 4x, 10x and 20x objectives. Fluorescent images 

were acquired with an iMic spinning disk confocal (FEI Photonics) microscope with 10x and 40x objectives. Cell attachment and 

spreading were processed with ImageJ as previously described (97). 

6.3.9 Real Time and Quantitative PCR 

Expression of cell adhesion- related genes were evaluated after 24 h of cell culture by performing quantitative polymerase chain 

reaction (qPCR) as previously described (97). Data were analyzed using the 2–ΔΔCT method, and glyceraldehyde-3-phosphate dehy-

drogenase (GAPDH) was chosen as the housekeeping gene. 

6.3.10 Phosphorylated ROCK quantification 

Bone marrow stromal cells were seeded at 5000 cells per cm2 and cultured for 24 h. Level of ROCK phosphorylation as a regulator 

of the ROCK pathway was determined with a ROCK activity assay kit (Merck Millipore, CSA001) according to the stated protocol in 

the kit, where the absorbance intensity was measured at 450 nm using a microplate reader.  

6.3.11 Traction Force Microscopy 

Substrates with a first layer of PDMS having a ratio 60:1 or 70:1 were prepared on 25mm diameter coverslips as described above. 

Adapted from a previous protocol (17), the substrates were then washed with ethanol and overlaid with 10% APTES diluted in 

ethanol for 45 min at 45°C. The APTES solution was removed and substrates were washed five times with ethanol, and then five 

times with milli-Q H2O.  3% gluteraldehyde diluted in milli-Q H2O was overlaid on the substrates for 1 h at room temperature. The 

fixative solution was removed and substrates were washed three times with milli-Q H2O. 200nm diameter carboxylate modified 

polystyrene red fluorescent beads (Invitrogen) were used as surface nanoreporters and diluted 200:1 in milli-Q H2O. The bead 

solution overlaid the substrates for 1 h at room temperature in the dark.  The bead solution was removed and substrates were 
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washed three times with milli-Q H2O. The next day, substrates were blow dried and put in the oven for 30 min at 80°C. PDMS slurry 

was prepared as described above and spin coated on the substrates for 5 min at 10 000 rpm to obtain an upper thin layer below 2 

μm. The substrates were cured in the oven overnight at 80°C and functionalized the next day as described above.  Substrates were 

seeded at 625 cells per cm2 and cultured for 16 h. The bone marrow stromal cells were stained with Syto13 green fluorescent nu-

cleic acid stain (Lubio Science) for 3-5 minutes and single cells were imaged on a spinning disk confocal microscope with a 40x 

objective. Cells were lysed with 10% SDS for 15 min and the previously recorded locations for every single cell were again imaged.  

To calculate the cell-generate traction forces, we used a combination of methods that have been previously described (49, 77, 184). 

In a first step, z-stacks containing images of the fluorescent beads inside the gel and the cell residing on top before and after cell 

removal were loaded into ImageJ and split into their respective channels. Single images of the bead layer and the cell were found 

with the Fiji script Find Focused Slices (328) and exported to MATLAB (The MathWorks, Natick, MA) for further processing.  

Bead images after (post) and before (pre) cell removal were aligned to compensate for experimental in-plane drift and the relative 

displacement between these images was calculated with the use of the pointTracker function within MATLAB’s Computer Vision 

toolbox. This function is a pyramidal implementation of the Kanade-Lucas-Tomasi (KLT) optical flow feature tracker, which is a 

differential approach to calculate the displacement between two frames by the least squares algorithm (161, 163, 164). The size of 

the search window was 162 pixels at each pyramid resolution (~2.5 µm at the original resolution) and the obtained displacement 

vectors at each feature were interpolated on a regular grid with size 8 pixels (~1.25 µm) using the scatteredinterpolant class in 

MATLAB with natural neighbor interpolation. It was shown in a previous study that the KLT tracker performs more robust than 

correlation-based tracking algorithms commonly used in TFM (53, 125, 255) in terms of accuracy and resolution (77).  

If the displacements and corresponding strains are small enough (typically ≤ 1µm), PDMS can be considered as an isotropic homo-

geneous solid which elicit linear-elastic behavior (184). We therefore employed a variation of the regularized Fourier-transform 

traction Cytometry (51, 53) (Reg-FTTC) with a Green’s function that includes the depth of the bead plane from the surface where 

the tractions are applied (49). This algorithm recovers the traction stress 𝑇𝑖 = 𝐹𝑖
𝐴𝑖

⁄  applied on the surface of the substrate given the 

displacements at the depth z0 within the substrate assuming the whole substrate is sufficiently thick to approximate it by an elastic 

infinite half-space (178). The regularization parameters for each stiffness were determined experimentally and remained constant 

for all measurements that were considered. After the traction stresses were calculated, we overlaid the cell image on the traction 

field and determined the cell projected area by manually outlining the cell boundary.  Traction metrics were obtained with the 

average traction stress over all values within the cell area (133). Using the relation: 

𝑎𝑣𝑔(𝑇𝑥𝑦) =  
∑

𝐹𝑖
𝐴𝑖

𝑖

𝑛
=  

∑ 𝐹𝑖𝑖

𝑛 ∙ 𝐴
=

𝑎𝑣𝑔(𝐹)

𝐴
 

Equation 6.1 

where  

𝑇𝑥𝑦(𝑖, 𝑗) =  √𝑇𝑥
2(𝑖, 𝑗) + 𝑇𝑦

2(𝑖, 𝑗) 

Equation 6.2 

is the magnitude of the traction vector at each measurement point, average traction stress is equal to the average traction force 

divided by the total projected cell area. 

6.3.12 Time-of-Flight Secondary Ion Mass Spectrometry 

Measurements were conducted on a ToF-SIMS.5 instrument (IONTOF, Germany). For these measurements, the tunable surface 

energy PDMS substrates were spin-coated on clean, polished, and plasma-treated silicon wafers of 1.3 x 1.3 mm. 25 keV Bi3
+ prima-

ry ions were used in spectral mode for surface molecular analysis at a primary ion current of 0.65 pA. Low energy electron flooding 

was used for surface charge compensation. Negative secondary ions were extracted on analysis areas of 100 x 100 µm. 50 scans 

were acquired per spectrum to remain below the static limit. 5 randomly selected positions were investigated for each sample to 

ensure data reproducibility. 
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6.3.13 Statistical analysis. 

All experiments were performed in triplicate with at least four independent experiments (n ≥ 4) unless indicated. Data were repre-

sented as means and standard error (bars in the figure). The unpaired two-tailed student’s t -test with a confidence level of 95% 

was used to see if two sets of data differ significantly. For multiple comparisons, one-way ANOVA with Bonferroni post hoc test was 

applied. Significance was indicated for p ≤ 0.05 (* p ≤ 0.05, ** p ≤ 0.01, *** p ≤ 0.001, **** p ≤ 0.0001). All the charts and analysis 

were processed with Prism 6 software. 

6.4 Results 

6.4.1 Surface energy driven collagen assembly is consistent across different PDMS stiffness 

To isolate biological effects of surface driven ligand assembly, we developed a PDMS-based platform that allowed stiffness and 

surface energy to be varied independently. Polar (hydrophilic) PDMS surfaces were obtained by adding 0.2% PDMS-b-PEO surfac-

tant with a neutral and polar polyether to the standard PDMS (97). We established mechanically equivalant PDMS and PEO-PDMS 

substrates over a wide range (elastic moduli from over 2’000 to less than 1 kPA) generated by adjusting base to catalyst mixing 

ratios. As expected (317), softer elastomers yielded more viscous material responses Supplementary Figure 6.1. Microscale me-

chanical surface homogeneity was demonstrated using subcellular sized indenter tips (10 μm radius) (Supplementary Figure 6.2). In 

contrast to previous reports of high microscale elastic moduli of soft PDMS (30), we measured elastic an modulus of less than 1 kPa 

for 80:1 PDMS at 10% s-1 strain rates (Supplementary Figure 6.2b), consistent with our previous investigations on stiff elastomeric 

substrates (97). Surface treatment with a heterobifunctional protein cross-linker (sulfo-SANPAH) did not alter surface mechanics 

(Supplementary Figure 6.2b. Collagen coating only slightly increased nanoscale surface stiffness (Supplementary Table 6.1). A color-

imetric micro bicinchoninic acid (microBCA) assay verified effectively equivalent adsorbtion of collagen on both substrate classes 

over the full range stiffness. The quantification experiments revealed an approximate protein load of 10 ng/mm2, representing an 

average of 2∙104 collagen type I molecules/µm2 and 167.3∙104 molecules/µm2 in case of the synthetic peptide (Supplementary 

Figure 6.3Fehler! Verweisquelle konnte nicht gefunden werden.). This results in a theoretical average distance between molecules 

of 3.54 nm and 0.39 nm, respectively. Although collagen and GFOGER form quaternary structures that increase the actual intermo-

lecular distance, this remains below the ligand spacing previously shown to affect cell spreading (329). Nevertheless, an effect of 

different ligand densities at the nanoscale on nucleation and maturation of focal adhesions, and potentially on differentiation, 

cannot be completely excluded (330).  

Consistent with our previously reported observations (97), AFM imaging analysis of collagen coated PDMS and PEO-PDMS of differ-

ent stiffness indicated a clear difference in ligand layer topography between polar and apolar surfaces. On PDMS, all collagen coat-

ed surfaces appeared rough with an average roughness (Ra) between 3.12 to 4.10 nm with more prominent aggregates on stiffer 

substrates (Supplementary Figure 6.4). On the other hand, PEO-PDMS surfaces presented a smoother ligand layer with an average 

roughness between 0.63 to 1.01 nm (Supplementary Figure 6.4).  

Thus collagen conformation and supramolecular organization atop these material surfaces depends on competitive interplay of 

collagen-substrate and collagen-collagen interactions (Figure 6.1). On hydrophobic PDMS, molecules are covalently bound to the 

surface but do not lie flat. Instead, immobilized monomers adopt a folded conformation that may interact with further collagen 

molecules that are still in suspension. These intermolecular collagen interactions typically result in the formation of multilayer 

molecular aggregates. Such aggregation suggests a higher affinity for collagen-collagen interaction than for collagen-surface inter-

action. On the contrary, collagen molecules seeded onto hydrophilic PEO-PDMS lie flat within a relatively smooth collagen layer. 

This tendency of collagen to lie in monolayer on the more polar PEO-PDMS indicates that collagen-surface affinity dominates the 

interactions involved in collagen deposition on this hydrophilic material (331, 332). While the kinetics of collagen and GFOGER 

attachment to the two material classes is similar (Supplementary Figure 6.3e and f) there was approximately three-fold increased 

density of sulfo-SANPAH crosslinker on the hydrophobic PDMS substrates used in these experiments (Supplementary Figure 6.5). 

Importantly, this suggests that higher amounts of covalent surface cross-linker cannot overcome the effects of material surface 

energy in driving biologically relevant differences in ligand supramolecular assembly. 

6.4.2 Surface energy regulates cell adhesion and dominates substrate stiffness 

To test whether surface energy affects cell adhesion on elastomers of different stiffness, we cultured hBMSCs on PDMS and PEO-

PDMS substrates and measured both cell attachment and spreading. At 1 h after cell seeding at high density (25 000 cells per cm2), 

the percentage of cell attachment evaluated by fluorescent nuclear staining on a large central area of each substrate was found to 
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be similar, with approximately 50% of seeded cells attaching to all substrates (Figure 6.2b). As expected, cell morphology 24 h after 

cell seeding was not diminished on low stiffness PDMS with an apolar, hydrophobic surface (Figure 6.2a-c). However, cell spreading 

was markedly diminished on soft hydrophilic elastomeric PEO-PDMS. The attachment footprint of cells on soft PEO-PDMS (80:1) 

was approximately three-fold smaller than that of cells on all other substrates (Figure 6.2c). Similarly, Vertelov et al. recently re-

ported reduced cell spreading on soft commercially available silicone gels (326). While phalloidin staining of cells seeded on stiff 

PDMS showed a more pronounced actin cytoskeleton with localized focal adhesions (anti-vinculin immunostaining) at the cell edge, 

cells on soft PDMS presented more dispersed cytoskeletal elements (Figure 6.2a), consistent with previous reports (43). Taken 

together these results suggest that surface energy affects collagen-driven cell spreading and can dominate cell response to sub-

strate stiffness cues.  

