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ABSTRACT 
 

Durotaxis is a mechanism of directed cell migration in which cells respond to gradients of 

extracellular stiffness.  While durotaxis has been predominantly characterized in a subset of 

mesenchymal cells, the potential for cancer cells to durotax has not been well defined.  

Numerous studies have demonstrated the role of diffusible factors in cancer cell migration and 

metastasis.  However, given the gradual stiffening of many tumor microenvironments, we 

hypothesized that a durotactic mechanism might also contribute to the migration of cancer cells.  

We evaluated the durotactic potential of multiple cancer cell lines by employing a stiffness 

gradient that mirrors the physiological stiffness encountered by cells throughout a variety of 

tissues.  Customized MATLAB software permitted rapid acquisition of positional data for 

migrating cells. The automation of cell tracking allowed for large sample sizes and therefore a 

more robust statistical analysis than previously used to evaluate durotaxis.   Durotaxis assays 

identified two glioblastoma lines, a metastatic breast cancer line, and fibrosarcoma line that are 

responsive to changes in extracellular stiffness.  Of interest was our finding that cancer cells 

showed strong durotactic behavior when occupying the softest region of the stiffness gradient 

with decreasing responsiveness as cells occupied increasingly stiff regions of the gradient.  These 

observations suggest that durotaxis is influenced by the stiffness of a cell’s local environment, 
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with soft substrates increasing durotaxis efficiency in the cancer cell lines evaluated.  

Furthermore, we determined that PI3K inhibition was sufficient to inhibit glioblastoma 

chemotaxis but not durotaxis, suggesting that alternative signaling is used to respond to 

durotactic directional cues.   Lastly, we evaluated the protrusion and retraction dynamics of cells 

on a stiffness gradient and have identified a unique mode of discontinuous migration exhibited 

by these cells.  Based on our observations, we developed a durotaxis model to suggest how 

discontinuously migrating cells can respond to a gradient by moving towards regions of 

increasing stiffness. 

. 
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CHAPTER 1 

INTRODUCTION 

Cancer results from an accumulation of genetic mutations within a cell.  As specific genetic 

changes accrue, cells become reprogrammed and obtain characteristics that are ubiquitous 

regardless of cancer type [1].  A defining feature of all cancers is the ability to undergo 

unregulated proliferation.  A cell that should die in the interest of the organism is no longer 

predisposed to do so because of its genetic rewiring.  Pathways normally in place to impose cell 

death fail, and pathways that promote proliferation obtain unmitigated success.   But cancer cells 

do not grow in isolation.  They proliferate in a space where a collection of non-transformed cells 

work harmoniously to execute a function that is essential to the host organism.  A struggle 

ensues between the cancer’s rapacious need to grow and divide and the host tissue’s desire to 

maintain homeostasis.  For the cancer to become established, its local microenvironment must be 

modified to sustain its ability to proliferate, even if tissue function is sacrificed in this process.  

 

1.1 PHYSICAL CHANGES IN TUMOR PROGRESION 

Features of the tumor microenvironment 

In the same way “limitless replicative potential” and “evading programmed cell death” are 

hallmarks of cancer cells [1], the tumor microenvironment (TME) also consists of familiar 

characteristics that are observed across many solid cancers.   The TME often consists of a rich 

mixture of multiple cell lineages, including innate and adaptive immune cells, endothelial cells, 

mesenchymal stem cells, and fibroblasts [2-5].  Collectively, these cells secrete a complex milieu 

of cytokines and growth factors that influence cell behavior through autocrine and paracrine 
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signaling [6, 7].  There is increased angiogenesis leading to disorganized and leaky vasculature 

[8, 9] as well as immune editing and suppressed immune response [10-12].  A fibrotic response 

consisting of an influx of activated fibroblasts and increased deposition of extracellular matrix 

proteins is also common [13, 14].  As a tumor mass grows, local resources are depleted leading 

to characteristic changes in the chemical environment as well.  Cells encounter hypoxic 

conditions as levels of accessible oxygen fall [15].  Additionally, anaerobic metabolism is 

favored as a means of synthesizing ATP and leads to increased lactic acid concentration and 

lowered pH [16, 17]. 

There are also characteristic physical changes to the TME that evolve in parallel to cellular and 

biochemical alterations. Leaky vasculature leads to significant interstitial fluid pressure [18].  

Proliferation of cancer and stromal cells, as well as increased concentration of extracellular 

matrix (ECM) in the confined tumor space leads to compressive forces that impinge on cells and 

vasculature alike [19-21].  ECM deposition, modifications, and remodeling also alter the 

mechanics of the environment and lead to tissue stiffening [22]. 

While the characteristics of the TME do not cause cancer, our growing understanding of the 

multifaceted cellular, biochemical, and physical changes to the TME has established that they 

clearly contribute to how the cancer evolves.  

This dissertation is focused on a mechanism of migration known as durotaxis where cells 

respond to the stiffness of their local environment.  Stiffness is a mechanical property of the 

TME that has gained increasingly widespread attention due to its correlation with, and 

contribution to, disease progression and malignancy.  Before delving into specifics regarding the 

stiffness of the TME and potential implications for cancer cell migration, I will quantitatively 
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define stiffness. I will then introduce the factors that contribute to the stiffening of the 

microenvironment and the growing body of literature that is beginning to dissect the mechanistic 

underpinnings of how stiffness is sensed and the cellular responses that influence disease.  

Finally, I will relate fundamental principles associated with cell migration and migratory 

responses to directional cues such as diffusible chemical and extracellular stiffness gradients. 

 

Stiffness defined 

We all have an intuitive sense of what is compliant and what is stiff.  However, stiffness is a 

mechanical property of a material that can be quantitatively defined.   Stiffness is a material’s 

resistance to deformation in response to an applied force.  Stiffness can be measured by initially 

applying a stress  

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 =  
𝐹𝐹
𝐴𝐴

 

where F is the applied force divided by the area, A, over which it is applied (Fig 1.1 inset).  

When stressed, a material can undergo a deformation, or strain 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 =  
∆𝐿𝐿
𝐿𝐿0

 

where ∆L is the amount the material deforms relative to its original shape L0 (Fig. 1.1 inset). 
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Figure 1.1 Stress-strain curve to quantifiy material stiffness.  The slope that conveys the 
proportional change of stress and strain defines the stiffness of a material.  Many biological 
materials exhibit a nonlinear relationship between stress and strain that can result in strain-
stiffening where the stiffness of the material can increase.  The inset shows the measured values 
that can be used to contruct a stress-strain curve to evaluate a material’s stiffness.  In this 
instance, tensile force (F) is applied to a cylindrical sample over the crossectional area (A) to to 
deform the material (∆L) and cause a strain (∆L/L0), which is the relative change in the 
material’s shape as a result of being stressed.   
 
The linear relationship between stress and strain provides a numerical quantity that defines the 

material’s elastic modulus (stiffness).  A stress-strain curve allows us to visualize the linear 

relationship between these two quantities and how an elastic modulus is derived from the slope 
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of this curve (Fig. 1.1).  We can model this relationship using Hooke’s law, which models the 

proportional relationship between stress and strain 

𝜎𝜎 = 𝐸𝐸𝐸𝐸 

where σ is the stress required to induce a given strain, 𝐸𝐸.  Alternatively,  

𝐸𝐸 =  
𝜎𝜎
𝐸𝐸

 

where the proportional relationship of stress to strain is equal to the material’s modulus, E.   

There are many ways to stress a material, whether through applying tensile, compressive, or 

shear force to induce a strain.  However, Hooke’s law provides us with the necessary insight to 

understand the linear relationship between stress and strain that allows us to obtain a modulus 

value, and therefore quantify the stiffness of a material. 

It is important to note that most biological materials, such as collagen, fibrin and filamentous 

actin, can also exhibit a nonlinear relationship between stress and strain when loaded beyond a 

certain point (Fig. 1.1)) [23].  Given that stiffness is defined as the relationship between stress 

and strain, these materials become increasingly stiff as they are deformed as illustrated by the 

increasing slope of the stress-strain curve in Figure 1.1. This can have significant implications 

within a biological setting such as a cell pulling on ECM fibers and increasing the stiffness of the 

local environment as a result – a process known as “strain-stiffening.” While the nonlinear 

elastic properties of biological materials are also of interest, the discussion that follows 

references only stiffness values for biological samples obtained within a linear-elastic range of 

deformation without further in-depth discussion of non-linear elastic properties.    
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Stiffening of the tumor microenvironment 

Stiffening of the tumor microenvironment (TME) is associated with multiple types of cancer, 

including pancreatic ductal adenocarcinoma, hepatocellular carcinoma, glioblastoma, breast 

cancer, and others [24-27].  Diagnostic procedures used to identify early-stage tumors exploit 

this association between tissue stiffness and disease.  Manual palpation of breast and prostate 

tissue are routine exams that detect rigid tumor masses far before symptoms associated with late-

stage disease appear.  Mammography exams are a diagnostic procedure used to identify 

increased tissue density.  The abundance of cell and matrix components that are detected during 

mammography exams are responsible for stiffening of tissue and associated with a 4- to 6-fold 

higher incidence of cancer [28-30]. 

On the other hand, many tumors are beyond the reach of manual palpation, preventing use of 

palpable tissue stiffness as an early diagnostic indicator.  To address this challenge, sensitive 

technologies, such as elastography, are being developed to identify abnormal tissue stiffening in 

regions beyond the reach of manual techniques [31, 32]. Elastography refers to a technique in 

which medical imaging can resolve the elastic properties of tissue.  To obtain an elastography 

measurement, a patient’s tissue is deformed, or strained, and the response to the deformation is 

imaged using various modalities, such as ultrasound or magnetic resonance imaging, from which 

the elastic properties of the tissue can be inferred. 

In addition to identifying pathological stiffening of tissue, elastography techniques have the 

potential to differentiate between severities of tumor states [33].  Numerous studies have 

documented the remarkable success of elastography to discriminate between non-threatening 

benign lesions and malignant tumors based on the magnitude of tissue elasticity [34, 35].  In the 
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future, such tools may prove to be an invaluable diagnostic resource to avoid unnecessary 

invasive biopsies. 

Additional techniques used to measure tissue stiffness have become more accessible to tumor 

biologists in a research setting, such as bulk rheology and atomic force microscopy.  These tools 

have allowed for increased resolution and a better understanding of a tumor’s evolving 

mechanical environment over time.  Rheological measurements of breast cancer lesions have 

shown that cancerous lesions are significantly stiffer than normal stroma and that lesions stiffen 

as the tumors progress [36, 37].  One study using AFM revealed with nanoscale resolution that 

the invasive front of breast lesions was up to 4-fold stiffer than adjacent normal stroma, as well 

as being generally stiffer than the tumor core [38].  Even histologically distinct subtypes of 

breast cancer have been shown to vary in tumor stiffness.  For instance, the more aggressive 

basal-like and HER2 tumors are stiffer than less aggressive luminal subtypes [38]. 

 
 
Factors responsible for increasing extracellular stiffens 
 
Factors that contribute to the stiffening of the TME consist of: 1) increased deposition of 

extracellular matrix (ECM), 2) crosslinking of ECM fibers, and 3) increased cell contractility 

capable of strain-stiffening the ECM.  As fibroblasts increasingly populate the tumor niche, they 

are exposed to elevated levels of TGF-β1 and PDGF secreted by cells in the microenvironment 

[39, 40].  Exposure to these growth factors promotes the production of a variety of ECM proteins 

such as collagen I, fibronectin, hyaluronic acid, and tenascin-C [41-43].  This desmoplastic 

response contributes to a fibrotic environment that becomes increasingly dense and leads to 

stiffening of the tumor. 
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The TME also contains an increased concentration of ECM-crosslinking proteins such as lysyl 

oxidase (LOX) and lysyl oxidase-like proteins (LOXL) [44-46].  Under normal, non-tumorigenic 

conditions, stromal cells secrete LOX at physiological levels to increase resilience of the ECM 

environment [47].  However, increased expression of TNFα and TGFβ [48, 49] contribute to 

increased LOX production within the tumor [50] Additionally, concurrent hypoxic conditions 

characteristic of the TME induce the master regulator HIF-1α to promote elevated expression of 

LOX [51, 52].   