 

Figure 6.2 | Cell spreading is affected by the surface energy on elastomer substrates of different stiffness and is not predominantly mediated by 
ROCK on soft apolar surface. (a) Morphology of hBMSCs on functionalized substrates seeded at 5000 cells per cm2 after 24 h culture on PDMS and 
PEO-PDMS substrates of different stiffness (soft: 0.07-0.10 kPa; stiff: 2.15-2.40 MPa). Cells were immunostained with an antibody against vinculin 
(red), Alexa-488-phalloidin (green), and DAPI (blue). Upper row scale bar = 100 μm; lower row scale bar = 20 μm. Images of cells on stiff substrates 
were reported from our previous publication (97). (b) Attachment of hBMSCs on PDMS and PEO-PDMS substrates when seeded at 25 000 cells per 
cm2 after 1 h culture. (n = 3). Data on stiff substrates were reported from our previous publication (97) (c) hBMSCs spreading area on PDMS and 
PEO-PDMS when seeded at 5000 cells per cm2 after 24 h culture; (n = 4; number of cells ≥ 2400). Data on stiff substrates were taken from our 
previous publication12. Data are represented as mean±s.d.; Significance was indicated for p ≤ 0.05 (*p ≤ 0.05, **p ≤ 0.01, ***p ≤0 .001, ****p ≤ 
0.0001). 

6.4.3 Surface energy directs stem cell differentiation 

To evaluate the role of surface energy in modulating stem cell differentiation, we first cultured hBMSCs for 7 d at low density (5000 

cells per cm2) in co-induction medium containing osteogenic and adipogenic inducers. Cells were stained with Alizarin Red for calci-

um deposits, a standard marker of differentiated osteoblasts. Cultures were also stained with Oil Red O for lipid droplets, an indica-

tor of the degree of adipogenesis. In contrast to all the other substrates, soft PEO-PDMS substrates presented very low calcium 

deposits and a substantial amount of formed lipid droplets (Figure 6.3a). Consistent with previous reports (317), hBMSCs cultured 

on both soft and stiff PDMS presented similar DNA amounts and alkaline phosphatase (ALP) activity (Figure 6.3b-c), however the 

amount of DNA on soft PEO-PDMS substrates was significantly lower compared to the other substrates suggesting reduced prolif-

eration (333) (Figure 6.3b). Quantification of ALP activity revealed a threefold lower expression of this osteogenic marker on soft 

PEO-PDMS compared to the stiff material (Figure 6.3c).  
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We further investigated the hBMSC differentiation in basal growth medium for 14 d at low seeding density (5000 cells per cm2) by 

staining for ALP and calcium deposition. Previous studies (30, 97) have reported a tendency for differentiation toward osteogenic 

lineages when stem cells are cultured on PDMS substrates independently of their stiffness. Consistent with this observation, hBM-

SCs cultured on all tested substrates, except for soft PEO-PDMS, exhibited a positive staining for ALP and a high calcium deposit 

(Figure 6.3d). Collectively, our data suggest that surface energy is a key factor in stem cell differentiation as driven by substrate 

stiffness. 

 

Figure 6.3 | Surface energy directs osteogenic stem cell differentiation independently of bulk substrate stiffness. hBMSCs after 7 d culture in 
mixed-induction medium on PDMS and PEO-PDMS substrates of different stiffness (soft: 0.07-0.10 kPa; stiff: 2.15-2.40 MPa) seeded at 5000 cells 
per cm2: (a) staining with alizarin red for calcium deposit (scale bar = 100 μm) and with oil red o for lipid droplets (scale bar = 200 μm); (b) total DNA 
content, data on stiff substrates were adapted from our previous studies (97). (n = 4-5); (c) total ALP activity per DNA normalized by the mean value 
of the stiff PDMS, data on stiff substrates were adapted from previous publication (97). (n = 4-5). (d) Staining of hBMSCs after 14 d culture in basal 
growth medium on PDMS and PEO-PDMS substrates of different stiffness (soft: 0.07-0.10 kPa; stiff: 2.15-2.40 MPa) seeded at 5000 cells per 
cm2with alizarin red (scale bar = 500 μm) and for alkaline phosphatase (ALP) detection with a fast red violet solution (scale bar = 100 μm). Data are 
represented as mean±s.d.; Significance was indicated for p ≤ 0.05 (*p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001). 
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6.4.4 Surface energy affects cell contractility 

A novel traction force microscopy (TFM) approach was implemented in a manner that avoids confounding effects of bead coating 

chemistry and topography that accompanies standard use of this assay. Fluorescent beads were covalently attached to a substrate 

of appropriate stiffness before addition of a 2μm spincoat layer of bulk material (Figure 6.4a and Supplementary Figure 6.6Fehler! 

Verweisquelle konnte nicht gefunden werden.). Cells were cultured for 16 h at low seeding density (650 cells per cm2), before 

measuring traction with an optimized tracking algorithm (77). Mean surface traction stress exerted by the cells on PDMS of either a 

soft (0.2-0.3kPa) or an intermediate stiffness (5-6kPa) was significantly higher than for cells on PEO-PDMS (Figure 6.4b-d; Supple-

mentary Figure 6.7). Substrates with an intermediate stiffness (60:1) were used in place of the stiffer substrates (10:1) in order to 

allow cell substrate deformations that could be sensitively resolved by light microscopy; Cells on the intermediate substrates (60:1 

and 70:1) adopted rounded cell morphologies and displayed adipogenic differentiation potential consistent with the substrates that 

they were intended to represent (Figure 6.4c and Supplementary Figure 6.8). Interestingly, although spreading was equivalent, 

mean surface traction stress of cells cultured on soft PDMS was five-fold lower than the cells cultured on intermediate stiffness 

PDMS (Figure 6.4d). To further assess the level of cellular contractility on the various substrates, we cultured cells for 24 h at low 

seeding density (2500 cells per cm2) and determined the level of ROCK phosphorylation, a key regulator of the cytoskeleton and 

cellular contraction (334). ROCK phosphorylation was found to be significantly higher on both stiff PDMS and PEO-PDMS than on 

soft substrates (Figure 6.4e). We thus conclude that cell spreading is least partly decoupled from ROCK mediated cellular contractil-

ity.  

 

Figure 6.4 | Traction force microscopy indicates cells spread on soft PDMS without strongly contracting. (a) Schematic for PDMS-based TFM 
platform with embedded 200 nm-diameter fluorescent trackers at a depth of 2.0 μm. (b) Snapshots of traction stress map with color values corre-
sponding to different stress values (see corresponding axis) generated by hBMSCs on PDMS and PEO-PDMS of different stiffness (soft: 0.22-0.35 
kPa; intermediate: 5-6 kPa) seeded at 625 cells per cm2 after 16 h in culture. Scale bar = 25 μm. (c) Quantification of the corresponding cell spread-
ing areas with the fluorescent live-cell nucleic acid Syto-13 stain. (n = 56-90). (d) Quantification of the corresponding mean surface traction stresses 
(see suppl. appendix for details about data processing). (n = 56-90). (e) Semi-quantification of phosphorylated Rho-associated kinase by immune-
sandwiched enzyme linked-immunosorbent assay when seeded at 5000 cells per cm2 after 24 h culture on PDMS and PEO-PDMS substrates of 
different stiffness (soft: 0.07-0.10 kPa; stiff: 2.15-2.40 MPa). (n = 4-5). Data are represented as mean±s.d.; Significance was indicated for p ≤ 0.05 (*p 
≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001). 
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6.4.5 Surface energy alters gene expression of collagen receptors and focal adhesion ele-

ments 

To evaluate downstream effects of surface energy on collagen binding receptors and focal adhesion components, we analyzed gene 

expression by quantitative polymerase chain reaction (qPCR) after 24 h. Different cell response on PDMS compared to PEO-PDMS 

was evident. Substantially diminished signaling related to focal adhesion maturation including diminished integrin alpha 1, integrin 

alpha 2, vinculin, paxillin and focal adhesion kinase expression on the softer PEO-PDMS substrates. This trend was reversed on 

PDMS, with signaling related to most of these elements increasing on soft PDMS substrates compared to the stiffer material 

(Supplementary Figure 6.9). The discoidin domain receptors including DDR1 and DDR2, which are also activated by collagen, were 

upregulated on both soft materials, but more significantly on (apolar) PDMS (Supplementary Figure 6.9). Taken together, the re-

sults suggest that integrin and DDR pathways are differently regulated by collagen when coated on PDMS and PEO-PDMS. As previ-

ously described (97, 324), DDRs may be involved in the recognition of a differential spatial collagen organization and lead to the 

activation of further downstream signaling. 

6.4.6 Coating with a minimal collagen synthetic peptide rescues mesenchymal stem cell sen-

sitivity to PDMS stiffness 

To test whether the observed differences in cell behavior could be attributed to surface energy driven differences in collagen self-

assembly, we employed a well-described collagen-mimetic peptide containing the minimal GFOGER cell-binding sequence that 

binds the α2β1 integrin receptor (335). This model ligand does not self-assemble into larger structures, a process that in the native 

collagen molecule depends on specific amino acid sequences that are absent from the synthetic peptide (336). Additionally, the 

GFOGER peptide has a comparatively small molecular weight of 11.1kDa compared to the full length collagen molecule with a mass 

of 300 kDa (337) (Figure 6.5a). As in all experiments, we first ensured that PDMS and PEO-PDMS presented similar amounts of 

ligand by adjusting the molarity of the peptide solutions adsorbed to the surface (Figure 6.3b). In contrast to experiments using the 

native collagen molecule, MSCs plated on soft PDMS did not fully spread, adopting a small rounded shape on both soft PDMS and 

soft PEO-PDMS (Figure 6.5b). In contrast, cell spreading on stiff PDMS and PEO-PDMS substrates was more than two-fold higher 

than on the softer material variants (Figure 6.5c). These results suggest that collagen deposition directed by surface energy (97) 

overrides mechanically driven MSC response to soft PDMS substrates.  

 

Figure 6.5 | Inactivation of collagen self-assembly promotes cell spreading according to PDMS stiffness. (a) Schematic for inactivation of collagen 
self-assembly by employing a collagen-mimetic (GFOGER) peptide. (b) Morphology of hBMSCs on PDMS and PEO-PDMS substrates of different 
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stiffness (soft: 0.07-0.10 kPa; stiff: 2.15-2.40 MPa) when seeded at 2500 cells per cm2 after 24 h stained with Alexa-488-phalloidin and DAPI. Scale 
bar = 50 μm. (c) Quantification of the cell spreading area on the corresponding substrates. (n = 4-5; number of cells ≥ 500). Data are represented as 
mean±s.d.; Significance was indicated for p ≤ 0.05 (*p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001). 

6.5 Discussion 

Understanding cell-material interaction is essential for biomaterial design. Although mechanics and biochemistry of cellular at-

tachment points are important, the activity state of a given ligand may be adsorption-dependent and can be affected by various 

physical factors (338, 339). We have shown previously (97) that surface energy-driven ligand assembly and the resulting surface 

nanotopography on rigid elastomeric bulk material can strongly affect osteogenic stem cell signaling. We extended these studies to 

soft substrates aiming to potentially resolve the large body of conflicting evidence regarding stem cell sensitivity, or rather insensi-

tivity, to soft PDMS (30, 317, 326). We hypothesized a potentially critical role of surface-driven ligand topography in regulating 

mesenchymal cells detection of and response to mechanical cues at the cell-material interface. 

We developed a PDMS-based platform that can be mechanically tuned within a wide range of potential stiffness (from 70 Pa to 2.3 

MPa) and with a range of surface energies that enable the creation of hydrophilic and hydrophobic variants of a given material 

stiffness, without otherwise affecting baseline physical properties of the substrate surface – most critically, collagen topology. This 

system allows one to limit variation in topology as a key confounding factor that often plagues parametric study of cell-biomaterial 

interaction. Multi-scale mechanical characterization demonstrated consistent mechanical properties across size scales. This con-

trasts a recent study reporting inconsistent mechanical properties of PDMS across metric scales (30), a discrepancy we attribute to 

deformation rates. Because viscoelastic effects can be large in these materials (340, 341), we probed mechanical properties within 

a range of physiological strain rates (up to 10% s-1). We also considered probe fouling by soft PDMS, which can lead to dramatic 

stiffness overestimation at micro- and nanoscales (342). Using this well-controlled material platform, we pinpointed surface energy 

as a fundamental material property that can significantly impact stem cell fate on soft biomaterials. We demonstrate that ligand 

topology driven by surface energy can override adherent cell response to material stiffness, even though substrate stiffness is well 

described as a dominant contextual cue for stem cells in culture (13, 318). We show that collagen monomer assembly into rough 

nanotopography on hydrophobic surfaces (97) allows stem cells to spread and osteogenically differentiate on soft PDMS (Figure 

6.6). As previously reported (343), the presence of nanofeatures can push a cell to elongate, contract, and eventually undergo 

osteogenic differentiation. We show that using non-aggregating minimal peptides on soft hydrophobic PDMS can rescue the ability 

of stem cells to sense and react to soft substrates, chiefly in the form of cell rounding. Although studies have investigated the ef-

fects of nanotopography on stem cell behavior on rigid substrates (344), the present study is to our knowledge the first to demon-

strate a dominant effect of nanotopography on very soft substrates. This information has eluded detection until now, mostly due to 

the substantial technological challenges involved in fabricating soft structured substrates or characterizing very soft substrates with 

regard to nano-scale topology and multi-scale mechanics. On stiff substrates that are substantially easier to handle, it is well de-

scribed that nanoscale disorder strongly induces osteogenic differentiation in the absence of chemical supplements (345). Our data 

indicate that this relationship between nano-scale roughness and osteogenic signaling extends to soft substrates as well. We pro-

pose that stochastic ligand assembly driven by an apolar biomaterial surfaces yields sufficiently rough ligand networks (97) exhibit-

ing lateral and vertical disorder of cell binding sites that drive bone differentiation independently of substrate rigidity. Dependency 

of cell behavior on material stiffness can be rescued by using a non-aggregating synthetic collagen peptide, demonstrating that in 

the absence of adequately rough ligand self-assembly, MSCs can detect and react to the stiffness of a soft or hard PDMS substrate 

with rounding or spreading, respectively. These experiments add essential mechanistic support to previous reports of stem cell 

sensitivity to a soft substrates being modulated by cell-scale patterning and/or PDMS surface chemistry (58, 326). 
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Figure 6.6 | Schematic of the interplay of matrix stiffness and surface energy-driven ligand topography in osteogenic stem cell differentiation. 

Previous studies have demonstrated that the distribution and magnitude of cytoskeletal tension regulate ultimate differentiation of 

hBMSCs (13, 58, 346, 347). The fact that cells with severely diminished mechanical tension and ROCK activity can nonetheless 

spread on very soft hydrophobic substrates, suggests that cytoskeletal tension can be a secondary factor to topology in determin-

ing cell fate. This finding echoes observations by Chaudhuri et al., in which substrate stress relaxation and decreased cytoskeletal 

tension enhanced cell spreading on soft substrates (325). The present study shows that spread morphology on even soft substrates 

functionalized with a suitable extracellular matrix ligand is sufficient to direct MSCs to an osteogenic fate. Conversely, previous 

studies have demonstrated that stiff substrates which confine cell spreading on micropatterned surfaces can promote adipogenic 

differentiation (346, 347). Thus spread cell morphology, rather than the development of cytoskeletal contractility per se, seems to 

be a necessary condition to determine cell fate in the two dimensional culture conditions that form the majority basis of our under-

standing on stem cell mechanosensitivity. This conclusion contrasts with recent experiments with three-dimensional platforms that 

reported cell fate to be independent of cell morphology but rather more traction dependent (140, 348). Still, three dimensional 

culture systems have their own disadvantages, including relative lack of control over hydrostatic stresses and osmotic gradients, 

and further work is required to determine how ROCK mediated contractility and spread cell morphology potentially interact to 

regulate cell signaling or act as a central checkpoint in determining cell fate.  

Collectively these results are striking, with potentially critical implications for research employing Type-I collagen as a “standard” 

two-dimensional cell culture reagent. We demonstrate that stochastic collagen self-assembly translates to large potential for exper-

imental variability, and/or systematically biased biological outcomes. Other ECM ligands, such as fibronectin, can behave quite 

differently from collagen (e.g. Supplementary Figure 6.10), and work is required to characterize which combinations of biomateri-

als, interface chemistry, extracellular protein milieu, and cells yield reliably emergent system behavior.  

In conclusion, we have demonstrated that surface energy driven ligand self-assembly (97) can steer a cell to very different fates on 

soft substrates. Controlling for surface energy enables stem cells to spread and differentiate according to PDMS stiffness. These 

findings fill an important gap in our collective understanding (30, 317), explaining why stem cells spread and undergo osteogenic 

differentiation on soft apolar silicone when coated with collagen compared to rounding on soft polar substrates such as poly-

acrylamide. Although thoroughly described in the field of rigid biomaterials used in implants (320, 321), effects of surface energy on 

very soft substrates are difficult to control, and as such have been widely ignored in opinion leading papers on stem cell-matrix 

interaction (30, 317). We suggest that surface energy is nonetheless a major biomaterial design factor that must be considered 

when designing cell-instructive biomaterials.  
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6.6 Supplementary Material 

 

Supplementary Table 6.1 | Mechanical characterization of PDMS substrates at nanoscale exhibits a broad range of compliance and consistent 
values with bulk level and microscale. Elastic modulus of PDMS substrates having a ratio of 10:1 to 80:1 measured at 16 µm s-1 with a Nanosurf 
FlexAFM system mounted with OTESPA probes having 7 nm tip radius and 42 N m-1 force constant. Data are represented as mean±s.d 

 

Supplementary Figure 6.1 | Mechanical characterization of PDMS and PEO-PDMS at bulk level shows a broad range of compliance. (a) Typical 
load-displacement curves of PDMS having a ratio of 60:1 and 80:1 measured with a compression testing machine at different strain rates. (b) Sum-
mary of long-term modulus measured during stress-relaxation experiments and modulus measured within the physiological strain rate range from 
0.05 to 10% s-1 of PDMS and PEO-PDMS of different stiffness from 60:1 to 80:1. (n= 5-7). Data are represented as mean±s.d. 
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Supplementary Figure 6.2 | Mechanical characterization of PDMS and PEO-PDMS substrates at microscale exhibits consistent results with bulk 
level and no significant effect from surface treatment and collagen coating. (a) Typical load-displacement curves of PDMS having a ratio of 10:1, 
60:1 and 80:1 measured with a micromechanical testing system equipped with a sensor with a 10 μm radius tungsten tip at 1 μm s-1. (b) Elastic 
Modulus of PDMS and PEO-PDMS substrates having a ratio of 80:1 measured when the substrates were pristine, coated with sulfo-SANPAH (s-s 
coated) and coated with collagen (col-I coated). (n= 3-4). Data are represented as mean±s.d 
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Supplementary Figure 6.3 | Ligand loading is empirically adjusted to obtain a similar ligand density on PDMS and PEO-

PDMS. (a) Adsorbed collagen-I amount on PDMS and PEO-PDMS substrates of different stiffness measured with a microBCA 

assay. Collagen-I monomers were coated at a concentration of 10 μg mL-1 on PDMS and of 50 μg mL-1 on PEO-PDMS. (n = 5-7). 

Data on stiff substrates were reported from our previous publication (12). (b) Adsorbed GFOGER peptide amount on PDMS and 

PEO-PDMS substrates measured with a microBCA assay when coated with different peptide solution concentration from 5 to 50 μg 

mL-1. (n = 4-6). Standard curves for (c) collagen and (d) peptide amounts that were measured with microBCA assay (n=4-5). Ad-

sorbed collagen-I (e) and GFOGER peptide (f) amount on PDMS and PEO-PDMS substrates measured with a microBCA assay at 

different time points (n=3). Data are represented as mean±s.d.  
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Supplementary Figure 6.4 | The difference in collagen assembly on PDMS on PEO-PDMS appears to be consistent across different substrate 
stiffness. Representative images by atomic force microscopy of the collagen layer atop of PDMS and PEO-PDMS substrates of different stiffness 
(soft: 0.07-0.10 kPa; intermediate: 5-6 kPa; stiff: 2.15-2.40 MPa) with the calculated average roughness (Ra) from 3 different areas. Data are repre-
sented as mean±s.d. 
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Supplementary Figure 6.5 | Spectral analysis by Time-of-Flight Secondary Ion Mass Spectrometry (TOF-SIMS) indicates a higher amount of sulfo-
SANPAH bound to PDMS compared to PEO-PDMS. Zoom-ins on characteristic fragments for sulfo-SANPAH on PDMS (dashed green), PEO-PDMS 
(0.2%) (red) and PEO-PDMS (0.4%) (light blue) are shown and compared. The PDMS substrate (without sulfo-SANPAH, black) is also shown as refer-
ence. The spectra are normalized to the total ions counts. The semi-quantitative analysis of these characteristic peaks reveals that the sulfo-
SANPAH density on the 0.2 % PEO substrate is only 33 % ± 8 % of its density on the pure PDMS substrate. On the 0.4 % PEO substrate it further 
decreases to 10 % ± 6 %. 
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Supplementary Figure 6.6 | Depth of the beads inside the PDMS for traction force microscopy is controlled. (a) Representative images of the 
PDMS upper layer thickness sandwiched between two types of fluorescent beads when spin coated for 1 min, 5 min and 10 min at 10 000 rpm on 
PDMS base layer. (b) Quantification of the PDMS thickness when spin coated on glass and PDMS for 1 min, 5 min and 10 at 10 000 rpm. (c) Sum-
mary of the thickness values of PDMS substrates. (n = 4; number of data points per sample = 9). Data are represented as mean±s.d. 

 

Supplementary Figure 6.7 | Traction force microscopy indicates the cell traction stress magnitude increases with substrate stiffness when coated 
with the minimal collagen peptide. (a) Quantification of the corresponding mean surface traction stresses generated by hBMSCs when seeded on 
PDMS substrates of intermediate stiffness (5-6 kPa) when coated with the minimal collagen peptide (GFOGER). PDMS coated with collagen I was 
used as a reference. (n = 6-23) (b) Quantification of the corresponding mean surface traction stresses generated by hBMSCs when seeded on PDMS 
soft substrates (0.22-0.35 kPa) when coated with the minimal collagen peptide (GFOGER). PDMS coated with collagen I was used as a reference. (n 
= 35-45).  
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Supplementary Figure 6.8 | Differentiation on substrates of intermediate (60:1 and 70:1) stiffness. After 7 days culture in co-induction medium 
only cells on 80:1 PEO-PDMS substrates contained Oil Red stained lipidic vesicles. Nevertheless, cells on 70:1 PEO-PDMS and on 80:1 PDMS did form 
colonies characteristic of the initial stages of adipogenesis. 
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Supplementary Figure 6.9 | Surface energy alters gene expression of collagen receptors and focal adhesion elements. Molecular investigations of 
hBMSC gene expression of collagen receptors and focal adhesion elements after 1 d culture when seeded at 25 000 cells per cm2 on PDMS and PEO-
PDMS substrates of different stiffness (soft: 0.07-0.10 kPa; stiff: 2.15-2.40 MPa): ITGA1 (integrin α1), ITGA2 (integrin α2), ITGB1 (integrin β1), VCL 
(vinculin), PXN (paxillin), PTK2 (protein tyrosine kinase 2 also known as focal adhesion kinase), DDR1 (discoidin domain receptor 1) and DDR2 (dis-
coidin domain receptor 2). (n = 4-5). data on stiff substrates were adapted from our previous studies (97). Data are represented as mean±s.d.; 
Significance was indicated for p ≤ 0.05 (*p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001). 