Both cancer-associated fibroblasts (CAFs) and cancer cells can induce local stiffening by 

increasing contractile force and aligning the tumor matrix [22, 53-55].  CAFs express α-smooth 

muscle actin [56] resulting in increased contractile force and stiffening of the ECM [57].  Cancer 

cells can also upregulate the RHO-ROCK pathway, increasing contractility and remodeling of 

the matrix environment [58].    

 

Sensing extracellular stiffness  

While a change in tissue rigidity might initially have been viewed as a mere consequence of 

tumor progression, mechanistic studies are now revealing that cells are exquisitely sensitive to 

changes in stiffness in a manner that promotes malignant characteristics and oncogenic signaling 

[59].  Before delving into mechanistic studies that have contributed to our understanding of 

stiffness-related influences on disease progression, we should first consider how a cell probes its 

extracellular environment to ‘sense’ its stiffness – a process known as mechanosensing. 

Integrins have been the primary focus of research seeking to understand how a cell senses the 

rigidity of its local environment.  Integrins are transmembrane proteins that bridge the gap 
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between the ECM and the intracellular cytoskeleton.  An understanding of integrins and their 

extracellular and intracellular interactions provides insight into how the environment’s rigidity 

can be sensed, leading to intracellular biochemical processes that dictate cell phenotype.  

Functionally, integrins exist as heterodimers consisting of an α and a β subunit.  To date, there 

are 18 α and 8 β human proteins known [60, 61].  The 24 known unique pairings of α and β 

subunits dictate specificity for ECM interactions [60, 61].  For instance, α2β1 recognizes the 

GFOGER domain on collagen type I fibrils while α5β1 recognizes the RGD and synergy 

domains on fibronectin [62, 63].   

Integrin-ECM binding induces integrin clustering and recruitment of scaffolding and signaling 

proteins that prompt the formation of focal adhesions (FA) [64, 65].  The cytoplasmic tail of 

activated integrins can engage proteins such as talin and kindlin. Recruitment of proteins such as 

paxillin and vinculin contribute to the growing complex that interacts directly with the actin 

cytoskeleton and enzymatic proteins such as focal adhesion kinase (FAK) and Src.    

Insight into a cell’s ability to sense its mechanical environment stems from observations that FAs 

respond to tension applied to integrin-ECM contacts. This tension can originate from 

intracellular contractility or extracellularly applied forces.  Intracellular contractility is the result 

of non-muscle myosin proteins associating with filamentous actin.  Engaged myosins exert a 

contractile power stroke that translocate actin filaments and results in tension being transduced 

through bound integrin proteins to the substrate.  This intracellularly induced tension can be 

measured using traction force assays [66, 67].  For these assays, fluorescent beads are 

incorporated into a substrate of known elasticity.  The force that the cell exerts on these 

substrates is measured by evaluating the displacement of the embedded beads.  Alternatively, 
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externally applied force can result from tissue deformation or interstitial fluid flow [18].  The 

associated transmission of force can induce strain on the ECM resulting in transmitted tension to 

cells through engaged integrins.  As external tension increases, intracellular contractility is raised 

to balance the imposed force.   

A delicate balance exists between intracellular and extracellular-induced tension that is 

reciprocally modulated to counteract and match opposing forces [68-70]. Under optimal 

conditions, applied forces strengthen integrin-ECM interactions and cause FAs to grow [71-73].  

However, if the opposing forces cannot be matched because of too much or too little tension, 

adhesions are not able to mature [74].  This ‘mechanosensing’ mechanism allows for a cell to 

interpret the relative stiffness of its environment by evaluating the intracellular tension necessary 

to counteract the resistance imposed by the extracellular substrate [75].    

Talin is believed to be an important FA component capable of regulating this force balance 

between intracellular and extracellular tension. Integrin-bound talin can undergo a 

conformational change in response to force applied by the actin cytoskeleton [76].  The stretched 

talin protein exposes vinculin binding sites, which recruits vinculin to FA complexes and further 

strengthens the actin-integrin-ECM connection.   However, this stretching force is only possible 

when integrins are bound to sufficiently stiff substrates capable of maintaining a stable adhesion 

and allowing for sufficient tension to alter talin conformation. Alternatively, on softer substrates 

the integrin-ECM attachment disassociates before sufficient tension is applied to allow for talin 

unfolding, thus preventing FA maturation [75, 77]. 

Much of what has been learned about this intricate balance of forces between the intracellular 

and extracellular environment has been established by studying FA dynamics on substrate 
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conditions that more closely mirror the stiffness of in vivo environments [78].  There appears to 

be a delicate balance between intracellular contractility and extracellular substrate stiffness that 

maximizes adhesion stability.  These experimental observations suggest a mechanism for a cell 

to measure the extracellular mechanical environment by manipulating intracellular tension to 

obtain an optimal balance with extracellular stiffness.  Given that adhesion maturation is 

associated with the aggregation of various scaffolding and enzymatic proteins, downstream 

signaling can then be closely coupled to substrate rigidity [79-81].    

 

Contribution of stiffness to tumor progression 
 
An understanding of how cells sense and respond to extracellular stiffness has facilitated a better 

understanding of malignancy pathways activated downstream of integrin-ECM contacts. While 

mechanistic studies relating TME stiffness to disease progression have been predominately 

performed in breast cancer models, an expanding body of literature continues to show that 

stiffness promotes tumor growth and progression for a variety of cancer types [24, 82, 83]. 

A landmark study by Paszek et al. 2005 demonstrated that a stiffened extracellular environment 

promotes integrin clustering capable of catalyzing oncogenic signaling that leads to a distinctly 

malignant phenotype.  Culturing normal mammary acini on increasingly stiff polyacrylamide 

gels leads to abnormal acinar morphology, breakdown of apical-basal polarity, luminal 

proliferation, increased integrin clustering, phosphorylation of mechanosensitive FAK Tyr-397, 

and downstream activation of ERK.  This study also reveals that malignant features can result 

from increased actomyosin contractility and ERK signaling, both of which are activated 
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downstream of integrin clustering.  Inhibiting these pathways allows for recovery of normal 

acinar morphology and signaling.  

Similar observations have been made using 3-dimensional model systems for epithelial 

morphogenesis [84, 85].  One study recapitulated many of the findings reported above using 3-D 

collagen matrices.  Morphogenesis of normal mammary epithelial cells cultured in stiffened 

collagen gels led to aberrant tubule morphology, increased focal adhesion size and number, FAK 

Tyr-397 phosphorylation, luminal proliferation, and cell invasion into the surrounding matrix 

[85].  Analogous to previous reports, the malignant phenotype is attenuated by inhibition of 

RHOA, ROCK, and Myosin II-mediated contractility [86].  Furthermore, inhibition of elevated 

ERK1/2 signaling reduces proliferation and promotes recovery of normal mammary tubule 

morphology [85].    

β-catenin is also implicated in contributing to oncogenic signaling in response to extracellular 

stiffness.  ROCK-induced contractility leads to tissue stiffening, prompting β-catenin 

translocation to the nuclear compartment.  Nuclear β-catenin elicits a hyper-proliferative state 

capable of inducing enhanced tumor growth [87].  Nuclear localization of β-catenin has also 

been shown to result from integrin signaling in response to elevated tissue stiffness. Nuclear β-

catenin elevates transcription of miRNA that post-transcriptionally regulates the expression of 

the tumor suppressor Phosphatase and tensin homolog (PTEN) [88]. 

Extracellular stiffness has also been shown to regulate transcriptional activity of TWIST in 

epithelial cells [89].  Under endogenous conditions, the master transcriptional regulator TWIST 

is confined by Ras GTPase-activating protein-binding protein 2 (G3BP2) to the cytoplasmic 
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compartment.  Increasing ECM stiffness results in TWIST translocation to the nucleus to 

promote an EMT phenotype and cell invasion into the surrounding matrix [89].  

A closer evaluation of the role played by lysyl oxidase (LOX) in cancer biology was pursued 

following the realization that elevated LOX expression predicts poor outcome in human head 

and neck and breast cancer cohorts and increased incidence of metastasis in mouse models [90].  

Aberrant expression of LOX has been shown to lead to excessive crosslinking and stiffening of 

ECM to promote disease [91].  This effect was vividly illustrated in an experiment where the 

mammary fat pad was preconditioned with LOX-expressing fibroblasts to stiffen the tissue.  The 

implantation of pre-malignant cells into this conditioned environment led to rapid growth and 

invasion [50].  Similarly, elevated tumor growth was promoted when MDA-MB-231 breast 

cancer cells were seeded in stiff collagen gels and implanted into mice [85].   On the other hand, 

decreasing tissue stiffness using LOX function-blocking antibody or inhibitor (BAPN) results in 

reduced tumor size and reduced incidence of metastasis in several tumor models [92-94].    

Altered topography of the ECM within the TME is also closely associated with tissue stiffening 

[54].  Increased contractile forces imposed upon the matrix results in more bundled and aligned 

matrix fibers [95, 96].   In breast cancer, Tumor Associated Collagen Signatures (TACS) have 

been characterized to serve as prognostic markers of tumor progression [96].  TACS are staged 

according to the extent that the tumor matrix is remodeled, with advanced TACS corresponding 

to elevated malignancy.  Additionally, these linearized fibers provide migratory tracks along 

which cells can invade [58].   
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1.2 CELL MIGRATION IN RESPONSE TO THE EXTRACELLULAR ENVIRONMENT 
 
Steps of cell migration 
 
Cancer cell migration is important for expanding tumor margins and initiating the metastatic 

cascade.  Cells escape from the primary tumor, through what are believed to be a variety of 

migratory mechanisms [97-99], and enter the circulatory or lymphatic system.  These cells 

disseminate to distant tissues where they ultimately establish metastatic lesions. Before delving 

into complexities of the migratory processes that allow for tumor growth and metastasis to occur, 

it is perhaps best to review key events that are characteristic of cell migration. 

Cell migration can be described as is a cyclical process of four sequential steps. These steps 

include a 1) initial protrusion of the leading edge (front of the cell), 2) adhesion of the leading 

edge to the substrate, 3) contraction and forward translocation of the cell, followed by a 4) 

retraction of the trailing edge [100].   

The leading edge of a migrating cell is often characterized by a broad, sheet-like lamellipodial 

protrusion.  These protrusions are the result of globular actin being incorporated onto the barbed 

end of actin filaments [101, 102].  The growing actin filaments exert pressure on the plasma 

membrane and push it forward [103].  The extended membrane contacts and adheres to the 

extracellular substrate. These initial contacts, termed nascent adhesions, can mature in size to 

become more stable focal adhesions [104].  Focal adhesions consist of multiple scaffolding and 

signaling proteins that form a link between the extracellular environment and the intracellular 

cytoskeleton [60]. Myosin motor proteins associated with the cytoskeleton exert contractile 

forces that generate sufficient tension to drag the cell body forward [105].  This forward 
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translocation of the cell body is coupled with a retraction of weakened adhesions at the cell’s 

trailing edge [106].   

 
Directional migration 
 
Directional cell migration refers to the ability of a cell to become polarized and move 

persistently in a specified direction, generally in response to an extracellular signal that biases 

the direction of movement.  Signals in the extracellular space can take on many forms and can 

act to either repel or attract the cell.  Chemotaxis, the most thoroughly studied and best 

characterized mechanism of directed migration, is a response to diffusible chemicals.  Other 

factors including substrate-bound gradients of extracellular proteins (haptotaxis), electric fields 

(galvanotaxis), and change in substrate rigidity (durotaxis) have also been shown to direct the 

movement of cells [107].  

Directed migration can be contrasted to the more readily observed chemokinetic migration that 

cells typically exhibit in homogenous environments.  Cells can polarize and move directionally 

in an environment that lacks any noticeable gradient condition.  However, the lack of a 

sufficiently strong external gradient to ‘bias’ the direction of cell movement results in a 

population of cells that collectively migrate in random directions. 