 

Supplementary Figure 6.10 | Cell spreading is affected differently depending on the coated ligand. (a) Spreading areas of hBMSCs on functional-
ized substrates after 24 h culture on PDMS and PEO-PDMS substrates of different stiffness (soft: 0.07-0.10 kPa; stiff: 2.15-2.40 MPa) when  (a) 
without immobilized protein ligand and  (b) coated with fibronectin. Cells were stained with Alexa-488-phalloidin and DAPI. (n=42-540) 
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7.1 Abstract 

Measuring cell-generated forces by Traction Force Microscopy (TFM) has become a standard tool in cell mechanobiology. Although 

widely used in 2D, only a few methods exist to measure traction in 3D, since three-dimensional cell culture, volumetric high-

resolution microscopy, and more demanding computational approaches are required. Although it is commonly known that the 

selected experimental and computational setup highly influence the quality and accuracy of the results, no existing methods can 

adequately assess the errors involved in this process. We present a fully integrated simulation and evaluation platform that allows 

one to simulate TFM images and quantify errors of an applied approach for traction stress reconstruction, in order to improve 

experiments that attempt to measure mechanical interaction in cellular systems. In this context, we show that a careful parameter 

selection can decrease the reconstructed traction error by up to 40%. 

7.2 Introduction 

Mechanical interactions of adherent cells with the extracellular matrix (ECM) are a key driver of tissue development and pathogen-

esis (20). It is therefore essential to study not only biomechanical but also mechanical interactions in order to derive an under-

standing of cellular behavior which involves the acquisition of quantitative information about the forces that are present in this 

complex microenvironment. Cell-generated forces can be measured with methods commonly referred to as Traction Force Micros-

copy (TFM) (3), which are most widely applied to cells cultured on flat elastic substrates, and increasingly applied to cells in 3D 

culture (Figure 7.1a).  

 

Figure 7.1 | Workflow for analytic 3D TFM, the simulation environment and to evaluate the performance of individual algorithms: (a) Analytic 3-
Step approach to calculate 3d TFM. It consists of the imaging, bead tracking and traction force reconstruction. (b) Simulation block to generate in 
Silico displacements used for parameter evaluation. Both the tracking and the force reconstruction can be evaluated individually, following different 
path on the diagram.  

 

In such experiments, cells deform a surrounding substrate and a high-resolution image of gel-attached fluorescent beads is taken at 

time t=t0, representing the ‘stressed’ state. A second image is then taken at time t=t1 after cell removal to obtain the ‘relaxed’ or 

undeformed substrate. In the second and third steps, the displacement of the beads between the relaxed and the stressed image 

can be measured and – with assumed elastic properties of the gel – the traction field can be calculated. As cells in native 3D envi-

ronments show significant morphological, structural and functional differences (67), measuring cellular forces (or behavior) in three 

dimensions is widely viewed as more physiological (66). Although highly accurate methods have been described for 2D and 2.5D 

TFM (5, 156), very few approaches exist to measure 3D TFM, consistent with the substantial experimental and computational costs 

of such approaches (73). Moreover, although it has been indicated that the accuracy of force reconstruction through TFM is highly 

dependent on the experimental setup, imaging and the applied computational approach (53, 77), no extensive parameter valida-

tion studies have been conducted thus far for 3D TFM, since reliable calibration frameworks have until now not been available. In 

order to bridge this gap, we extended a recently published simulation framework for 2D TFM calibration (77) to be applied to 3D 

TFM. Within this framework, 3D TFM experiments can be simulated in silico by artificially generating microscopic image stacks of 

(a) 

(b) 
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fluorescent beads that experience a deformation caused by cellular traction, including crucial experimental parameters such as 

bead density and refractive mismatch of the optics. As opposed to earlier evaluation studies using simulated displacements (73), 

this setup not only allows one to independently asses the quality of deformation measurements and traction stress recovery, but 

also to perform insightful parametric studies that can be harnessed to efficiently guide the optimization of experimental biology 

protocols (Figure 7.1b).  

As a proof-of-concept, we performed a parametric study to investigate the influence of the experimentally selected bead distribu-

tion, as well as a direct comparison of accuracy and computational expense using two common approaches for 3D TFM traction 

reconstruction. With these exemplary results we show that it is indispensable to carefully select the experimental setup and analyt-

ic methods, as obtained accuracy can vary between 20% and 70%. 

7.3 Traction Force Microscopy in Three Dimensions 

Except a few specialized approaches, measuring cell generated traction forces using TFM usually involves three separate steps 

(Figure 7.1a): 1. Imaging of fluorescent beads. 2. Tracking the induced bead displacement to obtain a displacement map of the 

substrate and 3. Using the known mechanical properties of the substrate material to translate the displacement map into a stress 

map. To show the capabilities of the simulation framework, we focused on steps 2 and 3.  

7.3.1 Measurement of substrate deformation 

Two different algorithms were implemented for estimating substrate deformation from obtained images, both relying on the wide-

ly used digital volume correlation method (DVC) (62, 166, 177, 349, 350).  

Within this framework, the image domain is divided into sub-volumes centered at specific points of interest. In each iteration, the 

rigid translation vector c between pairs of corresponding sub-volumes within the overall volume Vs at t0 and t1 is determined by the 

maximum discrete cross-correlation m (see also Supplementary Figure 7.1): 

𝑚(𝒄) = ∑ 𝑓(𝒙𝒊) ∙ 𝑔(𝒙𝒊 + 𝒄)
𝒙𝒊∈𝑉𝑠

 

Equation 7.1 

Where 𝑓(𝑥) is the reference and 𝑔(𝑥) the interrogation voxel sub-volume at time points 𝑡0 and 𝑡1 respectively. By definition, this 

calculation is improved by using Fast Fourier Transform (FFT). Sub-pixel accuracy in obtained by fitting a 3D Gaussian function to 

the peak of the cross-correlation. As it is commonly implemented in the 2D digital image correlation (DIC), a recursive approach 

was implemented so that each iteration successively downsizes the size of the reference and interrogation sub-volume. The dis-

placement 𝑐 of the previous iteration is used to define a new center point in the integration volume, and this is repeated until a 

defined stop-criterion is met.  This allows a trade-off between reasonable resolution and being able to capture larger deformations 

(147).  

In the Grid-based Digital Volume Correlation (GDVC), the initial search points of the reference and the interrogation sub-volumes 

are pre-defined on a regular grid without a-priori information of the image. This method does therefore not require the knowledge 

of the exact position of the individual beads, which is expected to reduce the overall computational time for experiments with high 

bead densities (77). At each iteration step, the size of the sub-volumes is reduced by one-third until a user-defined minimum crite-

ria is met. 

The Particle-based Digital Volume Correlation (PDVC) is based on particle tracking velocimetry methods in 2D. As opposed to GDVC, 

this approach includes a pre-step in which the bead positions are found first. In the first two steps, noise is reduced using a local 

7x7x7 voxel local threshold filter (192), and bead centroids are detected using a local maximum approach, assuming that the center 

of a bead is found at the location of a voxel whose intensity is a maximum within its local 3x3x3 voxel neighborhood. The search 

location of the DVC sub-volumes are then defined based on these bead positions. To improve spatial resolution, the size of both 

subvolumes is reduced by one third per iteration until a minimum size is reached, which is defined as the smaller value of either 

twice the particle diameter or the mean inter-particle distance 𝑑 given by: 

〈𝑑〉 = (𝑛𝑠𝑉 𝑛⁄ )1 3⁄  

Equation 7.2 
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where 𝑛𝑠 is the user-defined minimum average number of particles per subvolume and 𝑛 is the total number of particles detected 

in the volume 𝑉. 

A more detailed graphical description of the two different DVC algorithms can be found in Supplementary Figure 7.2.  

7.3.2 Traction Stress Reconstruction 

The last step of TFM involves the constitutive laws of the material of the substrate to link the measured displacements to their 

corresponding traction stresses (force by area), caused by the cell. For proof-of concept of our simulation and validation frame-

work, we implemented two different algorithms for this step. A detailed step-by-step flow chart of these approaches can be found 

in Supplementary Figure 7.3. 

7.3.2.1 Direct Differentiation Finite Difference Method (FDM) 

Under the assumption that the substrate is a homogenous, isotropic and linear elastic material, the stresses can be directly calcu-

lated from the displacement field using simplified laws of continuum mechanics (191). First, the displacements are interpolated on 

a regular 3D grid using natural-neighbor interpolation (scatteredInterpolant class in MATLAB) and after smoothing with a 3x3x3 unit 

box convolution kernel, nodal displacement gradients are obtained. The Cauchy strain tensor 𝜺 is constructed using: 

𝜺 = 1/2(𝒖𝜵 +  (𝒖𝜵)𝑇)  

Equation 7.3 

Where 𝒖 is the displacement vector and 𝜵 the Nabla operator. And the stress tensor 𝝈 using Hooke’s law for isotropic materials: 

𝝈 =  𝜆 tr(𝜺)𝑰 + 2𝜇𝜺 

Equation 7.4 

Where 𝑰 is the identity matrix and 𝜆 and μ the Lamé constants using the Young’s modulus 𝐸 and the Poisson’s ratio 𝜈 defined as: 

𝜆 =
𝜈𝐸

(1 + 𝜈)(1 − 2𝜈)
 

𝜇 =
𝐸

2(1 + 𝜈)
 

Equation 7.5 

The resulting surface tractions 𝑻 on the face centroids of the cell model are calculated using the relation: 

𝑻 =  𝝈 ∙ 𝒏 

Equation 7.6 

Using the outer surface normal 𝒏. 

Since the cell usually has different mechanical properties than the substrate material, and because there are no beads and hence 

deformation information available in the volume occupied by the cell, the homogeneity assumption does not fully hold. However, 

since the strain (and thus stress) is calculated only over a small (3x3x3) region of measured location, this simplification can still be 

used. Therefore, the nearest-neighbor interpolation is used within the cell volume, leading to more accurate values near the cell 

surface.  

7.3.2.2 Inverse Finite Element Analysis (FEA) 

The finite differences method described above requires superior 3D image quality and can only be used if geometrical and material 

linearity is assumed (5). As an alternative approach, a finite element solver is used to calculate the traction stresses given the dis-

placements, similar to a method developed in an early study [8]. In brief, with the help of a fully automated interface between 

Matlab and ANSYS Mechanical, the cell model and measured displacements are exported to ANSYS and defined as boundary condi-

tion at the nodes of the finite element mesh. As further boundary conditions, the bottom face of the substrate is fixed in all direc-

tions by applying a condition of zero displacement to the associated nodes. After the model is solved, the resulting stress tensors 



Simulation and Evaluation of 3D Traction Force Microscopy 

113 

are written to a text file and imported back into Matlab. Traction stresses on the surface patches are then calculated using equation 

(3). Although technically possible to include material non-linearity, the same linearity assumption was made in order to compare 

the results. 

7.4 Simulation Platform 

The main goal of the simulation step is to obtain in-Silico microscopic images that mimic the behavior of a cell in a 3D ECM envi-

ronment, with a known ground-truth of applied traction stresses and resulting gel deformation (Figure 1b). This is obtained by using 

a finite element model of the cell within a substrate with input traction applied to it. The resulting displacements are subsequently 

fed into a model that generates artificial confocal image stacks, with all parameters of image formation fully controlled (Figure 7.2). 

 

Figure 7.2 | Simulation approach: (a) A constant pressure is applied to a circular cell-model along the x-axis. (b) Absolute displacement calculated 
by the Finite-element analysis. (c) 3D model of the beads before (t=t0, green) and after (t=t1, red) deformation. (d) Pseudo colored bitmap slice of 
the beads in the volume. The unstressed (red) and stressed (green) images are superimposed, hence yellow beads are not or little deformed. 

7.4.1 Finite Element Model 

A static finite element analysis of a cell embedded in a 3D matrix was set up using ANSYS Workbench. The substrate was modeled 

as a cube of side length 300 µm in which a core region of 80 µm is defined, which corresponds approx. to the field-of-view of a 

common high-magnification microscope. The outer and the inner parts are discretized using approx. 130,000 hexahedral and 

800,000 tetrahedral quadratic elements, respectively, with the cell-matrix boundary as the region of interest within the core. Under 

the assumption of small strains and linear-elastic isotropic behavior of the gel, a Young’s modulus of 5kPa and Poisson’s ratio of 

0.45 was applied to the gel. The cell itself was simulated with a stiffness of 1 kPa and ν=0.4. Traction with the magnitude of 1 kPa 

was applied as negative pressures on discrete areas at the perimeter of the substrate in opposing directions (Figure 7.2a). After the 

finite element model is solved, displacements and stresses at nodes associated with the inner core of the model are automatically 

exported to text files (Figure 7.2b). 

7.4.2 Image Generation 

First, random bead positions at time point t=t0 are generated in MATLAB, based on the user defined bead density and radius, ensur-

ing no bead overlap. Using the imported displacement field, these bead positions are then translated to their respective position at 

time point t=t1 (Figure 7.2c).  

In real experimental images, the intensity distribution of a point source depends on the confocal optical imaging setup, which leads 

to blurred prolate spheroids with a major axis parallel to the imaging axis. We simulated this diffraction pattern using a scalar point-

spread function (PSF) according to the Gibson-Lanni model (230). Since most polymers used for 3D TFM are hydrogels with a refrac-

tive index close to water, and the assumption of a water-immersion objective, this model yields a depth-invariant PSF which is pre-

computed within a small sub volume. At each generated bead position, the beads intensity distribution is generated by a convolu-

tion of the PSF with a sphere and subsequently rasterized into the final voxel space representing the image stack with cubic voxel 

dimensions of 0.2 µm (Figure 7.2d). 

7.4.3 Simulation Setup & Error Metrics 

To compare GDVC and PDVC, the displacement results are evaluated on a regular grid with 1 µm spacing (Figure 7.3a). Traction 

results were evaluated on the surface facets of the cell model where the input traction was defined (Figure 7.3b). For the FEA 

method, the cell surface was meshed with 0.5 µm surface elements and the outer volume with a maximum size of 10 µm. In order 

(a) (b) (c) (d) 
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to incorporate the randomness of the bead distribution, numerical experiments were each conducted for five different randomly 

generated marker bead distributions. Both displacement and traction calculations were assessed using a goodness-of-fit measure 

between simulation and reconstructed results defined as a modified median absolute percentage error (MdAPE): 

𝑀𝑑𝐴𝑃𝐸 = median
𝑖=1,𝑁

(
||𝑉𝑠𝑖𝑚,𝑖 − 𝑉𝑐𝑎𝑙𝑐,𝑖||

max (||𝑉𝑠𝑖𝑚,𝑖||, ||𝑉𝑐𝑎𝑙𝑐,𝑖||)
∗ 100) 

Equation 7.7 

Here, 𝑁 is the number of data points, 𝑉𝑠𝑖𝑚 is a given simulated displacement or traction vector and 𝑉𝑐𝑎𝑙𝑐 the corresponding recon-

struction vector.  

7.5 Results 

 

Figure 7.3 | Results of the 3D TFM process: (a) Displacement field heat map. (b) Reconstructed traction calculated by the FDM method on the 
surface of the cell. Magnitude shown as heat map. (c) Result of the displacement analysis. MdAPE in blue, computation time is shown in green. Solid 
lines: PDVC, dashed line: GDVC. (d) Result of the traction analysis. Orange lines: FDM method, magenta line: FEA method. Solid lines: PDVC, dashed 
line: GDVC. The two horizontal lines represent the outcome using the perfect displacement field. 

7.5.1 Displacement Measurement 

As is known to be the case for 2D TFM, the density and location of the fluorescent beads have a significant influence on the accura-

cy of 3D TFM. Here, the accuracy of the two DVC algorithms was compared as a function of bead density. For a low bead density, 

PDVC performs significantly better than GDVC, with a median error of less than 10% (Figure 7.3c, blue curves). This is not surprising, 

as there might be many evaluation points where no beads fall into the sub-window.  As the bead density increases, both algorithms 

improve the accuracy and the difference between the algorithms persists, although it is less prominent. However, with increasing 

number of beads in the volume, the number of evaluation points for PDVC (solid lines) and their respective (rather computationally 

expensive) correlation operations increases proportionally. The result is an almost exponential increase in computation time per 

dataset (green curves Figure 3c). As the accuracy of the GDVC (dashed lines) is similar with the same amount of evaluation points 

(and computation time), it is recommended to use GDVC for high bead densities. Experimentally, increasing the bead density is 

straightforward as it only involves adjusting the hydrogel-bead mixing ratio. However, increasing the bead density should be done 

carefully as it might impact the mechanical properties of the gel.  

7.5.2 Traction Reconstruction 

Traction can be calculated in two different ways: Either directly on simulated (ideal and noise free) displacement fields, to allow 

individual examination of the errors associated with the traction algorithms, or using the displacement results calculated in the 

previous step, which involves error propagation throughout the entire TFM approach.  

For both situations, the finite-difference method (FDM) performs considerably better than the FEA method (Figure 7.3d). With 

increasing bead density, the median error approaches a theoretical limit of 20% (25% calculated with FEA) using the direct dis-

placement field. Interestingly, the GDVC approach outperforms PDVC in this context, despite having a lower displacement accuracy. 
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This could be explained by the results of the GDVC already lying in a regular grid, while PDVC results must be first interpolated, 

yielding a loss of information that influences spatial derivatives. Using FEA, this relationship is reversed, with PDVC thus being more 

accurate in view of the displacement analysis output. 

7.6 Discussion 

We present a novel 3D TFM calibration, with the ability to benchmark algorithms for calculating cellular displacements and traction 

stresses. The framework includes an automated simulation platform that can simulate different experimental setups to quantify 

algorithmic errors within a TFM analysis. This simulation environment includes a realistic image generator that allows us to repli-

cate in-Silico image stacks as would be obtained using the diffraction limited optics of a specific fluorescent microscope, which 

allows to compare the influence of different experimental set-ups such as bead density and size. 

Our proposed framework aims to provide a universal ground-truth for the evaluation of various parameters involved in TFM, thus 

improving upon previously developed methods to evaluate only a specific part involved in the whole process (73). By only using the 

input traction stresses as well as the simulated displacement caused by these tractions, different approaches can be evaluated 

allowing for the comparison of reported results across different users and laboratories, which is an essential yet hardly achieved 

part of TFM analysis (7).  

As a proof-of-concept, we simulated confocal TFM image stacks with different bead densities and evaluated the accuracy of two 

different algorithms for displacement and stress calculations respectively. 

Consistent with the experience in 2D TFM, we have verified that the accuracy of 3D TFM can be improved with higher bead density. 

While for a low bead density a particle-based DVC approach is recommended, it can lead to increasingly higher computation times 

for dense bead distributions, which has a negative effect on TFM if large datasets and high-throughput analysis should be per-

formed. Given the large variations of reported 2D traction stresses even in controlled experiments (218), a large dataset is usually 

recommended for viable results. Furthermore, we show for the first time that although the choice of TFM approach has little influ-

ence on the displacement accuracy, it can result in a range of traction error from 30-70%. It is therefore indispensable to validate 

any experimental and computational approach to 3D TFM in order to assess the potential reliability of the measurements. 

Although these results show the importance of a proper calibration of the TFM approach, there are several limitations that should 

be considered. First, we have only used a single spherical cell as a model for cellular traction, which is a simplified morphological 

shape that differs from certain motile cells that tend to produce protrusions. Moreover, the area over which the traction was ap-

plied is relatively large, compared to reported adhesions that have a much smaller adhesion size (67, 68). Therefore, future models 

should check the robustness of the proposed framework to the choice of the initial cell shape. Second, the use of the ANSYS soft-

ware package for both simulation and evaluation is not ideal because it is not free of charge. However, the simulated datasets can 

still be used to evaluate new algorithms, and furthermore the APDL scripts used in the FEA method for force calculation are availa-

ble upon request, allowing for the adaptation of any other finite-element solver of choice.  

Concerning the TFM analysis, the choices of displacement measurement methods are very simple since only rigid transformations 

of the voxel blocks are considered. While this is a viable choice to demonstrate the capabilities of the framework, more sophisticat-

ed methods considering large deformations could be included in future developments (167).  

Similarly, it must be noted that the outcome does not only depend on the algorithms per-se, but also on a careful evaluation of the 

parameters involved in each approach. For this work, we compared the approaches based on a single parameter set, which was 

kept constant across all simulations. As long as the ECM material behaves linearly and elastically, grid-based DVC with FDM per-

forms best in this context. Our framework can easily be extended to include more elaborate material models such as hyperelastic 

materials or highly non-linear fibrous gels such as collagen type-I [10]. It also allows for a simple integration of new or existing TFM 

approaches and use as a ‘test bed’ to evaluate and improve such methods, including large-deformation and viscoelastic TFM meth-

od presented recently (156, 190). This represents a major milestone for the development and widespread use of 3D TFM as an 

essential tool for mechano-profiling cellular behavior in bioengineering applications. 
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7.7 Supplementary Material 

 

 

Supplementary Figure 7.1 | Principle of digital volume correlation (DVC): A pair of particle image stacks (a) is processed as 3D intensity distribu-
tions (b). The motion of an image subvolume Vs from time point t0 (blue) to time point t1 (red) can be derived from calculating the cross-correlation 
of the two corresponding intensity distributions (c). The maximum of the resulting cross-correlation (d) is then used to determine the displacement 
vector c for the subvolume Vs 
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Supplementary Figure 7.2 | Flowcharts illustrating the implemented principles of displacement field calculation: (a) GDVC, (b) PDVC 

(a) GDVC 
 (b)     PDVC 
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Supplementary Figure 7.3 | Flowcharts illustrating the traction reconstruction algorithms: (a) direct differentiation and (b) FEA method for trac-
tion stress reconstruction 

(a) 

(b) 
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 Synthesis & Conclusion 

8.1 Summary of Achievements 

Our understanding of cellular behavior has highly increased since it was first discovered that cells mechanically interact with their 

immediate environment (1, 216). Nowadays, it is well accepted that the mechanical properties of the extracellular matrix environ-

ment have a direct influence on cellular fate, and as such steer vital processes such as migration, differentiation, apoptosis and 

thereby directly affect cellular homeostasis which may lead to pathogenesis (23). In order to understand the complex crosstalk 

between mechanical force generation, biochemical signaling through mechanotransduction and cellular fate, many new tools had 

to be developed in order to measure these signals and place them in the proper context. Since mechanical forces generated by the 

cells are vital in most of these processes, a lot of effort has been put on methods to measure these forces, which are commonly 

referred to as Traction Force Microscopy (TFM). Although a lot of progress has been made in the development of these methods, 

many difficulties have not been resolved and the unavailability of gold standards has led to a lack of consent within the field as to 

which method is the one to choose (6). Apart from the experimental aspect, it has been shown that even during the analysis, the 

differences between different well-known algorithms can lead to conflicting results for the same dataset (76), and even within one 

algorithm itself, the choice of the parameter set for analysis can have a disastrous effect on the reconstructed traction field, often 

leading to a severe underestimation of the true traction forces (53, 77). As a result, measurements of cellular tractions cannot 

usually be compared across different studies as a reliable calibration was nonexistent (7).  

The main obstacle in classical TFM methods is the limited resolution at which the cell-induced displacements can be sampled. In 

order to reflect the complexity of the cell-generated traction pattern on the substrate, the feature density at which the displace-

ment is measured should be as high as possible. The recent advantages in high-resolution TFM have allowed for an increasing num-

ber of beads that can be imaged, and have made it possible to evaluate the traction patterns directly at the focal adhesions with 

submicron resolution. For example, this enabled the previously unattainable characterization of the nanoscale force fluctuations 

and FA-mediated stiffness probing which revealed the molecular events that directed cellular migration, an important concept 

during processes such as embryonic development, morphogenesis and pathological processes such as metastasis (31, 137). 

Within this context, the main focus of this thesis was the development of tools to measure cell generated traction forces using TFM 

with an ultra-high resolution and as accurately as possible. Along these methods, a numerical approach was to be developed in 

order to properly validate existing approaches, and to provide an in-Silico test bed to benchmark optimized experimental and nu-

merical strategies against a given ground-truth. These findings were then to be applied to elucidate the important influence of cell-

generated traction forces on biological processes that are involved in stem cell differentiation and cancer metastasis progression.  

In chapter 3, we successfully developed a novel cell traction force simulation and evaluation platform, which can be used to per-

form comprehensive parameter evaluation across the whole TFM spectrum from microscopy image capture to force reconstruc-

tion, both in two and three dimensions. Within this framework, a physical model of the image formation for fluorescence micros-

copy allowed us to include and quantify the influence of experimental parameters such as marker bead density and location, an 

important design parameter that has previously only been marginally considered (78). In earlier reports, the field of TFM method 

development was mainly concerned with the mechanically ill-posed problem of mapping the measured deformation with the trac-

tion that caused them, and as such usually ignored the critical influence of the tracking per se. By using artificial TFM images and a 

numerical model of traction-induced deformation of a cellular substrate, we showed through an exemplary pilot study that includ-

ing the displacement step affects the outcome of the traction reconstruction up to 30%, depending on the parameter set of the 

displacement field calculation. By varying the interrogation window size and evaluation grid resolution of the particle image veloc-

imetry (PIV) approach, traction footprints on simulated focal adhesions between 0.5 µm and 5 µm can be improved from almost 

non-detectable to an underestimation of approximately 20-50% of the given input, but at the expense of increased noise levels.   