 
Eukaryotic chemotactic migration 
 
Chemotaxis is the most thoroughly researched mechanism of directed migration for eukaryotic 

cells. Thus, a brief review of what has been learned about chemotaxis may prove valuable for 

gaining insight into how directed migration occurs in response to other external gradients.  
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Cells chemotax in response to a diffusible chemical gradient.  Chemical cues can come in the 

form of small peptide cytokines, [108] secreted growth factors, [109] and second messengers 

such as hydrogen peroxide [110, 111] and adenosine 3’,5’-monophosphate  [112].  These factors 

often bind to G-protein coupled receptors (GPCR) or receptor tyrosine kinases (RTK) and elicit a 

polarized response that orients the cell toward or away from the stimulus [113].   

Polarization is largely a result of signaling that converges downstream of GPCR or RTK ligand 

binding and activates Phosphoinositide 3-kinase (PI3K).  PI3K leads to the phosphorylation of 

PIP2 resulting in the accumulation of phosphatidylinositol (3,4,5)-trisphosphate (PIP3) at the 

leading edge of chemotaxing cells.  This distinctive response during chemotaxis has been 

observed across a variety of cell types in response to many cytokine or growth factor stimuli [7, 

114-116]. In turn, PTEN, a protein that can reverse the PI3K induced phosphorylation by 

conversion of PIP3 to PIP2, disassociates from the leading edge in response to a chemoattractant 

gradient and accumulates at the trailing edge where it interacts with PIP2 [117, 118]. 

A cell’s ability to detect a diffusible gradient and polarize in response to the external signal is not 

sufficient for chemotaxis.  Coordination of the cytoskeletal machinery is also necessary to move 

the cell in the direction of the external stimulus.  Yet, direct links between biochemical processes 

that elicit cell polarization and cytoskeletal coordination remain elusive [119].  Some evidence 

exists that PIP3 can mediate the activation of GTPase proteins such as Rac and Cdc42 that play a 

fundamental role in lamellipodia and filapodial protrusions at the leading edge of migrating cells 

[120].  Mechanisms that link a polarized response to organization of the cytoskeleton include 

activation of GEFs that are responsible for exchanging GTP for GDP-bound inactive Rac and 
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Cdc42 GTPases.  Furthermore, in a possible feedforward mechanism, Rac has been suggested to 

increase PIP3 levels and further reinforce a polarized chemotactic response [121]. 

The extensive literature that has pieced together elements required for chemotaxis outline the 

importance of a polarizing response of cells to a gradient condition followed by coordination of 

the actin cytoskeleton that drives the cell toward the stimulus.  We might assume that durotaxis 

similarly requires polarization of specific biochemical components following the detection of a 

stiffness gradient.  In turn, these polarizing components could activate the cytoskeletal 

machinery necessary to promote directed migration in a defined direction. 

 
Durotactic migration 
 
Durotaxis is a mechanism of directional migration in which a cell responds to an extracellular 

gradient of stiffness [67, 122].  Typically, durotactic migration assumes cell movement towards 

regions of increasing stiffness.  Only this type of durotactic migration has been thoroughly 

documented; however, there is speculation that durotaxis towards increasingly soft substrates 

may occur [123, 124].   

A variety of biomaterial platforms have been used to investigate durotaxis.  Frequently employed 

designs include steep “step” changes or gradually sloped stiffness gradients [67, 125].  Step 

gradients consist of engineering a substrate where cells encounter a discrete change in stiffness.  

In contrast, a sloped gradient contains a continuously graded increase in modulus (stiffness). 

Most durotaxis publications to date employ polyacrylamide to manufacture stiffness gradients.  

Polyacrylamide is a material amenable to this purpose given its availability and low cost.  

Additionally, polyacrylamide stiffness can be tuned by altering acrylamide monomer (AAm) and 

bis-acrylamide (BIS) cross-linker concentration.  As a result, a wide range of substrate stiffness 
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can easily be manufactured.  Furthermore, linear sloped gradients can be made by adjusting BIS 

concentration in the presence of a constant concentration of AAm [126].  Microfluidic mixing 

and simple diffusion are examples of techniques used to create these linear sloped gradients. 

Finally, the transparency of polyacrylamide gels makes them suitable for microscopic imaging of 

cells cultured on these substrates.   

Polydimethylsiloxane (PDMS) has also been used as an elastomer material that can be molded 

into pillar arrays of changing stiffness [127].  Increasing the diameter of individual pillars makes 

them increasingly resistant to deformation.  Closely spaced pillars that gradually increase in 

diameter can be used to create a gradient condition.  PDMS has also been used in conjunction 

with polyacrylamide to create a unique step gradient where the distance between a PDMS mold 

and an overlaid polyacrylamide substrate alters the effective stiffness that cells can sense [128].  

The use of a few of these simple building blocks, and clever techniques to manipulate their 

stiffness, have led to multiple durotactic platforms that continue to reinforce the conclusion that 

cells can respond by directional migration towards regions of increasing stiffness [129-131].   

The first definitive demonstration of directed migration in response to extracellular stiffness, and 

the coining of the term “durotaxis,” is found in the seminal study by Lo et al., 2000.  Lo created a 

sharp stiffness gradient by polymerizing adjacent soft and stiff polyacrylamide gels coated with 

collagen I protein.  Migrating NIH-3T3 cells cultured on these gels were monitored to determine 

their response when they encountered the soft/stiff interface (Fig. 1.2). It was observed that cell 

migration was unimpeded when cells migrated from the soft to the stiff region.  However, when 

cells migrated from the stiff to the soft substrate, they typically reversed their direction (Fig 1.2).  

Cells were also cultured on gels of uniform stiffness that were then manually displaced using a 
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micropipette.  Straining the uniform gel at the trailing edge of a migrating cell effectively created 

a stiffness gradient, causing cells to repolarize and migrate towards the strain.  Alternatively, 

ruffling the gel in front of a migrating cell decreased the stiffness causing the cell to be repelled 

from the softened substrate (Fig 1.2). 

     

 

Figure 1.2 Illustrations of experiments demonstrating durotactic behavior from seminal 
durotaxis paper.  A) Adjacent soft and stiff gels were polymerized and coated with collagen I 
protein.  Cells cultured on the gels were observed responding to encounters with the interface of 
the soft and stiff substrates.  Cells on the soft gel migrated unimpeded when encountering the 
stiff substrate.  However, cells that encountered the soft substrate tended to reverse direction to 
remain on the stiff gel.  B) Ruffling the gel in advance of a migrating cells to reduce substrate 
tension causes the cell to repolarize and reverse its direction of migration. C) Increasing tension 
by straining the gel at the trailing edge of a migrating cell causes the cell to reorient its leading 
edge in the direction of the strain. 
 

A more rigorous quantification of durotaxis utilized a microfluidic device to generate stiffness 

gradients that varied in their absolute stiffness and gradient slope [126, 132].  Absolute stiffness 

refers to the magnitude of stiffness that a cell encounters on the surface of the gradient, while 

gradient slope refers to the change in stiffness over the length of the gradient.  Of the three 
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gradients employed, cells encountered absolute stiffness values of 30 to 50 kPa, 1 to 30 kPa, or 5 

to 80 kPa.  Gradient magnitude varied for each of these gels, with change in stiffness extending 

from 10, 20 and 40 Pa/um, respectively. To quantify directed migration, the authors employed a 

‘Taxis Index’ previously used to characterize directed migration in chemotaxis studies [133].  

The ‘Taxis Index’ measured cell displacement parallel to the gradient divided by the total path 

length of the cell.  Using this index, they found that gradient slope influenced durotaxis, rather 

than absolute stiffness.  To clarify, the slope of the gradient (change in stiffness) was important 

for promoting durotactic migration, and the larger the slope of the gradient, the larger the 

durotactic response [126].  

While there is substantial evidence in the literature demonstrating that cells are directionally 

responsive to changes in extracellular stiffness, there remains a void in our understanding of 

biochemical and biophysical factors responsible for prompting directed migration in response to 

stiffness cues. Durotaxis likely requires the cell to recognize a difference in compliance across 

the ventral surface of the cell body.   This information then mobilizes the requisite machinery to 

alter a cell’s trajectory and promote directed movement toward a preferred environment.  The 

most logical conduit through which this sensory information is obtained is the focal adhesion.  

As such, the focal adhesion and associated actomyosin cytoskeleton have garnered the most 

attention in the few studies that have sought to understand how extracellular stiffness leads to a 

directed migratory response.   

A clearer understanding of how a cell ‘feels’ its environment through FAs was obtained by 

observing that cells interpret extracellular stiffness by actively probing substrate compliance 

[134].  This is accomplished by the cell dynamically “tugging” on the matrix environment at 
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FAs. When cells are cultured on soft substrates, maximum traction forces associated with 

individual focal adhesions fluctuate over time.  These oscillating traction forces are reminiscent 

of an active tugging on a substrate to gauge substrate compliance.  When cells are cultured on 

stiff substrates the tugging phenotype is lost, and traction forces become stable.  This suggests 

that cells are less capable of sensing the mechanical properties of a substrate as it becomes 

increasingly stiff. The tugging phenotype was found to be the result of a FAX/phospho-

paxillin/vinculin signaling network.  Furthermore, the range of stiffness on which this pathway 

could actively probe the environment could be modulated by manipulating intracellular 

actomyosin contractility and FAK Tyr-397 phosphorylation [134].  

Myosin IIA and myosin IIB are integral proteins for generating tension necessary for 

mechanosensing [135].  Additionally, these non-muscle myosins associate with actin filaments to 

generate the requisite tension and contractile force necessary for cell movement [105].  It was 

determined that myosin IIB is polarized to the retracting edge of mesenchymal stem cells 

undergoing durotaxis, and knocking down myosin IIB can prevent a durotactic response [136].  

However, eliminating myosin IIA from the same cell line has no deleterious effect on directed 

migration.  While it is not clear what exact role myosin IIB plays in allowing durotaxis to occur, 

it is a valuable preliminary step toward elucidating the molecular components that play a role. 

Yet another molecular component implicated in regulating durotactic behavior is cdGap, a 

GTPase activating protein that regulates the active GTP-bound and inactive GDP-bound states of 

Rac1 and Cdc42.  siRNA knock-down of cdGAP in US02 cells with siRNA desensitizes cells to 

a steep ‘step’ gradient [137].  This is assumed to occur as a result of cdGAPs ability to regulate 
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FA size and Rac1 activity in response to substrate stiffness, which the authors suggest is 

important for rigidity sensing and efficient durotaxis.   

ECM proteins are also implicated in influencing durotaxis.  Vascular smooth muscle cells 

durotax on fibronectin (FN) and collagen I, but not on laminin coated gradients [138, 139].  

Therefore, specific integrin-ECM interactions may be important in activating distinct pathways 

to promote durotaxis.  Different tissue environments express different ECM ligands and in 

different concentrations [140]. Physiological regulation of durotaxis may ultimately be 

influenced by the type and relative abundance of various ECM cues.  

Durotaxis has been investigated predominately as a phenomenon associated with single-cell 

migration.  However, many processes during wound healing, development, and metastasis 

require collective migration of cells [141-143].  Collective migration refers to a conglomerate of 

cells translocating together.  Cell-cell junctions are maintained, and cells on the edges of a 

migrating sheet exhibit characteristic lamellipodial and filapodial protrusions as seen during 

single cell migration [144].  A recent study investigated how collective migration of cell sheets 

and spheroids respond to a stiffness gradient [145].  As seen with previous examples of single 

cell durotaxis, it was determined that durotaxis can also occur during collective cell migration.  

Interestingly, the sensitivity of cells to undergo durotaxis appeared to be enhanced by collective 

compared to single-cell migration. 

Also contained within this publication was a model that provided an explanation for collective 

durotactic migration based solely on differences in gradient deformation at opposing soft and 

stiff ends of a migrating sheet (Fig 1.3).  The model also predicts a mechanism for single cell 



23 
 

durotaxis, assuming the existence of a sufficiently steep stiffness gradient – a prediction that was 

confirmed using MCF10A cells.   