Building upon these insights, a more in-depth analysis of these findings in 2D TFM was conducted in the second part of this thesis, 

were again the main focus was placed on the first two steps of a TFM analysis: The experimental setup and the displacement field 

calculation. Due to the three sequential TFM analysis steps, namely imaging, bead tracking and force reconstruction, it is indispen-

sable to optimize these early steps as inaccuracies occurring here have a devastating effect on all downstream analysis, leading to 
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an error propagation that cannot be recovered later. In Chapter 4, we performed a very comprehensive parametric study to quanti-

fy the influence of these steps on the TFM outcome. Customarily, sub resolution-sized features such as fluorescent beads are in-

cluded in the substrate to visualize and measure the displacements caused by the tractions. As was proposed in earlier studies, it is 

obvious that more features provide more information about the underlying signal (49, 118–120, 128) and that experiments should 

be optimized towards these setups. The work presented in chapter 4 quantifies, for the first time, the influence of the marker bead 

seeding strategies and shows that locating the features as dense as possible close to the area of force application can reduce the 

force underestimation by up to 50%. This is especially important when measuring forces applied to small focal adhesions or very 

small traction amplitudes as the signal might be completely missed by the features. In that aspect, we concluded both theoretically 

and experimentally that beads should always be coated on the surface of a substrate rather than distributed randomly within, as 

the displacements within the volume decay rapidly as a function of depth (200).  

Along with the recommendation for an improved experimental approach, we demonstrated that tracking the beads with the 

Kanade-Lucas-Tomasi (KLT) (161, 164) method outperform classical and widely-used correlation based tracking algorithms such as 

Particle Image Velocimetry (PIV) (147) or Particle Tracking Velocimetry (PTV) (53). KLT is a very efficient implementation of the 

optical-flow equation and is therefore computationally faster than conventional correlation-based approaches by several orders of 

magnitude. Using KLT can improve the accuracy of TFM on single focal adhesions by 20-40%, especially for small focal adhesion 

sizes (< 1µm), which are only marginally (or not at all) resolved using PIV. Generally, by comparison of the error in the bead tracking 

and the error in the full TFM analysis, in relationship with the error solely caused by the traction step (which we already discussed 

in chapter 3), we hence conclude that accurate tracking of the displacement inferred by the tractions is essential for a high resolu-

tion, high accuracy TFM analysis, a fact which has been often ignored. These findings have been partially confirmed experimentally 

using cells cultured on poly-acrylamide (PAA) hydrogels with simultaneously two differently colored beads, either scattered ran-

domly inside the hydrogel or covalently bound to the surface. The analysis of the dataset using the surface coated beads resulted in 

2-3 times higher traction values at the peak located at distinct focal adhesion sites. Furthermore, the signal-to-noise ratio highly 

improved visually. If in addition KLT was applied instead of PIV for the bead tracking step, the peak values were up to 5 times higher 

than using volumetric bead configuration analyzed with PIV. 

In chapter 5 & 6, the findings derived from the previous chapters were applied to ongoing questions that are relevant to current 

research in cell mechanobiology (11, 21, 351). One of these questions is the impact of physics in cancer cell progression and metas-

tasis formation (352, 353), which we discussed in chapter 5.  

It is well-known that the impact of tissue and cell mechanics on cancer development is fundamental and has been long overlooked 

in the early days of cancer research (240, 241). It poses an immense research challenge to understand the complex crosstalk that 

defines the biochemical and biomechanical events that trigger cancer progression, and we are only beginning to understand how 

these behaviors can be harvested for diagnosis and therapy (288). However, most research to date has been conducted on epithe-

lia-derived carcinoma cells, which potentially invalidates many of the observations made on these cells for other important neo-

plasms such as sarcomas. Therefore we conducted for the first time, to our knowledge, a comprehensive biomechanical analysis of 

two different osteosarcoma model cell lines, in which we probed both passive (stiffness) and active (traction forces) mechanical 

properties of highly metastatic cells and compared them to their less metastatic parental cell line. Since cancer cells undergo vari-

ous stages during metastasis, we compared morphology and stiffness for both adhered and free-floating cells. The main finding 

from this analysis is that cellular stiffness depends not only on its state, but also on the methods by which it is measured. We there-

fore observed a marginally reduced stiffness in free-floating cell using real-time deformation cytometry (277), but an observed 

trend using a biaxial tensile testing platform (17). When we tested the stiffness by the conventional AFM indentation method (15, 

299), we saw a significant decrease for one cell line but a significant increase in the other. Cell-generated traction forces where 

measured with two different methods and we found a consistent and significant decrease in cellular contractility with increasing 

metastatic potential. While these results confirm some of the few data available in literature (311, 312), they also contradict some 

of the findings reported by other groups (29, 290, 308). This discrepancy reflects the trends reported in literature but lays a founda-

tion and landmark for future research in the field of osteosarcoma biomechanics.  

In chapter 6, we explored the role of surface energy-driven ligand assembly in influencing stem cell sensitivity to a broad range of 

substrate stiffness. Although a lot of progress in cell-ECM interactions has been made in the recent years (13, 318), it is still not fully 

understood how the cells sense and react to the mechanical properties of their underlying substrate (30, 317). The conflicting 

results often found in this field can be partially explained by the different substrate materials used to derive them. Among the main 

differences in physical and biochemical properties, the surface energy derived wettability is of special interest, as it influences the 

mechanism of ligand assembly (354). Therefore for this study, we built upon a novel two-dimensional silicone-based platform for 

cell culture developed in our lab, whose stiffness and surface energy can independently modulated without altering other potential 
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cofounding factors such as mechanical properties and topography (97). Various substrates with a stiffness ranging from high (>2 

MPa) to low (< 1 kPa) were developed that are either apolar (pristine hydrophobic PDMS) or polar (surfactant-treated hydrophilic 

PEO-PDMS). As previously reported (30, 317), we found a reduced osteogenic differentiation and more adipogenic cells on the very 

soft hydrophilic PDMS compared to both hydrophobic and stiffer substrates. We therefore suggest that the surface energy alone 

may lead to a rough assembly of the collagen layer and this topography directly affects downstream signaling directing stem cell 

differentiation. Since traction forces are the main protagonists in the focal adhesion-mediated mechanosensing pathways, we 

further investigated the effect of surface energy on cell contractility. However, as the surface chemistry of the substrate cannot be 

affected in this study, we developed a new traction force microscopy platform that enables the measurement and quantification of 

cell-generated traction stress without the cofounding factors that come along with bead coating on the surface. We therefore 

coated the beads on the PDMS before adding another thin layer of PDMS on top, and included the depth of the bead layer in the 

calculation of the traction stresses. We found that the cell spreading on hydrophobic PDMS substrates occurred with reduced cellu-

lar tension, and investigation of the Rho Kinase (ROCK) signaling revealed reduced activation, confirming the reduced contractility. 

This is an important result as it suggest that cells spreading as a function of substrate stiffness is not a sole function of cellular con-

tractility, as it is commonly expected (316).  

Although the insights gained from the mechanical point of view are important and meaningful, they are yet derived on relative 

simple two-dimensional tissue culture setups, as it is common practice in the field of cancer progression and stem cell behavior. 

However, there is more and more evidence that cells behave fundamentally different when they are cultured within a more physio-

logical 3D tissue culture, such as ECM-derived hydrogels (66, 67, 69, 314, 355). Therefore new methods have to be developed that 

allow the transfer and the comparison of the biomechanical analysis to the third dimension (37, 74, 240). Therefore in the last 

chapter of this thesis, the work of chapter 3 & 4 was extended into the third dimension where we concentrated the efforts on 3D 

TFM. As in 2D, the simulation and evaluation platform introduced in chapter 3 can easily be adapted to perform parameter studies 

in 3D TFM. However, the increased dimensionality only comes at a cost of higher complexity and computational demands. This is 

also the first result of the study where we analyzed the outcome of 3D TFM and the displacement analysis alone for datasets with 

different bead densities and analyzed using two similar – yet different – tracking and traction reconstruction algorithms. Consistent 

with the results derived from our 2D models, increasing the bead density has a positive effect on accuracy for both displacement 

and traction field reconstruction, especially for the former step. When comparing bead tracking algorithms, the two investigated 

methods are both based on Digital Volume Correlation (DVC) (62), where the first one (GDVC) works in a way where the interroga-

tion points are defined on a regular lattice without a-priori information about bead location. This is similar to the PIV in 2D TFM 

discussed in chapter 4. On the other hand, in PDVC the interrogation points are defined on the set of pre-identified bead locations, 

which can be compared to correlation-based PTV. For any given bead density, the PDVC performs significantly better, especially for 

low bead densities, as there might be many evaluation points where no beads fall into the interrogation windows. However, with 

increasing bead number, the number of needed correlation operations increases proportionally for PDVC, which results in an expo-

nential increase of computation time. A similar bead density-dependent trend could be observed when including the traction re-

construction, albeit the large difference between the two traction algorithms considered here: direct calculation using Finite Differ-

ences (FDM) (63) and indirect using an inverse Finite Element Method (FEA) (252) (173, 174). The errors in force reconstruction 

differed by more than 40% for the highest considered density, with the FD-method having an overall considerably better perfor-

mance (DTM approx. 30-40%, FEA: approx. 55-70%). Interestingly, the GDVC derived displacement field performs better in this 

context, despite having a lower displacement field accuracy. In summary, this exemplary dataset gives us a first quantitative evalua-

tion of some of the simplest algorithms used in this field, and provides a suitable ground-truth to further develop and optimize TFM 

methods. Because the field of 3D TFM is still fairly young, a lot of effort has to be put into the development of a gold standard that 

can be used by many laboratories, without requiring too much special knowledge.  

8.2 Limitations and Future Directions 

The work presented in this thesis provided a thorough insight into quantitative Traction Force Microscopy in two and three dimen-

sions, and provided an orientation on how to optimize the experimental and analytical approaches to get the best possible out-

come. However, within the different projects of this thesis there are limitations in several regards, and should be improved in the 

future.  

Starting with the simulation platform, various simplifications were done in order to optimize development. In order to create a 

ground-truth for displacements caused by a known traction input, we developed a finite element model of an elastic substrate such 

as polyacrylamide (PAA) or silicone based gels (e.g. PDMS). Apart from the mechanical assumptions for these models, which we will 

discuss later, a major simplification of the model is the assumption that the results simulated using Ansys are ideally correct. Alt-

hough we performed several solution optimization steps, we cannot fully rule out potential deviations from a ‘true’ displacement 
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map. As the mechanical problem of traction applied perpendicularly to the surface of an elastic body is relatively complex (178), an 

analytical solution can only be derived using simplifications such as treating the body as an elastic infinite half-space.  

Furthermore, as we have discussed in chapter 2, it has proven difficult to set up an experimental validation of this traction behav-

ior. For example, steel balls with known weights were used to indent the substrate under gravitational pull (62, 71), but this is not a 

2D behavior. By using a micropipette setup that pulls the substrate, it usually also indents the substrate and might result in a com-

plete different displacement behavior. It also restricts the displacement measurement to outside the indentation area, as beads at 

the needle indentation area are occluded. We have developed a new method to directly print gold nanorings with a given diameter 

on top of silicone substrates which simulate a focal adhesion to which we could pull perpendicularly with an AFM cantilever tip 

attached to a MEMS nanoforce sensor. The whole setup was mounted on top of a confocal microscope in order to simultaneously 

measure bead displacement under the ring’s area. However, as we have experienced difficulties in maintaining ring stability and 

nominal pressure, the setup has to be improved first before obtaining meaningful measurement results (Figure 8.1).  