 

 

Figure 1.3  Proposed model for 1D collective and single cell durotaxis. A) Initially, 
actomyosin contractility transmits force to the underlying integrin-ECM contacts, promoting the 
deformation of the substrate. B) The soft substrate undergoes a larger deformation compared to 
the stiffer substrate associated with the cell’s leading edge.  The translocation of the cell can be 
observed as a shift in the cell’s center of mass (dcm) which is equal to the difference of the front 
and rear displacement vectors (df and dr).  Focal adhesions in contact with the stiff substrate at 
the leading edge are stabilized, and globular actin is incorporated on the barbed end of actin 
filaments associated with these stable adhesions. C) This promotes lamellipodial protrusion and 
the formation of new focal contacts with the substrate in the direction of migration.  
Additionally, trailing edge retraction will prompt forward translocation of the cell.  One can 
envision that if the same process were to occur in reverse, cell displacement (dcm = dr – df) 
towards the softer regions of the gradient would be smaller. Modified from Sunyer et. al 2016. 
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1.3 CONCLUSION AND RESEARCH RATIONALE 

It has been frequently suggested that cancer cells employ durotaxis in the process of metastatic 

dissemination.  While this is an appealing hypothesis, there is actually little in vitro evidence to 

suggest the durotactic potential of cancer cells themselves, and an absence of in vivo models that 

can test this hypothesis directly.  Circumstantial evidence such as a correlation between TME 

stiffening and activation of EMT pathways, tumor growth, and increased malignancy might 

suggest that migration is also affected by the mechanical changes.  However, no rigorous 

analysis of cancer cells has been performed to suggest durotaxis as a feasible mechanism of 

migration in the TME. 

Therefore, we have sought to address the unanswered question of whether cancer cells respond 

to a gradient of stiffness that mirrors the physiological range of stiffness encountered by cells in 

a multitude of tissues throughout the body [78, 146].  We first developed software to automate 

cell tracking and analyze migratory phenotypes of cells exposed to gradient conditions.  We then 

evaluated frequently used cancer cell lines to determine their potential to undergo durotactic 

migration.  To gain insight into mechanisms that are employed to promote durotactic migration, 

we have predominately used a glioblastoma cell line (U87-MG) that we show undergoes 

effective durotaxis. We have manipulated pathways that have been demonstrated to be important 

in motility, mechanosensing, and directed migration.  Also, we evaluate the mode of migration 

that cells employ while undergoing durotaxis to gain insight into possible molecular contributors 

to this unique mechanism of migration. 
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CHAPTER 2 

AUTOMATED TRACKING AND RAPID DATA ANALYSIS 

 

2.1 INTRODUCTION 

Cell migration is a fundamental biological process during development, wound healing, and 

metastasis [53, 147-149].  Neural crest cells migrate to distant regions of the embryo before 

undergoing differentiation.  Fibroblasts infiltrate into wounded tissues, and keratinocytes migrate 

over a fibrin bed to repair a disrupted epidermal barrier, while cancer cells metastasize to distant 

tissues. Much of our understanding of these diverse processes has been obtained by studying cell 

migration in model systems that permit visualization of migratory behavior.  

Increased access to microscopes capable of fluorescence and time-lapse imaging has made 

obtaining movies of migrating cells commonplace. Processing these movies typically requires 

manual annotation of cellular positions to then assemble cell trajectories and extract migratory 

information.  However, this process is a time-intensive, rate-limiting step for migration 

experiments.  While manual tracking of migrating cells has provided substantial insight into 

migratory processes in multiple fields of biology, innovative approaches have been adopted to 

accelerate this phase of migration research.   

Particle-tracking applications have been repurposed to automate cell tracking and meet a 

pressing need of the cell biology community to accelerate acquisition of migration data [150, 

151]. The most efficient of these automated approaches require fluorescent labeling of cells or 

nuclei.  The high signal-to-noise ratio obtained with fluorescent labeling enables discrimination 

between particles of interest and non-specific noise.  While some programs do enable tracking of 
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phase-contrast images [152-154], optimizing parameter settings can be challenging, and the 

results can be quite variable.   Many automated cell tracking options are open-source and 

therefore easily obtained, but becoming familiar with what each software can do and then 

choosing which to use can be daunting.  

We created and now provide a detailed protocol for a user friendly Graphical User Interface 

(GUI) capable of automating the acquisition of cell trajectories for the purpose of studying cell 

migration in low and high-density, 2-dimensional cell cultures.  Intended users of the FastTracks 

GUI are novice and experienced cell biologists seeking to accelerate the acquisition of migratory 

data.  No prior knowledge of image processing or particle tracking is necessary.  All that is 

required is an 8-bit .tif movie of fluorescently labeled cells and a minimum of four interactive 

inputs to instantly obtain cell trajectories and migratory statistics from your experiment. 

This chapter guides the user through the steps needed to obtain the FastTracks automated 

tracking software and a detailed description of how to acquire and analyze migratory data using 

this program.  Additional software features are also described such as deleting specific tracks, 

processing a batch of time-lapse movies once parameter settings have been optimized, and 

masking regions of interest from time-lapse movies prior to tracking.   
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2.2 OBTAINING FAST TRACKS PROGRAM FILES 

My FastTracks software can be obtained as a standalone executable program for Microsoft 

Windows or as a MATLAB toolbox. While FastTracks was designed using MATLAB software, 

our intention is to make this automated cell tracking tool widely available.  Therefore, access to a 

MATLAB license or familiarity with the MATLAB environment is not required.  However, if a 

user wishes to read or alter FastTracks code, all pertinent files are now available through Current 

Protocols and the MATLAB File Exchange.  

Access FastTracks program (MATLAB license not required) 

FastTracks can be obtained by visiting the Current Protocols in Cell Biology website and 

searching for the “Automated Tracking of Cell Migration with Rapid Data Analysis” protocol.  

In the supplementary folders, a FastTracks.exe file is found that can be downloaded onto your 

computer.  During this download MATLAB files necessary to run the FastTracks program are 

installed.  

1. In a supplementary .zip folder, a standalone executable for the FastTrack program as well 
as MATLAB program files containing code for the GUI can be obtained.   

2. Extract the FastTracks_executable folder.   

3. Double click on the executable MyAppInstaller_web.exe in the FastTracks_executable 
folder to initiate the download. 

To execute the initial download, you must have an Internet connection to access 
proprietary MATLAB code necessary to run the executable.    

4. Select ‘Next’ when the FastTracks installer appears. 

5. Accept the default folder for the location of FastTracks. 

Alternatively, choose a directory of your choice to save the FastTracks application.   

6. Click on the ‘check box’ to add a shortcut for FastTracks to your desktop 
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7. Accept the default folder for the location of the MATLAB Runtime 

The MATLAB Runtime is a download that is required to run the executable.  An Internet 
connection is initially required to download the MATLAB Runtime that contains 
proprietary code that will allow the use of FastTracks independent of a MATLAB license.  
This initial download may take multiple minutes to complete. Download times can vary 
based on factors such as strength of the user’s internet connection and available memory. 
However, this is a one-time download and future access to FastTracks will not require an 
Internet connection. 

8. Accept the License  Agreement 

9. Click ‘Install’ 

10. Double click the FastTracks icon located on the desktop to open the program. 

If you did not select a FastTracks shortcut for your desktop then navigate to the folder 
that you selected to contain FastTracks.  Double click the FastTracks application. 

Access FastTracks code on MATLAB File Exchange (Not required to use FastTracks) 

These program files are made available for those who want to run FastTracks using an active 

MATLAB license or wish to review the code for the FastTracks program.    

1. Navigate to the MATLAB File Exchange by entering 
https://www.mathworks.com/matlabcentral/fileexchange into a web browser address bar. 

2. From the File Exchange webpage type FastTracks into the ‘Search Files’ bar. 
3. Double click FastTracks, which should appear at the top of the search output. 
4. Select the ‘Download Toolbox’ icon that appears in the upper right corner of the 

FastTracks file page.  
 
If you have a MATLAB release prior to R2014a select ‘Download Zip’ to obtain a zip file 
containing all program files. 

5. Save the FastTracks.mltbx file  
6. To install FastTracks, open a MATLAB session. 
7. Navigate to where the FastTracks.mltbx file has been saved and double click on the file  
8. Select the Install button that appears in the ‘Install FastTracks’ window then click the I 

agree checkbox on the ‘License Agreement window.’ 
 
The application has now been placed within your MATLAB path.   

 

https://www.mathworks.com/matlabcentral/fileexchange
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Open FastTracks toolbox in the MATLAB environment 

9. Click ‘Add-Ons’ found on the home tab of the MATLAB environment. 
10. Select ‘Manage add-ons’ from the drop down display.   

 
A separate window will appear with all current MATLAB add-ons.   

 
11. Select ‘Open Folder’ for the FastTracks add-on. 

 
FastTracks program files will appear in your MATLAB environment’s current folder. 

 
12. Type FastTracks at the command window prompt to open the GUI (graphical user 

interface) 
 

Once program files are loaded and the GUI is displayed, you should proceed to Basic 
Protocol 1 to obtain cell tracks. 

 

2.3 OBTAINING CELL TRACKS 

The following instructions provide a quick overview of how to load time-lapse images, set 

parameters to identify cell nuclei, and acquire cell trajectories.  Once a minimum of four 

parameters are optimized, multiple time-lapse image sets can be analyzed by using the batch 

processing feature described later.  Obtaining cell tracks requires the Windows 64-bit operating 

system with the FastTracks downloaded. 

Initiate FastTracks Graphical User Interface (MATLAB not required)   

1. Double click FastTracks icon. The opening screen is shown in Figure 2.1 

If you have a MATLAB licesnse and wish to use the MATLAB envrionemnt and program 
files to run FastTracks please refer to instructions in  Support Protocol I for how to load 
the FastTracks toolbox. 
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Figure 2.1 Screenshot of the FastTracks GUI immediately after initializing the program. 

Name experiment 

2. Enter the name for your experiment in the Name Experiment text box (Fig. 2.2). 
 

The experiment name will be appended to all exported tracks and statistics data.  This is 
intended to explicitly catalog migration experiments and organize exported data. 

 

Figure 2.2 Screenshot showing where to enter the name of the experiment. The name of the 
experiment entered into this textbox will be appended to exported data generated in FastTracks. 
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3. Import an 8-bit TIFF image stack by clicking the Import Stack button.  The file 
selection window will appear (Fig. 2.3), allowing you to navigate to TIFF files contained 
on your desktop.  Alternatively select File>Import>Import Stack from the menu bar or 
use the Ctrl+S shortcut.   

 

The GUI will only read 8-bit TIFF images.  Alternative file formats and bit-counts can 
easily be converted to 8-bit TIFFs using image processing software such as ImageJ.    

 

Nuclei validation 

Two parameters need to be calibrated to identify centroid positions (central points) of labeled 

nuclei.  These parameters include the approximate diameter of the nuclei and a fluorescence 

threshold value.  Both parameters are determined interactively, enabling a real-time update of a 

processed image that highlights particles (in this case, nuclei) of interest. 

4. Set a pixel value that is slightly larger than the average diameter of the fluorescently 
labeled nuclei in the Nuclei diameter text box. 

 
5. Obtain a threshold value by clicking your mouse cursor on, and then adjusting, the scroll 

bar to the left of the image window.  Alternatively, this value can be set by entering a 
numerical value between 1 and 255 in the Threshold text box (Fig. 2.4). 
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Figure 2.3 Screenshot showing options for importing image stacks and the file selection 
window. A) Image stack can be imported from the menu bar or clicking on the Import Stack 
push button. B) A file selection window will appear from which you can navigate to image files 
of interest. 

 

 

Figure 2.4 Screenshot showing where to enter the approximate diameter of the nuclei and 
threshold for the image being evaluated. 

 

After setting both values, the axes window will project a processed image with 
numbered nuclei encircled by a blue halo.  Scrolling through the image stack 
using the slide bar below the image window will allow you to validate each of the 
nuclei that are identified in each frame of the time-lapse stack.  Nuclei diameter 
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or Threshold settings can continue to be adjusted until all relevant nuclei have 
been identified.  

 

Tracking parameters 

Set parameters to facilitate the construction of coordinate nuclei positions into nuclei trajectories.  

A minimum of two parameters are set to ensure successful acquisition of migratory tracks.  

These include a Minimum frames value and Maximum displacement value.   

6. Enter the desired number of frames that a cell must be tracked to be included in the final 
data set (Fig. 2.5).  
 
For example, if you wish all cell tracks to be based on a minimum of 49 image frames, set 
the Minimum frames value to 49.  Tracks that are present for 48 frames or less will be 
discarded from the final tracks output.   

7. Enter the Maximum displacement (distance in pixel units) that a nucleus is likely to 
travel in a single frame (Fig. 2.5).   

8. (Optional) The Memory value defines how many frames a tracked nucleus can disappear 
from the field-of-view before its track is eliminated (Fig. 2.5). 
    
Memory is set to a default value of 0 but can be altered based on the user’s preference.  
For example, if memory is set to 5, a nucleus can move out of the field-of-view for a 
maximum of five frames before the track is eliminated.  If the nucleus reappears within 
the field-of-view within the interval of five frames, the track can be resumed. 

 

Figure 2.5 Screenshot showing where to enter Minimum frames, Maximum displacement, 
and Memory parameters. 



34 
 

 

9. Press the Generate Tracks icon once to initiate the tracking algorithm (this can take 
several seconds).  When cell tracks have been assembled, the axes window will display 
constructed tracks overlaid on the current frame in the GUI window (Fig. 2.6).  The slider 
under the image window can be used to determine how well the moving nuclei adhere to 
the displayed tracks.    

10.  (Optional) A static figure containing the GUI axes window with overlaid tracks can be 
produced for closer inspection of tracks by selecting File>Export Figure.  Additionally, 
movies of identified nuclei or cell trajectories can be exported as .avi files by selecting 
Movie>Nuclei or Movie>Nuclei with tracks from the main GUI menu tab. 

 

 
 

Figure 2.6 Display of cell trajectories overlaid onto the current frame of the time-lapse 
stack after initiating the Generate Tracks function. 
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11. (Optional) To export cell tracks, navigate to the File dropdown menu (Fig. 2.7) and select 
Export>Export Tracks.  You will be prompted to choose the file type for the exported 
data (.mat, .csv or xls file types).  
 
The tracks data are organized into four columns that contain x-coordinates, y-
coordinates, frame number, and cell ID.   These data are used internally to output 
statistical data of cell migration. All exported data will be deposited into a 
‘FastTracksData’ folder created when the GUI is initiated.  The ‘FastTrackData’ folder 
is found wherever the FastTracks executable or FastTracks.m file is located.  The folder 
is located on your desktop if you open FastTracks using a desktop shortcut.  

 

Figure 2.7 Screenshot showing where to find the Export Tracks option. 

  

2.4 DELETE CELL TRAJECTORIES FROM THE TRACKS DATA SET  

You may choose to eliminate certain cell tracks from your data set for various reasons.  For 

example, a cell may remain stationary, undergo apoptosis, or not conform to desired migratory 

behavior that you are interested in analyzing.  Tracks are easily removed from the tracks data set 

prior to further analysis of migratory behavior. 

1. Select Delete Tracks from the menu tab.   
 
A popup window will appear that contains an enlarged image of the GUI image window 
(Fig. 2.8).  Additionally, a blue dot is overlaid on the position representing the initial 
coordinate for the specified cell trajectory.   

 

2. To eliminate specific tracks, press Select Positions present in the upper left corner of the 
newly generated image window.   
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3. Move the mouse cursor within the ‘Delete Tracks’ window.  Press and hold the left 
click.  The mouse cursor arrow will change to a ‘yellow brush’ tool allowing you to 
highlight specific tracks you wish to eliminate. 
 
Releasing the left mouse click will prevent you from making additional selections of 
tracks requiring you to Update Tracks (step 5) before proceeding.   

 
4. Pass the ‘yellow brush’ that appears within the cursor crosshair over as many of the blue 

dots that correspond to tracks you wish to delete.  The blue dots that correspond to each 
tracks initial position will appear red, indicating they have been selected.   

 
5. When satisfied with the selections, press Update Tracks in the lower left corner of the 

delete tracks window. 
 

All tracks associated with the selected nuclei have now been permanently deleted from 
the tracks dataset.  Once tracks have been updated, the main GUI figure window and 
Summary Analysis table will be updated to reflect only the remaining tracks.  You can 
repeat steps 2-5 to continue to select additional tracks and update the tracks dataset.  All 
future exported data will reflect only the curated tracks dataset.  Recovering lost tracks 
will require generating new tracks using the initial parameter settings.  
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Figure 2.8 Example Delete Tracks window.  Two tracks have been selected to be deleted from 
the tracks data set as indicated by the red circle that overlays the initial positions of these tracks.   

 

2.5 BATCH PROCESSING  

High throughput image acquisition involving multiple stage positions for multiple experimental 

conditions can rapidly increase the number of time-lapse images that need to be analyzed.  

Supervising the generation of tracks for individual field-of-views can become time consuming 

even with automated tracking.  However, Batch Processing addresses this issue by allowing the 

generation of cell trajectories and cell statistics for multiple time-lapse movies.  The initial 



38 
 

requirement for batch processing is that nuclei validation and tracking parameters be set using a 

representative time-lapse image.   The batch processing feature will then analyze multiple image 

stacks using these parameter settings.  Image stacks that cannot be processed using the defined 

parameters will be bypassed, allowing them to be revisited and analyzed individually. 

1. Place all 8-bit TIFF files to be analyzed in a newly created folder. 
2. Establish acceptable parameters using a representative time-lapse movie in the main GUI 

window.   
 
Cell diameter, Threshold, Minimum frames, Maximum displacement, pixel conversion 
and time interval settings must be set within the main GUI window before batch 
processing can begin.   

 
3. Select Batch Processing from the menu tab  

 
A window will appear (Fig. 2.9) that will provide options to select the folder that 
contains the TIFF files to be evaluated and to select the file type(s) for exported data.  An 
empty listbox is also present that will be populated with the file names of the images 
found in the folder to be processed. 

 

 
 
Figure 2.9 Batch processing multiple image stacks. The Batch Processing window features a 
list box that contains the file names of TIFF documents that will be analyzed.  One or more file 
types containing data of interest can also be exported. 
 

4. Select the Get .tif stacks pushbutton and navigate to the folder that contains the TIFF 
files to be analyzed. 
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Only select the folder that contains the TIFF files you wish to analyze.  Do not enter into 
this folder. 

 
5. Select the file type(s) that you wish to contain the exported tracks and statistics data sets.  
6. Press the Process Batch button to initiate batch processing of all TIFFs contained in the 

selected folder and named within the batch processing listbox. 
 
Settings previously entered in the FastTracks main window will be used to evaluate each 
stack individually.   A ‘wait bar’ will increment with each image evaluated in the batch 
being analyzed to show progress.  Tracks and statistics files will be generated and 
deposited into the FastTracksData folder that is created in the current directory when 
FastTracks is initiated.  The names of the TIFF files will be appended to the exported 
data along with a tag indicating the type of data each file holds (i.e., population _stats, 
cell_stats, tracks).  If parameters are not valid for a specific stack, causing the tracking 
algorithm to crash, the batch processing feature will bypass this stack and evaluate the 
next stack in the listbox que.  A textbox will be displayed indicating the TIFF file for 
which the error occurred.  To terminate the program before completing analysis of all 
images, click the ‘Cancel’ pushbutton on the waitbar.  Batch processing will terminate 
after the stack that is currently being evaluated is complete. 

 

2.6 MASKING A REGION OF INTEREST (ROI)  

It is unavoidable that, on occasion, non-specific fluorescent particles will appear in an image 

stack of tracked nuclei.  These non-specific features may be identified by the tracking software 

and produce erroneous tracks.  These features can be disguised by masking the areas where they 

are present.  To eliminate these regions, engage the ROI Blackout feature. 

1. Select Edit>ROI Blackout from the dropdown menu (Fig. 2.10). 
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Figure 2.10 Screen shot showing where to find the ROI Blackout option. 

 

2. The mouse cursor will change to a crosshair when moved over the image window. A 
single mouse click will create an initial vertex for a region that you intend to mask.   

3. Close off the ROI with as many vertices (mouse clicks) as necessary.  
 
Warning:  The masked region will also mask any valid nuclei for the interval of time that 
it passes through the selected ROI.   

4. Double click on the original vertex to close the ROI.   
 

The mask for the selected ROI contains interpolated pixel values based on pixel values 
adjacent to the ROI.  Creating a mask for the selected region is computationally intensive 
and can take some time to complete.  A small ROI will take less time to mask than a large 
ROI.  Select a small ROI to familiarize yourself with this tool. 

 
5. The post processed image (modified preprocessed image that appears in the axes window 

following Nuclei validation) will be altered to eliminate nonspecific fluorescence 
contained in the ROI (Fig. 2.11). 
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Figure 2.11 Correcting for non-specific fluorescence using the ROI Blackout feature.  A) 
The preprocessed image reflects the raw image data that will be imported into the FastTracks 
program, which in this case contains fluorescent debris. B) Post-processing of the image by 
setting nuclei parameters may incorrectly identify portions of the debris for tracking. C) 
Applying the ROI Blackout feature eliminates this region from the image stack, thereby 
preventing erroneous tracks from being generated. 

 

2.7 CELL MIGRATION STATISTICS 

The lower portion of the GUI display allows for a quick output of statistical values that describe 

the migratory phenotype of cells contained within the current field-of-view.  Additionally, more 

comprehensive statistics for the cell population and individual cells can also be exported for 

further analysis, such as for creating graphs and performing hypothesis tests. 

Summary analysis 

1. Enter a number and unit value that corresponds to a single pixel in the pixel = window 
and corresponding dropdown menu (Fig. 2.12).  Enter 1 to have statistics calculated with 
a pixel unit.  

2. Enter the time elapsed between successive frames in the time-lapse stack in the Time 
interval window. 
 
The migration statistics output will reflect the distance and time entered in this panel. 
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3. Press the Summary Analysis button to generate a mean and standard deviation for the 
statistics featured on the main GUI window.   
 
These data are meant to provide a quick overview of the tracked cells before choosing to 
reconfigure nuclei and tracking parameters or exporting more comprehensive statistics.    

                 

Figure 2.12 Screen shot of the Analysis panel on the main GUI window. 

 

Figure 2.13 Graphical schematic of a cell trajectory and variables used to report migratory 
phenotypes.   
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Table 2.1.  Migration Statisticsa. 

Variable Calculation Description 
Speed Distance/time Distance cell moved 

divided by total time 
cell was tracked 

Distance ∑√∆xi + ∆yi Sum of individual 
displacements of the 
cell over each interval 
of the cell track 

Displacement √∆x + ∆y  Straight line distance 
between the initial and 
final position of the cell 
track 

Persistence Displacement/Distance Value between 0 and 1 
that  

Angle (θ)  
cos-1(∆x/Displacement) 

Angular displacement 
between the initial and 
final position of the cell 
track 

YFMI ∆y/Distance Persistence of cell along 
the Y axis 

XFMI ∆x/Distance Persistence of cell along 
the X axis 

Y_displacement ∆y Displacement along the 
Y-axis between the 
initial and final position 
of the cell track 

X_displacement ∆x Displacement along the 
X-axis between the 
initial and final position 
of the cell track 

aThis table describes how the variables are calculated and description  
of the quantification obtained. 
 

Export statistics 

4. Navigate to the menu bar and click the Statistics tab.  
5. Select Population to export statistics describing the population of cells within the current 

tracks dataset. 
6. Select Individual cells to export statistics specific to each cell tracked in the current data 

set. 
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A description of exported statistics can be found in Figure 2.13 and Table 2.1. 
 

7. Select the checkbox(es) in the popup window specifying the file type for the exported 
data (Fig. 2.14). 

 
Once selected, a file containing the defined experiment name followed by ‘Population’ or 
‘cellStats’ will be deposited into a folder named ‘FastTracksData’ that was created when 
the GUI was first initiated. This folder will be found in the directory from which 
FastTracks was initiated. 

 
Examples of population and individual statistics data are shown in Figure 2.15. 