 

Figure 8.1 | Experimental Setup developed for TFM validation. (a) AFM cantilever tip attached to the front needle of a MEMS force sensor, shown 
in different magnification steps. (b) DIC Top view of the cantilever tip above a PDMS substrate coated with beads and 1 µm sized gold rings. (c) Ideal 
force-displacement readout of the force sensor which can be used to calibrate the substrate or compare to the bead readout. (d) Same setup as (b), 
but the ring is broken due to the applied force and/or not ideal structure. (e)  Force-displacement readout which results from measuring structurally 
unstable rings.  

Even though a proper analytical validation of the model is not fully feasible, the deviations of the peak gel displacements between 

the numerical and the analytical model are minimal. Furthermore, as traction reconstruction algorithms such as Fourier Transform 

Traction Cytometry (51, 53) are based on the same simplification that is assumed in the analytical model, we believe that our mod-
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el provide us more information than using the closed-form approach (78, 233). For example, one major assumption in 2D TFM is 

that vertical traction and displacements can be neglected (61). However, in a real world application this almost never the case, 

either because true incompressibility is hard to achieve, or it’s due to the geometric orientation of the stress fibers and their at-

tachment to the focal complexes that are not fully perpendicular to the surface (304). In our model, both cases can be included.  

Material wise, our model is based on the same assumption as the most common traction reconstruction algorithms, namely that it 

is linear elastic, homogeneous and isotropic, and geometric effects of markers embedded in or on the surface can be neglected. 

These are important simplifications that can have a detrimental effect on the outcome. As the traction forces increase, the resulting 

displacements may induce local nonlinearities or even surface wrinkling that can affect the reconstruction accuracy. However, as it 

has been shown in a number of studies, if the applied strain is relatively low (<5%), the error induced by using linearized TFM is 

reduced and is often neglected, even for inherent non-linear materials (79, 87, 213). It is therefore important to select a substrate 

material whose stiffness can be tuned so that it allows small traction forces to be detected yet prevents large peak forces from 

causing the displacements to exceed 1 µm (49, 77, 125). If that is not the case or a larger strain spectrum is needed, specialized 

nonlinear TFM methods have to be employed (156, 167). In order to include those methods for benchmark studies to develop new 

approaches, future developments of our model should therefore include geometrical and material nonlinearities, such as those 

inherent to hyperelastic or strain-stiffening materials. It is also worth noting that the ligand layer, usually made from extracellular 

matrix proteins such as collagen type-I or fibronectin, can have an influence on the mechanical properties of the substrate, effec-

tively resulting in a layered model with highly different mechanical properties. The end mechanical effect of such a ligand matt is 

currently not well understood and is hence an important field of investigation. As we are interested in reducing the errors during 

analysis of the TFM data, we have not included any protein layer on the surface in both model and traction reconstruction and it 

therefore has no influence on the outcome. But in order to make the TFM models more experimentally relevant, this layer should 

be included in the future. 

The nonlinear material behavior becomes an even more important topic when concerning 3D TFM. As was discussed before, cells 

behave fundamentally more physiological in 3D cell cultures, and therefore their contractility is expected to be different as well 

(356, 357). On the other hand, most relevant 3D tissue culture systems are based on synthetic or ECM derived hydrogels that are 

formed by a fibrillary network of proteins, and apart from a single exception using PEG hydrogels (73), the linear elasticity assump-

tion for 3D TFM is not valid anymore (74, 213, 214). This is a major drawback of our 3D TFM model, as it limits the applicability to 

the methods mainly used in the field. Specialized models that incorporate the exact fibrillary network have yet to be developed, but 

approximate solutions using finite elements have just become available (70, 131). As another effect, as the deformation of these 

gels can be measured directly on the fibers using confocal reflectance microscopy (130, 132), there is no need to include fluores-

cent beads into the gels, effectively reducing potential adverse effects on local mechanics, bead phagocytosis and in the biochemi-

cal composition of the environment (as occurs in collagen deposition). This can potentially invalidate conclusions made from using 

models with bead inclusions, and therefore in a future study the imaging of the protein fibers should be simulated.  

The above mentioned model limitations also played a role during the imaging and displacement parameter study and error quanti-

fication which is discussed in chapter 4. The main limitation is that we only focused on 2D TFM, and neglected 2.5D TFM, which 

represents the same geometrical problem but increased dimensionality in the analysis. For example, it remains an open point to 

quantify the error which is caused if the applied stress does not pull perpendicularly on the surface, but inclined with a defined 

angle, especially if the material properties deviate from pure incompressibility. Even though it was discussed in a previous study 

that the corresponding error in lateral traction is low if out-of-plane displacements are neglected (61), it would sill add to the errors 

already caused by insufficient sampling of the displacement grid, reducing the overall performance of the approach. This could then 

be studied together with an extended 2.5 TFM method and hence fill this knowledge gap. We also idealized the bead distribution 

for both volumetric and surface bead configurations. While this is valid for the volumetric distribution, it is unclear how the beads 

are geometrically defined on the surface. Depending on the method used (reviewed in chapter 2), the beads on the surface could 

be fully on the substrate, effectively increasing the topographical structure on the surface, partly or fully absorbed by the substrate, 

as was shown for PAA gels (120). For this study, we assumed the partially inclusion location, i.e. the projected diameter is precisely 

on the surface. For a more substrate-specific readout, the bead location on the surface should be experimentally defined, which 

together with the influence of the protein ligand matt can influence the readout. It should be noted here that if 2.5D TFM is used, 

the long-ranged behavior of the displacement field is not only important in the lateral dimension, but also axially. Therefore, beads 

should be distributed in the whole volume beneath the force application in order to obtain meaningful analysis. However we be-

lieve that a combined approach – coating the beads on the surface for the lateral analysis and within the volume for the axial 

readout – could further improve traditional 2.5D TFM approaches.  

As already mentioned in chapter 4, certain simplifications and limitations were deliberately implemented into the TFM analysis to 

keep the corresponding computational time manageable. During displacement field calculations, we have restricted the parameter 
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space to only a limited set which is deemed to be important for the outcome. Out of those evaluated, we only presented and com-

pared the results with the best outcome, to keep the data interpretable. As an example, for each simulated pair of images, we 

evaluated each displacement algorithm for 12 different sets of window and grid sizes for the PIV algorithm alone, so for each bead 

density and focal adhesion size, we performed 240 different unique TFM calculations, resulting in a large amount of data. One way 

to overcome the issue with the large datasets was to simulate different focal adhesion sizes and applied traction on one model, as 

was previously done (54, 78, 79), instead of each FA separately. However, due to the long ranged behavior of the displacement 

field, we would have to ensure that we can decouple the effects of the traction on one focal adhesion to the measured displace-

ment and reconstructed traction on the neighboring FA, thus influencing the results (21).  

During this project, we deliberately focused on the errors that emanate from substrate generation, bead strategy and displacement 

traction step, because these critical steps are often neglected in TFM (53, 64). Therefore, we did not perform any parametric stud-

ies on the traction reconstruction step. We decided to use FTTC due to its simplicity and efficient implementation and because it 

has been shown to be comparable to other approaches in studies focusing on the traction step only (53, 76). In order to make the 

results comparable across the field, we only performed simple displacement field smoothing and omitted explicit regularization of 

the traction solution, as the optimal regularization parameter depends on the input displacement (49, 52). Therefore we cannot 

deny that additional effort on the traction step could improve, or conversely, worsen the obtained results. Additionally, during the 

time this work was performed in this rapidly moving field, new solutions that claim to be optimal for high-resolution TFM were 

developed (54, 189), which should be included to quantify their advantage over the classical methods.  

In chapter 5, we have integrated our TFM developments into a comprehensive mechanical analysis of two osteosarcoma cell lines 

and investigated the effect of increased metastatic potential on the biomechanical behavior of the cells. However, as we integrated 

several methods in one study, which are each complex in their own, the study is limited in several regards. For instance, we used 

'only' 4 cells lines. Given the diversity of cancer, which is particularly dramatic in the case of sarcomas, these might not represent 

the complexity of this tumor type. Similarly, those cell lines have been cultured over many years and might no longer faithfully 

represent the ‘real’ osteosarcoma cells. As they were usually cultured on stiff substrates such as conventional tissue culture plastic, 

they phenotype might have adapted to this microenvironment through a mechanical memory process shown for stem cells (358). 

On the other hand, it is known that cells acquire additional mutations and genetic aberrations (359, 360). Therefore, the variability 

in the quantified morphological analysis, the tensile testing and TFM within a given cell line was relatively high, restricting signifi-

cance on many comparisons. Other limitations accompany the use of a static analysis, in particular for the TFM. As was shown 

before, invasive cancer cells migrate in a nearly periodic fashion, with velocity peaks corresponding to higher traction forces (206, 

312). In order to reduce the variability and strengthen the conclusions drawn by this study, future efforts should concentrate on 

separating assay variability from biological differences due to genetic and epigenetic variability within and between cell popula-

tions, as well as functional differences due to cell cycle and migration state. We have already taken initial steps and started to 

develop an additional TFM method (termed “live-TFM”), which combines traction force analysis with time-lapse microscopy to 

study the dynamic behavior of cancer cells and enables the investigation of the migration-dependent contraction behavior (Figure 

8.2). Although the preliminary results look promising, additional work has to be invested to optimize the setup and cell-survival in 

order to reach an acceptable throughput for statistical analysis. 

Furthermore, the experimental selection of the highly metastatic variants does not faithfully replicate the ‘normal’ metastatic 

process. For example, CTCs released by a solid tumor are known to aggregate and bind platelets during their circulation stage (240, 

289), both processes that do not occur for the osteosarcoma cell lines. For cell attachment, the ECM component used in this study 

is collagen type-I; however it is known that different ligands might be present in vivo, especially in the different microenvironments 

that metastatic cells encounter during dissemination, and it has been known that these modify the behavior of the cells 

(361).Therefore, future endeavors should focus on the influence of different ligand loading and ECM proteins on the substrate to 

the cellular behavior. In addition, all of our experiments were performed on single cells without any “cancer - stroma crosstalk”, 

which is known to have significant impact on the homeostasis and thus many processes during cancer progression (362, 363). For 

future experiments, this should be taken into account for example through co-culture of cancer cells with tumor-derived stromal 

cells, macrophages, vascular cells, cancer-associated fibroblasts or any combination thereof (241, 356). Whereas our biomechanical 

analysis tools tried to cover all different states and mechanical input that occur during metastatic dissemination, an important step 

is still missing, namely the shear stress that a cell encounters in the vascular system or through interstitial flows. We have already 

started to work on a system that will allow the measurement of cellular traction forces, adhesion and migration rates as a function 

of shear stress. In the future, including the data obtained by this system is both interesting and potentially necessary for investigat-

ing the cellular behavior in malignant tumor cells. Finally, as we already pointed out, cellular response is fundamentally different in 

many aspects when cultured in more physiological 3D cell culture systems (240, 364). As was shown before, traction stress, adhe-

sion and migration change is sensitive to the dimensionality of the culture as tumor cells gain a higher metastatic potential (311).   
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Figure 8.2 | Time-dependent traction forces of LM5 cells undergoing dynamic shape change using live-TFM: (a) mean traction of all LM5 cells 
(n=5) as a function of time. Results after 12h of image acquisition (frequency 5.1min). For each of the 162 measurements, a box plot is shown. As 
some cells shown signs of phototoxicity, the average traction decreases slightly over time. (b) Time-dependent mean traction of each of the 5 
analyzed cells undergoing dynamic shape change. Neither a common nor an individual repeated pattern as previously reported (365) could be 
detected.  