 

 

Figure 2.14 Screen shot of Export Data window. 
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Figure 2.15  Examples of population and individual cell statistics data.  A) The individual 
cell statistics data set contains a numerical identifier for each cell and includes the cells speed, 
distance, displacement, persistence, angular displacement, Forward Migration Index along the X 
and Y axis, Y-displacement, X-displacement, and the number of frames the cell was tracked (see 
Figure 2.13 and Table 2.1 for a description of each variable and how they are calculated). B) 
Population statistics contain the mean, standard deviation, median, minimum and maximum 
values for the individual cell statistics data set. 

 

2.8 COMMENTARY 

Background information 

FastTracks employs a single-particle tracking (SPT) algorithm originally designed by David 

Grier and John Crocker [155] to allow for particle tracking from time-lapse images.  The original 

Interactive Data Language algorithms were later made more accessible when transcribed into the 

popular MATLAB syntax (http://site.physics.georgetown.edu/matlab/).  SPT applications for 

biological research surged with advances in fluorescence microscopy and fluorescent labelling of 

cellular components.  The use of quantum dots and fluorescent proteins has enabled efficient 

detection and tracking of dynamic lipid and protein movements with high spatial and temporal 

http://site.physics.georgetown.edu/matlab/
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resolution [156].  These applications have provided insights into dynamic biological processes 

including cell-membrane fluidity, membrane receptor diffusion, and endosome trafficking [157-

159].  Similar tracking approaches have been applied to study the dynamics of cell migration.  

Multiple commercial and open-source software tools are available for tracking cells [151].  

However, many of these programs are designed to accommodate a broad scope of tracking 

applications that can require a substantial time investment to learn how to use them 

appropriately.  In contrast, FastTracks was specifically designed to track fluorescently labeled 

cells and then to compute conventionally cited migration statistics.  The specific intent of 

FastTracks was to provide a straightforward, user-friendly interface that requires minimal time to 

learn.   As a result, FastTracks represents an easy-to-use tracking program for quantifying and 

evaluating cell migration.  Additionally, it can serve as a starting point for exploring the diverse 

range of other tracking applications that are available. 

Critical parameters  

Certain factors that affect the results of automated tracking should be considered before 

obtaining time-lapse images to analyze with FastTracks.  Automated tracking consists of two 

sequential steps: 1) identifying discrete particles from individual images and 2) linking particles 

into trajectories over consecutive frames.  Therefore, steps should be taken to generate images 

that will enhance the successes of particle identification and particle linking into trajectories.   

Improving particle identification is accomplished by generating images with a high signal-to-

noise ratio (SNR) while maintaining discrete separation between particles.  A simple strategy to 

ensure a high SNR is the use of fluorescent probes.  While many cytoplasmic and nuclear probes 

are available, a nuclear probe provides a more discrete signal in dense cultures, because the cell 
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body/cytoplasm provides a degree of separation between neighboring cells. Popular nuclear 

probes for live-cell imaging include Hoechst and Draq5.  These water-soluble and cell-

permeable molecules can be incorporated into the nucleus shortly before imaging.  As with all 

live-cell imaging, extended light exposure can prove harmful to cells over time.  Steps to 

mitigate adverse effects include reducing exposure times and using additives such as OxyFluor 

to scavenge free radicals.  Ultimately, determining the fluorescent probe and microscope settings 

that are best for your imaging platform and cells must be determined empirically. 

Facilitating particle linking is accomplished by limiting the distance particles travel in a given 

time interval. A good rule of thumb is to ensure that a particle does not undergo a displacement 

greater than half its diameter in consecutive time intervals.  While this criterion is not always 

practical, or even necessary, it will significantly improve the accuracy and longevity of tracking. 

Troubleshooting 

Nuclei are overlapping  

Automated tracking requires that discrete particles be identified for tracking, e.g., fluorescent 

nuclei.  However, individual nuclei may overlap due to their close proximity.  Providing 

information regarding the approximate diameter of an individual particle helps the program to 

resolve distinct nuclei that have overlapping signals. Adjusting the Nuclei diameter setting 

during the nuclei validation stage will cause the image window to be updated and take into 

account the relative size of nuclei.  This can allow for distinct nuclei identification, even when 

close proximity results in overlap of their respective signals.   

Nuclei at the edge of the field-of-view are not identified 
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Nuclei that overlap with the edge of the field-of-view are excluded from identification until they 

become fully visible.  The field-of-view becomes cropped according to the nuclei diameter 

setting.  Increasing the estimated size for nuclei diameter will slightly decrease the size of the 

field-of-view and eliminate nuclei that overlap with the cropped edge. 

Short Tracks 

Cells are potentially moving further than the set Maximum displacement, resulting in 

premature termination of cell tracks.  Increasing the maximum allowed displacement can 

potentially resolve this issue.  Alternatively, a nucleus may not have been detected during an 

intermediate time frame due to low signal intensity or temporarily leaving the field of view.  

Decrease the Threshold to ensure the detection of dim nuclei in all relevant frames, or increase 

the Memory setting to allow the position of a nucleus to be lost for a specific number of 

intervals without the track being terminated. 

 

Tracking cells at high density 

Discrete separation between cells, i.e., sparse cell culture, is most conducive to long trajectories 

with far less probability of missed trajectory assignment. The greater the distance separating cells 

in consecutive time intervals, the greater the probability for success. However, tracking high-

density cultures can be made practical by minimizing cell displacement between consecutive 

frames (i.e., increase the acquisition frame rate so that cells move significantly lower distances 

between frames).  A good rule of thumb is to ensure that each nucleus does not undergo a 

displacement greater than half its diameter.  This will permit entering a smaller value for the 
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Maximum displacement parameter, thereby reducing the possible number of nuclei that can 

potentially be assigned to a single trajectory.   

The statistics I need are not provided 

There are multiple ways to evaluate migratory data, and FastTracks statistical features are not 

comprehensive.  Nevertheless, the raw tracks data set is all that is required for more rigorous 

analysis.  Referenced here are two tools that are particularly useful for additional statistical and 

graphical analysis.  MSDAnalyzer is a MATLAB toolbox equipped to evaluate mean square 

displacement.  A comprehensive tutorial and program files can be found at 

http://tinevez.github.io/msdanalyzer/.  Additionally, the Chemotaxis and Migration Tool contains 

a number of graphical features for visualizing migration data and is available as a free standalone 

download or ImageJ plugin from ibidi’s website 

http://ibidi.com/software/chemotaxis_and_migration_tool/. The FastTracks toolbox contains 

msdAnalyzerImport.m and chemotaxisToolImport.m files that allow exported tracks to be 

converted into formats that can be interpreted by these programs.   

Anticipated results 

The quality of cell trajectories largely depends on the quality of time-lapse images and 

appropriate parameter settings for nuclei validation and tracking.  The speed with which these 

parameters can be adjusted and new tracks created should allow the user to determine the best 

parameter settings quickly.  While the statistical output is not exhaustive, exported data will 

provide a comprehensive description of migratory behavior.  Additionally, the raw positional 

coordinates (tracks) for cells can be imported into other software packages that may provide an 

analysis that better addresses your experimental question. 

http://tinevez.github.io/msdanalyzer/
http://ibidi.com/software/chemotaxis_and_migration_tool/
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Time considerations 

The largest time investment comes from determining the optimal nuclei validation and tracking 

parameters for your images.  The time required to determine optimal parameters may differ 

depending on cell type, cell density, magnification, and image quality. Once parameters are 

determined for specific conditions, they can likely be used continually with minimal alterations.   

As a general guideline, users can expect to spend at least 2-10 minutes to establish appropriate 

settings for initial optimization of parameters for an entirely new biological system. 

The speed with which FastTracks can concatenate coordinate nuclear positions into tracks once 

parameters are set is on the order of mere seconds. Settings that are not appropriate for tracking 

are identified early, causing the program to exit the tracking processes and prompting the user to 

modify parameter settings.  

Computational time for generating and exporting statistics is negligible, e.g., seconds. 

 

2.9 INTERNET RESOURCES  

http://site.physics.georgetown.edu/matlab/ 

The Matlab Particle Tracking Code Repository contains MATLAB files adapted from IDL 
particle tracking software.  Several of these files are used by FastTracks. 

http://www.physics.emory.edu/faculty/weeks//idl/index.html 

Tutorial of IDL particle tracking software and links to alternate particle tracking methods. 

http://www.celltracker.website/index.html  

Description and downloads for automated cell tracking software CellTracker.  

https://sites.google.com/site/itrack4usoftware/home 

iTrack4U downloads for automated tracking of phase-contrast videos. 

http://site.physics.georgetown.edu/matlab/
http://www.physics.emory.edu/faculty/weeks/idl/index.html
http://www.celltracker.website/index.html
https://sites.google.com/site/itrack4usoftware/home
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https://tinevez.github.io/msdanalyzer/ 

Tutorial and program files for understanding and evaluating mean square displacement of 
tracked particles. 

http://imagej.net/TrackMate 

Documentation and tutorials for using the ImageJ plug-in: TrackMate.  

http://icy.bioimageanalysis.org/plugin/Spot_Tracking 

Documentation and tutorials for using the Icy plugin: Spot Tracking. 

 
 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://tinevez.github.io/msdanalyzer/
http://imagej.net/TrackMate
http://icy.bioimageanalysis.org/plugin/Spot_Tracking
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CHAPTER 3 
 

CANCER CELLS EXHIBIT DIRECTIONAL MIGRATION IN RESPONSE TO  
LOCAL CHANGES IN EXTRACELLULAR STIFFNESS 

 

3.1 INTRODUCTION 

Migration of cancer cells is implicated in contributing to expanding tumor margins and 

metastasis.  The complexity of the tumor microenvironment (TME) has led us to question what 

factors may prompt cell migration in addition to conventionally studied migratory cues, such as 

chemokine and growth factor signaling.  It is not surprising that extracellular stiffness of the 

TME has been suggested to prompt cancer cell migration given our increasing understanding of 

how this physical characteristic of the TME influences tumor progression and metastasis. Yet, 

the ability for cancer cells to migrate in response to changes in extracellular stiffness remains 

mostly speculative.  Using an in vitro stiffness gradient as a model system, we can begin to 

explore the responsiveness of cancer cells to changes in stiffness comparable to what exist in the 

TME.  Specifically, we hypothesize that cancer cells respond to local changes in extracellular 

stiffness in a manner that promotes directed migration of cells towards regions of increased 

stiffness – a process known as durotaxis. 

 

3.2 MATERIALS AND METHODS 

 

Cell culture 

U87-MG, T98G, MDA-MB-231, HT1080 cells were cultured in Dulbecco’s Modified Eagle 

Medium (DMEM) with 10% Fetal Bovine Serum, 200 U/mL penicillin/streptomycin and 200 
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μm/mL L-glutamine at 37o C with 10% CO2.  BJ-5ta (ATCC CRL-4001) were cultured with a 

4:1 mixture of DMEM and Medium 199 culture media containing 10% Fetal Bovine Serum, 200 

U/mL penicillin/streptomycin and 200 μm/mL L-glutamine and 0.1 mg/mL hygromycin B.  

 

Glass substrate treatment 

Nunc glass base dishes, 27 mm (Thermo Scientific cat# 150682) were treated with 3 -

(trimethoxysilyl)propyl methacrylate (Sigma-Aldrich cat#M6514), ethanol and 10% glacial 

acetic acid in ddH20 at a 1:200:6 ratio.  This solution was added to glass-bottom dishes for 5 

min, rinsed twice with ethanol and allowed to dry.   

 

Cell migration 

Glass-bottom dishes were sparsely seeded with 1.5x104 cells/35 mm dish and cultured overnight.  

The next day, cells were stained with 1 μm/mL Hoechst for 20 minutes at 37˚C.  Cells were 

washed, and fresh medium was added.  Cells were acclimated to the temperature and humidity 

controlled imaging chamber 1 hour prior to time lapse imaging.  Time lapse movies were 

acquired for 24 hours at 15 minute intervals using an Axiovert 135 microscope with a 10X 

objective.  The custom-made software FastTracks was used to automate acquisition of cell nuclei 

positional coordinates and assemble cell trajectories.  To eliminate non-migratory cells in an 

unbiased manner, the lower quartile of cells for Euclidean displacement were eliminated from 

the dataset prior to analysis of cell migration.   
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Polyacrylamide gels 

Preparation of gradient gels was based on Tse and Engler (2010).  Briefly, 40% acrylamide 

monomer (AAm) (cat# 161-0140) and 2% N,N’-methylenebisacrylamide (BIS) (cat# 161-0142) 

stock solutions (Bio-Rad) were used to prepare a 10% AAm and 0.3% BIS solution in PBS.  

0.5% w/v Irgacure 2959 (Sigma cat#: 410896) was added to catalyze crosslinking when exposed 

to UV light.  30 µl of gel solution was added to 3-(trimehoxysilyl)propyl methacrylate treated 

dishes and covered with 25 mm glass coverslips treated with dichlorodimethylsilane.  Dishes 

were then placed on top of a gradient photomask and exposed to 302 nm UV light produced by a 

Maestrogen transilluminator (4mW/cm2) for 2.5 minutes to polymerize the gradient gel, then 

immediately immersed in PBS and the top coverslip was removed.  Gels were then washed 

several times in PBS.   

Soft and stiff uniform polyacrylamide (PAA) gels were prepared by combining 10% or 5% AAm 

to 0.1% BIS.  1:1000 N,N,N’,N’-tetramethylethylenediamine and 1:100 10% ammonium 

persulfate were added to the monomer solutions and 30 μl were pipetted onto a treated dish and 

covered with a silanized coverslip.  Following 25 minutes of polymerization, PBS was added to 

the dishes and the glass coverslip was detached from the gel. 

 

AFM measurement 

Gradient gels were probed every 30 μm for approximately 150 μm intervals parallel to the 

stiffness gradient, and computed modulus values were averaged within these 150 μm intervals 

and plotted (n = 3 gradient gels).  A 150 μm2 region for each uniform gel was probed and 

modulus values for individual gels (n = 4 gels for soft and stiff conditions) were averaged.    
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Extracellular matrix protein conjugation 

A 1 mg/mL solution of Sulfo-SANPAH (SS)(Pierce 22589) in 50 mM HEPES (pH 8.5) was 

added to each gel and immediately exposed to 365 nm UV light for 10 min using a desktop 

Spectroline UV lamp.  Immediately following two successive washes in 50 mM HEPES, a 0.1 

mg/mL solution of human plasma fibronectin in 50 mM HEPES was added directly to the gels 

for 4 hours.  Gels were then washed several times with PBS and incubated with fresh media 30 

minutes before plating cells. 

 

Statistics 

Statistical analysis was performed using the MATLAB Statistics and Machine Learning toolbox.  

MSDanalyzer scripts (referenced in chapter 1) were used to derive mean square displacement 

values and obtain the anomalous diffusion exponent, α. 

Prior to performing regression analysis, assumptions for successful implementation of a linear 

regression model were evaluated to ensure appropriate analysis of our dataset.  When necessary, 

data was transformed to satisfy assumptions of linear regression modeling, and then standardized 

to assume a Z-distribution with mean = 0 and standard deviation = 1. 
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3.3 RESULTS 

Creating a stiffness gradient 

Multiple approaches were explored to create a stiffness gradient.  Many of these approaches have 

been used in previous studies and include establishing a gradient of cross-linker density through 

diffusion [67, 136, 160] or microfluidic mixing [132, 161]. Ultimately, we settled on a well-

characterized technique initially reported by Tse and Engler (2010) that specifies the 

manufacturing of a highly reproducible stiffness gradient that can be made with minimal 

materials and in a reasonable amount of time (< 24 hours).   

The Tse and Engler technique requires that a solution of acrylamide monomer (AAm) and bis-

acrylamide cross-linker (BIS) be mixed at a desired ratio, followed by the addition of a 

photoactivatable polymerizing agent.  A droplet of unpolymerized solution is then placed on a 

coverslip that has been treated with a chemical to allow for covalent attachment as 

polymerization occurs (Fig. 3.1 A) [162].  The solution is then overlaid with a second coverslip 

coated with a highly hydrophobic material that will allow the coverslip to be removed once the 

polymerization process is complete (Fig. 3.1 A).  The unpolymerized solution, now sandwiched 

between two coverslips, is exposed to UV light passing through a photomask that linearly 

increases in opacity (Fig. 3.1 B).  The UV light activates a photoactivatable catalyst in the 

acrylamide solution, promoting PAA polymerization.  The gradient photomask modulates 

catalyst activation and therefore the rate of crosslinking.  Ultimately, crosslinking density in the 

polymerized gel is directly correlated with polyacrylamide stiffness [126] resulting in a gradient 

gel.  



57 
 

While the Tse and Engler method is conceptually straightforward, there are several factors that 

must be optimized to ensure successful generation of a gradient that meets the desired 

specifications.  The appropriate ratio of AAm and BIS must be selected to ensure the range of 

stiffness obtained is optimal.  Additionally, incredible precision must be maintained with respect 

to the UV light exposure required to polymerize the gradient.  Slight variations in time of 

exposure or intensity of UV light can lead to dramatic changes in the slope of a stiffness gradient 

or, in the event of extended exposure, the complete absence of a gradient.  Ultimately, 

optimization of the AAm/BIS ratio, UV light intensity, and time of exposure requires trial and 

error to generate a desired gradient condition.   

For our study, we chose a ratio of AAm/BIS that produces a gradient that spans a physiological 

range of stiffness encountered by cells across many tissue environments [78, 146].  Atomic force 

microscopy was used to confirm our gradient encompassed the desired range (Fig. 3.1 C).   The 

upper bound of our gradient is approximately 25 kPa and the change in stiffness is approximately 

20 Pa/µm.  Assuming an average cell size of 50 µm, we can expect a difference in stiffness 

between a cell’s leading and trailing edge to be approximately 1000 Pa.   

In addition to the quantitative characterization of the gradient obtained with AFM, cell 

morphology provides an indirect, qualitative verification of stiffness.  Cells that occupy soft 

substrates typically exhibit a more rounded morphology [163].  While, cells become more spread 

and occupy a larger area on stiffer substrates [163]. In Figure 3.1 D and E, T98G glioblastoma 

cells and BJ5TA dermal fibroblasts cultured on a stiffness gradient exhibit differences in cell 

spreading typical of a response to changes in substrate stiffness.  Cells appear less spread and 

more circular when occupying the soft regions of the gradient and more spread on stiff regions.   
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Figure 3.1 Manufacturing a stiffness gradient and its effect on morphology of attached 
cells. A) Setup used to manufacture PAA gradient gels (adapted from Tse 2010).  A photomask 
is overlaid on a UV light source.  A solution containing AAm, BIS, and a photoactivatable 
catalyst is sandwiched between an activated coverslip to which polymerized AAm can covalently 
attach and a second coverslip coated with a hydrophobic material to permit detachment 
following polymerization. B) Illustration of a photomask that varies the intensity of UV light 
exposure on the polymerizing gel.  C) AFM measurements of gradient and uniform gels where 
red triangles indicate measurements of gradient stiffness.  Blue and green circles represent the 
measured stiffness of uniform soft and uniform stiff gels respectively.  D)  T98G cells and E) 
Bj5ta human fibroblasts cultured on 850 µm regions of the stiffness gradient demonstrate 
variable spreading of cells with respect to position on the gradient. Error bars represent mean ± 
SD for n = 3 gradient gels and n = 4 soft and stiff uniform gels. 
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Conjugating extracellular matrix protein to a stiffness gradient 

Cells are unable to adhere to PAA gels.  Extracellular matrix (ECM) proteins need to be coupled 

to the surface of the gel to permit cell attachment.  Conjugating a thin, uniform layer of protein 

allows a cell to engage the gel and probe its stiffness.   

Multiple types of ECM proteins have been conjugated to polyacrylamide gels, including 

fibronectin (FN), collagen, laminin, and hyaluronic acid [125, 138, 164].  A common technique 

used to coat a PAA gel with a covalently conjugated ECM protein employs a bifunctional cross-

linker -- Sulfo-SANPAH (SS).  SS contains a nitrophenyl azide functional group that covalently 

attaches to polyacrylamide following a short exposure to UV light (Fig 3.2 A).  A desired 

concentration of ECM protein is then incubated with the SS-treated PAA gel.  SS consists of a 

second unreacted N-hydroxysuccinimide (NHS) ester functional group that reacts with free 

amino groups associated with the ECM protein.  Uniform conjugation of the protein to the PAA 

can then be evaluated by acquiring line scans of fluorescently labeled ECM (Fig 3.2 B and C).   

For our study, we experimented with using collagen and fibronectin (FN) protein as ECM 

coatings for our stiffness gradient.  While both proteins were easily conjugated to the gel, we 

found that when using conventional techniques requiring conjugation at neutral pH or above, 

collagen tended to form sporadic fibrillar deposits that sometimes approached 20 µm in 

thickness.  There was concern that the fibrillar deposits would prevent cells from sensing the 

underlying gradient in these regions.  We could reduce these fibrillar deposits by significantly 

lowering the pH at which the incubation with collagen took place.  This dramatically improved 

the uniform layering of collagen to a thickness similar to that seen when coating a glass dish (Fig 
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3.2 D).  On the other hand, FN conjugation consistently resulted in a thin, uniform layer.  

Consequently, all subsequent migration studies were performed on substrates coated with FN. 

 

                          

Figure 3.2 Conjugating collagen and FN protein to PAA gels.  A) Conjugation of 
extracellular matrix protein (adapted from Tse 2010) to a PAA gel first requires covalent 
attachment of a sulfo-SANPAH cross-linker to the gel followed by incubation with ECM protein.  
B) Uniform conjugation of FN to the stiffness gradient was evaluated by immunolabeling bound 
ECM.  C) Data points acquired from 30 μm line-scans indicate uniform fluorescence intensity of 
immunostained FN conjugated to the gradient.  D) Monomeric collagen dissolved in an acidic 
solution (pH ~4) was incubated on glass or a SS-treated gel resulting in a uniform layering of 
collagen.  The x-z profile shows 1 μm red beads that were embedded in the PAA gel to give a 
sense of the depth of the collagen layering.  Data points represent mean fluorescence for n = 3 
line-scans from N = 3 gradient gels.  Error bars are ± SD. 
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Durotaxis assay 
   
To evaluate durotaxis, cells were seeded onto a 1200 µm stiffness gradient and imaged using 

time-lapse microscopy (Fig. 3.3 A and B).  Particle tracking of fluorescently labeled nuclei was 

used to automate track acquisition (Fig. 3.3 C).  Acquired tracks were plotted and compared to 

phase-contrast images of migrating cells that were obtained simultaneously with images of 

fluorescently labeled nuclei to ensure tracking accuracy.  Only cells that occupied a 750 µm 

region that began 300 µm away from the soft edge of the gradient were evaluated to prevent the 

edge of the gel from potentially impeding cell migration.  Prior to analysis, migration datasets 

were curated by removing cells that were in the lower quartile of displacement (moved less than 

approximately 50 μm).  This strategy was employed as an unbiased approach to remove cells that 

did not undergo sufficient displacement to allow an accurate characterization of a directional 

response to the gradient.   

 

Figure 3.3.  Durotaxis experimental workflow.  A) Cells are seeded onto a manufactured 
stiffness gradient gel coated with FN.  After cell attachment overnight, nuclei are fluorescently 
labeled.  B) Time-lapse microscopy is performed to observe cell migration.  C) Positional 
displacements of cells are then assembled into tracks and used to evaluate the migration 
phenotype.  
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Quantifying directional migration 

To characterize the migratory phenotype of individual cells, a series of migration indicators were 

calculated.  The formulas for each of these migratory parameters are presented in the text, and 

Figure 3.4 provides a schematic of a migrating cell and illustrates the variables used in the 

formulas below. 

 

Figure 3.4. Representative schematic of a migrating cell and variables used to characterize 
a cell’s migratory phenotype.  A representative cell track depicting the cell’s total path length 
(red), Euclidean displacement (green), angular displacement (θ) and displacement along the x 
(∆x) and y-axis (∆y) of the gradient.   
 

A forward migration index (FMI) is used to quantify directional movement of cells in response 

to the gradient.   