Furthermore, the experimental selection of the highly metastatic variants does not faithfully replicate the ‘normal’ metastatic 

process. For example, circulating tumor cells (CTCs) released by a solid tumor and circulating within the vascular system are known 

to aggregate and bind platelets during their circulation stage (240, 289), both processes that do not occur for the osteosarcoma cell 

lines. For cell attachment, the ECM component used in this study is collagen type-I; however it is known that different ligands might 

be present in vivo, especially in the different microenvironments that metastatic cells encounter during dissemination, and it has 

been known that these modify the behavior of the cells (361).Therefore, future endeavors should focus on the influence of differ-

ent ligand loading and ECM proteins on the substrate to the cellular behavior. In addition, all of our experiments were performed 

on single cells without any “cancer - stroma crosstalk”, which is known to have significant impact on the homeostasis and thus 

many processes during cancer progression (362, 363). For future experiments, this should be taken into account for example 

through co-culture of cancer cells with tumor-derived stromal cells, macrophages, vascular cells, cancer-associated fibroblasts or 

any combination thereof (241, 356). Whereas our biomechanical analysis tools tried to cover all different states and mechanical 

input that occur during metastatic dissemination, an important step is still missing, namely the shear stress that a cell encounters in 

the vascular system or through interstitial flows. We have already started to work on a system that will allow the measurement of 

cellular traction forces, adhesion and migration rates as a function of shear stress. In the future, including the data obtained by this 

system is both interesting and potentially necessary for investigating the cellular behavior in malignant tumor cells. Finally, as we 

already pointed out, cellular response is fundamentally different in many aspects when cultured in more physiological 3D cell cul-

ture systems (240, 364). As was shown before, traction stress, adhesion and migration change is sensitive to the dimensionality of 

the culture as tumor cells gain a higher metastatic potential (311).   

In chapter 6, we have studied the influence of surface energy dependent ligand assembly and its influence on stem cell differentia-

tion. For this we used a previously developed platform which allowed us to control the cofounding factors involved during surface 
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activation, ligand binding and cell attachment (97). During the platform development, several limitations can be identified, both 

technically and analytically, among them some deserve to be mentioned. First, all experiments were performed with cells originat-

ing from a single donor. Although our cells were characterized as multipotent mesenchymal stem cells, we cannot exclude that the 

observations we made were donor specific. However, some additional experiments were performed with cells coming from a dif-

ferent donor and presented similar morphological observations. Nevertheless to further strengthen our observations, experiments 

including several donors would have been relevant but at the cost of significantly more resources. Similarly, we only employed 

collagen as a model ligand. Other common ligand proteins such as fibronectin present distinct protein structures that were also 

shown to have their conformation influenced by the surface chemistry (366). Although previous studies (30, 317) have reported 

similar behavior on PDMS with either collagen or fibronectin, these two types of protein ligands activate different receptors and 

may not similarly aggregate. This creates space for further investigation with fibronectin. For instance, we observed during our 

preliminary experiments that cells could spread according to stiffness when coated with either fibronectin or RGD peptide on PDMS 

and PEO-PDMS.   

For the analysis of cellular contractility, we have developed a new experimental and analytical approach with the advantage of 

circumventing confounding contributions from the chemically coated beads on the surface. However, our method for embedding 

the beads within the elastomer is not an optimal and handy approach: (i) controlling the thickness of the second PDMS layer re-

quires a fully controlled and time-consuming process with critical parameters during spin coating, curing and bead coating; (ii) the 

impact of the chemical bead coating at the two-layer interface on the substrate’s mechanical properties was neglected but is cur-

rently unknown. Further studies should be performed to measure any deviation from the material homogeneity assumption; (iii) 

Measuring the displacement at a certain distance below the surface results in a significant reduction of amplitude which the effect 

that small displacements were probably undetectable. Furthermore, including the depth of the measured displacements in the 

traction force reconstruction effectively compromises short wavelength resolution (88). Additionally, our analysis was only based 

on a single time point snapshot. Including different time points or a ‘live-TFM’ approach as described above would also be benefi-

cial for the analysis and would give further insight in the mechanism of stem cell contractility on various substrates.  

The results from our TFM experiments indicate the ability of cells to spread in the absence of cytoskeleton tension, which diverges 

from recent experiments in three-dimensions that reported fate to be independent of cell morphology, but rather more traction 

dependent (140, 348). Although two-dimensional and three-dimensional platforms present distinct environmental conditions, this 

contradicting observation gives ground for further investigation with, for example, the development of an intermediate platform 

between two and three dimensions such as a sandwiched platform to elucidate the main driving factor of stem cell differentiation 

between cell shape and contractility. For instance, Beningo et al. have observed a change in fibroblast cell morphology after sand-

wiching a flexible PAA gel with a more elongated shape and the loss of lamellipodia (367, 368), which was also shown to alter the 

migration mode from mesenchymal to amoeboid, in the absence of fibronectin (369) . Finally, the argument here again is valid that 

a full three-dimensional platform would provide a physiological more relevant insight into stem cell behavior, and future efforts 

should flow into this direction. 

In chapter 7 we took the first steps into the direction of 3-dimensional TFM and performed a small parameter study using the simu-

lation platform presented in chapter 3 in order to quantify the accuracy of commonly used algorithms for 3D particle tracking and 

force reconstruction. The results indicate that there is still a lot of room for improvement. The model on which the simulation is 

based relies on a simplified cell represented by a sphere, on whose caps a constant traction is pulling in opposite directions. While 

this provides a good start to compare algorithm accuracy, a more sophisticated model would provide further information, especial-

ly regarding cell-ECM adhesion in 3D (67, 68, 355, 357). Because of the high computational demand, it is not feasible to perform a 

large-scale parametric study on the displacement and traction algorithms, as has been presented for 2D TFM in chapter 4. Fur-

thermore, the methods presented in this thesis are based on the assumption of linear elasticity of the substrate, an assumption 

only valid for a narrow range of synthetic materials such as polyacrylamide and polyethylene glycol-based hydrogels. However, the 

insights gained from these experiments remain within a limited physiological range of relevance as cells in vitro experience a much 

more complex microenvironment (213). Therefore, the focus in the future should be on the development of optimized algorithms 

that allow for efficient calculations of the displacement & traction maps, ideally independent of the bead density or material prop-

erties (156, 370).  Furthermore, a big step would be the development of a good experimental universal verification tool that allows 

one to directly investigate any TFM approach based on the material used, for example magnetic beads (70, 71). 

Interestingly, despite the evidence that cell culture should be in a three dimensional setting in order to replicate in vivo conditions, 

e.g. for chondrogenesis, angiogenesis and metastasis (66), there is still a need for comparative studies between 2D and 3D cell 

culture, especially from a biomechanical perspective. To our knowledge, there exists only one small study that qualitatively com-

pared cellular contraction in two and three dimension (371, 372), where it was probed in 2D using TFM on PAA and in 3D, force was 
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assessed based on single cell-mediated collagen fibril reorganization. It was concluded that the forces generated by MDA-MB-231 

highly metastatic breast adenocarcinoma cells in 2D correlated with the ones generated in 3D. However, since they used different 

cell culture substrates and could not quantify the forces in 3D, these results lack significance in the conclusion. Therefore there is 

currently no quantitative approach to compare contractility in a controlled microenvironment in 2D and 3D and future studies 

should concentrate on the development of controlled platforms where the contractility can be studied. This requires the substrate 

to be made from the same material (e.g. PEG), with similar stiffness and ligand, as well as benchmarked analytical approaches to 

measure absolute traction force values.  

In a similar context, the following question often arises: Why, or why not, should we use flat elastic substrates over micropillars for 

2D TFM? While there are some advantages and disadvantages of using pillars vs. flat elastic substrate (6, 21), the main difference 

lies in the readout of the cellular forces. On pillar substrates, the forces are usually considered as spatially separated point forces, 

caused by a single focal adhesion of roughly the same size as the diameter (40). However, force bearing focal complexes can be 

considerably smaller, and therefore the measured force can be attributed to several attachments on a single pillar. Furthermore, 

the pillar array provides a topographical cue to the cell, which might influence its adhesion and contractile behavior (373) and 

therefore influence their physiological functionality. As a result, it is currently not known how the pillars affect the cellular behav-

ior, thereby making comparisons between micropillar TFM and TFM on flat elastic substrates difficult because the experiments 

require a self-consistent set of control experiments using the same methods (7).  

With this mindset, we designed a setup for comparison, and performed TFM on PDMS with stiffness comparable to the defor-

mation that a cell feels when cultured on micropillars (21) (Figure 8.3). However, due to the unavailability of commercially available 

micropillar arrays with the desirable stiffness (57), only the softest array was compared (Figure 8.3). Interestingly, the cells seem to 

be much more contractile on the micropillars compared to flat elastic substrates with a similar compliancy. Although further exper-

iments are needed to confirm these results, these data already show a trend towards the influence of the topography to cellular 

contractility. In a different approach, by culturing cells on a wide stiffness range on both flat elastic substrates and micropillar ar-

rays, the comparable stiffness can be evaluated not by the physical stiffness per se, but by comparing the values by which the be-

havior (traction and morphology) follow the same trend reversal or reaching a plateau (374–376). In any case, more work is needed 

in that regard, and the results will help the field consolidate all the different approaches and facilitate interpretation of the results.  

 

Figure 8.3 | Overview of the comparative platform and preliminary results: (a) schematic drawing of a traction force pulling on top of a flat sub-
strate with stiffness Es with beads, acting on an area with diameter d. (b) Schematic drawing of a micropost substrate (stiffness Ep with a force F 
pulling on a pillar with diameter d and a length L. (c) mathematic formulae to calculate an equivalent (flat) substrate stiffness Esub using the mechan-
ical model for the force-displacement relationship for both the flat elastic substrate and the microposts array. (d) Work done by NIH-3T3 fibroblasts 
on flat elastic substrate with three different stiffness values. (e) Total deflection, total force and total work done by NIH-3T3 cells on a soft microp-
ost array corresponding to an approx. 0.4 kPa flat elastic substrate through the formula in (c). Surprisingly, the work is almost 10 fold on the mi-
cropost compared to the flat substrate TFM. 
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8.3 Conclusions 

Overall, the work presented in this dissertation shows that Traction Force Microscopy is a powerful tool to investigate cellular 

behavior based on force-mediated biomechanical and biochemical crosstalk between the cells and their environment. The im-

portance is not only shown when studying cellular reactions to various changes in their immediate microenvironment or molecular 

processes related to the signaling in mechanotransduction, but could also potentially be used as a diagnostic tool across many 

disciplines at the interface of immunology, neuroscience, cancer biology and tissue engineering. However, the results we discussed 

among the chapters in this thesis also indicate that TFM is still limited in many regards, and that it requires complete control over 

all processes and materials involved in order to obtain accurate high-resolution traction maps. It is therefore indispensable to know 

the limits of the approach in focus, in order to correctly understand and interpret the obtained results. We are still far from a com-

plete understanding of cellular biomechanical behavior, which is shown by the fact that even within a single experiment where 

almost all influencing external factors are controlled, the variability of obtained traction force is relatively large (135, 218). In the 

whole process of the cellular mechanical apparatus - the actomyosin contraction (377), the pulling of the stress fibers, the interme-

braneous force transfer through the focal adhesions to the extracellular proteins (137), the measurements of the induced defor-

mation and recalculation of the traction forces – only being able to fully control the measurement part enables the study of the 

generation and the dissipation of the force within the cells (218). We believe that this work is a big contribution of the former part 

and additionally provides a ground-truth to develop, test and optimize future methods. The promising efforts achieved in the field 

show that TFM will become a standard analytical method in many laboratories, and exciting developments in super-resolution 

optical microscopy such as STED (128, 378, 379) will eradicate further limitations that arise from the spectral range of conventional 

microscopes, which are in the same length-scale as the features of interest.  

Going one step further, the tremendous efforts in molecular engineering allow for the use of specialized force sensors that meas-

ure the forces directly where they are applied (235, 380–382). In these promising approaches, the amount and location of applied 

force can be directly measured by a fluorescent signal emitted at the point of interest, such as vinculin-FRET sensors (383), circum-

venting the need to measure the stress-induced deformations and the complex material properties of the substrates. However, the 

range of applicability and the difficulty in sensor synthesis restrict the wide adoption of these methods. Furthermore, as these 

signals have to be calibrated before a quantitative readout is feasible, molecular sensors in combination with Traction Force Mi-

croscopy (384), especially the benchmark process as presented in this thesis, will be important for this process. 

 In conclusion, it is a challenging task to accurately measure cell-generated traction forces, and even more challenging to find a 

common base on which experimental outcomes can be compared not only cross-experiments, but also across different laborato-

ries. This is an important prerequisite in order to establish TFM as the main biomechanical force-probing tool in the field of biomed-

ical research.  This dissertation provides small, yet important steps in this direction. We have quantified, developed and improved 

new and existing methods, and successfully applied them to cutting-edge biomedical research. Finally, we have shown that the best 

approach to improve TFM is to divide the process into separable parts, and have revealed where future work has to start.
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