𝐹𝐹𝐹𝐹𝐹𝐹 =  
∆𝑦𝑦
𝐿𝐿

 

The FMI measures a cell’s displacement parallel to the stiffness gradient (∆y) divided by a cell’s 

total migration path length (L).  Any cell with a positive FMI is moving towards increasingly 
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stiff regions of the gradient, whereas a negative FMI indicates movement toward the soft regions 

of the gradient.  As an internal control, we have also evaluated the FMI perpendicular to the 

gradient (∆x/L).  Given that our stiffness gradient only changes along the y-axis, there is no 

known extracellular cue that should bias a cell’s displacement along the perpendicular axis.  

Therefore, average displacement perpendicular to the gradient for a population of cells should be 

approximately zero, given that movement in the -x or +x direction is equally probable for 

individual cells.   Throughout Chapter 3 and 4 of this dissertation, FMI will indicate movement 

parallel to the gradient.  Otherwise, direction for FMI will be explicitly referenced as movement 

parallel (II) or perpendicular (⊥) to the gradient.    

Angular displacement (θ) is used to indicate a cell’s trajectory with respect to its initial and final 

position.   

𝐴𝐴𝑠𝑠𝐴𝐴𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠 𝑑𝑑𝑠𝑠𝑠𝑠𝑑𝑑𝐴𝐴𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠 =  cos−1
∆𝑥𝑥
𝐷𝐷

 

Angular displacements are plotted using a polar histogram to give a qualitative indication of 

preferred direction of cell migration.  The polar histogram consists of bars arrayed on a 360-

degree coordinate axis.  The size of each bar represents the number of cells with tracks that 

terminated within the indicated angular trajectory.  Importantly, the size of the polar histogram 

bar does not convey any additional information, such as the magnitude of FMI, speed, or 

distance for cells traveling in the indicated direction.   

Cell speed is computed by dividing the cell’s path length (L) by the duration it was tracked (∆t).   

𝑆𝑆𝑑𝑑𝑠𝑠𝑠𝑠𝑑𝑑 =  
𝐿𝐿
∆𝑠𝑠
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Two distinct measures were used to evaluate persistence of movement in a specific direction – 

straightness index and mean square displacement (MSD).  Each value can convey slightly 

different information regarding cell movement.  Straightness Index (also known as a directness 

index) is a ratio of the cell’s Euclidean displacement (D) (Fig. 3.4) and path length (L) (Fig 3.4). 

𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝐴𝐴ℎ𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 =
𝐷𝐷
𝐿𝐿

 

It is a persistence measurement that indicates the extent to which a cell moves in a straight line, 

with a value of 1 being a perfectly straight trajectory.  Persistence of cell movement was further 

analyzed by calculating MSD  

𝐹𝐹𝑆𝑆𝐷𝐷(𝜏𝜏) =  〈|𝑠𝑠(𝑠𝑠 +  𝜏𝜏) − 𝑠𝑠(𝑠𝑠)|2〉 

where r(t) is the cell’s position at time t and τ refers to the interval between consecutive 

measurements. The MSD value can then be used to calculate an anomalous diffusion coefficient, 

α, using the formula 𝐹𝐹𝑆𝑆𝐷𝐷 = 4𝐷𝐷𝜏𝜏𝛼𝛼 where D is the diffusion coefficient. Solving for an α-value 

allows for a straightforward interpretation of a cell’s persistence.  An α-value of 1 suggests 

random migration, while an α-value greater than 1 suggests persistent migration.  It is important 

to note that both values of cell persistence convey no information regarding the direction in 

which a cell has moved. However, these values can be used to determine the extent to which a 

cell’s migratory path deviates from a specific trajectory. 

 

U87-MG cells undergo durotaxis 

Cancer cell durotaxis was initially evaluated using U87 glioblastoma cells given their rapid rate 

of migration.  This enables cells to typically undergo sufficient displacement to allow us to 

evaluate their directional movement during the 24 hour interval of the durotaxis assay.  As a 



65 
 

control, directed cell migration was also evaluated on uniform soft and stiff gels that reflect the 

modulus values associated with the soft (3.5 kPa) and stiff (17.0 kPa) portions of the gradient 

condition. U87 cells exhibited a modest durotactic phenotype in response to the gradient 

condition with an average FMI of 0.066 (Fig 3.5 A).  While the magnitude of directional 

migration was small, it was significantly different than the FMI of cells cultured on uniform soft 

and stiff gels (Fig 3.5 A).  On uniform gels, U87 cells exhibited a pattern of random migration 

characterized by an absence of biased directional movement as indicated by an FMI that 

approximates zero (Fig 3.5 A) and uniformly dispersed angular displacements (Fig 3.5 C and 

D).  In contrast, angular displacement of cells on a gradient indicates movement towards 

increasingly stiff regions (Fig. 3.5 B).  To statistically evaluate this qualitative assessment, we 

must employ a V-test that is specific for circular data on a 0-360˚ scale.  The V-test evaluates 

whether cell trajectories are on average oriented in the expected direction of migration.  In this 

instance, we assume cells will move on average with the stiffness gradient having a 90˚ 

trajectory.  We found that cell trajectories are significantly biased towards increasingly stiff 

regions of the gradient, whereas movement of cells on soft or stiff gels was uniform (Fig. 3.5 B, 

C and D).  
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Figure 3.5. U87 durotaxis in response to a stiffness gradient.  Cells were cultured on a 
stiffness gradient and soft or stiff uniform gels with a modulus equivalent to that which cells 
encounter on the soft or stiff regions of the gradient.  A) The FMI for U87 cells cultured on these 
different substrates were compared to determine the influence of the gradient condition on 
directed migration.  B) Angular displacement for U87 cells cultured on a gradient, C) uniform 
soft, D) or uniform stiff substrates was also evaluated as a secondary measure of directional 
migration.  Error bars represent ± SEM.  Data was obtained from n = 572, n = 197 or n = 167 
cells from N ≥ 4 biological replicates for gradient, soft and stiff conditions respectively.  FMI p-
values were calculated using one-way ANOVA and Tukey’s post-hoc test (***, p ≥ 0.001).  
Angular displacement data was calculated using a V-test for evaluating circular data with the 
assumed mean direction set at 90˚ (***, p ≤ 0.001). 
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Evaluating directional migration over time 

The FMI reported above is a function of a cell’s persistence parallel with the gradient.  Here we 

show this value remains relatively constant over the duration of the experiment (Fig 3.6 A). The 

steady-state FMI suggests a continual increase in the average displacement of cells parallel with 

the gradient.  An inspection of the population’s average displacement over time reveals constant 

movement toward increasingly stiff regions of the gradient (Fig 3.6 A).  As expected, FMI and 

displacement evaluated perpendicular to the axis is approximately zero (Fig 3.6 A and B).  This 

suggests there is no directional cue along this axis, and a cell is likely to move to the left or the 

right with equal probability.  

 

 

Figure 3.6 FMI and displacement calculated over time.  To evaluate the effect of time on FMI 
the ensemble mean for U87 cell migration parallel (||) and perpendicular (⊥) to the gradient was 
evaluated for the 24 hour time interval that cells were tracked. B) The average displacement of 
cells parallel to the gradient was also found to gradually increase over time compared to average 
displacement perpendicular to the gradient, which consistently approximates zero as expected for 
movement without an external condition to bias the direction of migration.  
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Regions of stiffness affect durotactic response 

It is known that substrate compliance can influence cell morphology and migration [163, 165].  

Therefore, we hypothesized that cell durotaxis may also be altered based on the relative stiffness 

a cell encounters on a gradient that spans approximately 3 – 23 kPa.  We analyzed cell migration 

data based on a cell’s initial location on the gradient. Cells were grouped into three 250 µm 

regions that we defined as Soft, Medium, and Stiff.  We noticed significant directional migration 

parallel with the gradient for cells occupying the soft region (Fig. 3.7 A).  Furthermore, there 

appeared a stepwise decrease in this directed migration as cells occupied increasingly stiff 

regions of the gradient.  This trend was further substantiated by evaluating the angular 

displacements of cells within these regions (Fig. 3.7 C).  Durotaxis is classically defined as 

movement toward increasingly stiff environments.  These durotaxing cells, or “Forward” moving 

cells that migrated towards increasingly stiff regions, represented over 69 percent of cells 

evaluated on the soft region and 63 and 55 percent for cells occupying the medium and stiff 

regions, respectively (Fig. 3.7 B).  In contrast, the remainder of the cells represented a 

subpopulation that moved in “reverse” relative to increasing stiffness.   Additionally, we noted 

that the most robust durotactic population occupying the soft region moved significantly slower 

than cells occupying stiffer regions of the gradient (Fig. 3.7 D). However, there was no 

difference in straightness of migration between these groups (Fig. 3.7 E).    
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Figure 3.7 Durotaxis efficiency on regions of the stiffness gradient.  A) FMI for cells moving 
parallel or perpendicular to the stiffness gradient within the soft, medium, or stiff regions were 
evaluated to determine the effect of stiffness on a cell’s directional response to the gradient.  B) 
The proportion of cells moving toward the stiff side of the gradient, or moving “forward” with 
respect to orientation with the gradient, was consistently higher than the number of cells moving 
in “reverse” toward the increasingly soft substrate. However, the proportional difference 
gradually decreased as cells are exposed to increasingly stiff regions of the gradient.   C) Polar 
histograms indicate the angular displacement of cells within the different regions.  D) Speed and 
E) straightness of cells with respect to position on the gradient.  Error bars represent ± SEM, N = 
4.  Boxplot center lines denote the median and edges represent the 25th and 75th percentiles with 
whiskers incorporating 99.3% of all data.  For clarity, outliers were excluded from the graph but 
not the statistical analysis.  FMI was evaluated with a two-way ANOVA and Tukey’s post-hoc 
test (***, p ≤ 0.001).  Angular displacement was evaluated with a V-test (*, p ≤ 0.05, ***, p ≤ 
0.001). Speed and Straightness Index were evaluated with a one-way ANOVA and Tukey’s post-
hoc test (***, p ≤ 0.001). 
 

Multiple cancer cell lines durotax on the soft region of stiffness gradients 

In addition to U87 cells, we evaluated a second glioblastoma cell line (T98G)(Fig. 3.8 A), a 

metastatic breast cancer cell line (MDA-MB-231)(Fig. 3.8 B), and a fibrosarcoma cell line 

(HT1080)(Fig. 3.8 C) to determine if our gradient condition can elicit a durotactic response in 

other frequently used cancer cells.  Surprisingly, each cell line exhibited durotaxis analogous to 

that seen for U87 cells.  For each of these other cell types, directed movement was also most 

prominent on the soft region of the stiffness gradient with an incrementally decreasing durotactic 

response as the gradient became increasingly stiff.   
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Figure 3.8 Frequently used cancer cell lines undergo durotaxis. FMI and angular 
displacement values for A) T98G, B) MDA-MB-231, and C) HT1080 cells on soft, medium, and 
stiff regions of the stiffness gradient. Error bars represent ± SEM for n = 800, n = 495, and n= 
136 cells from 3, 2, and 2 biological replicates respectively. FMI was evaluated with a one-way 
ANOVA and Tukey’s post-hoc test (*, p ≤ 0.05, ***, p ≤ 0.001).  Angular displacement was 
evaluated with a V-test (***, p ≤ 0.001). 
 

Analysis of durotaxis on the soft region of the gradient 

The remaining sections of this chapter provide an in-depth characterization of U87 cells 

undergoing migration on the soft region of the gradient (≈ 3 – 10 kPa).  We have focused 

specifically on this subpopulation because this region prompted the most robust durotactic 

response.  By evaluating this group, we hope to better understand what migratory characteristics 

can be used to best describe durotaxing cells.  However, it is important to emphasize that not all 

cells within this population undergo directed migration up the stiffness gradient.  In fact, there 

was a minority population of cells that migrated towards softer regions (31%).  My approach was 

to first analyze whether these cells moving in opposite directions display differing migratory 

characteristics (Fig 3.9 A).  Next, only cells that were undergoing movement toward stiffer 

regions of the gradient were evaluated by subdividing this population into two groups of cells. 

We defined cells undergoing an angular displacement within 90˚ of the gradient axis as 

“Efficient” compared to cells with a more tangential trajectory which we described as “Less-

efficient” (Fig 3.9 B).  Lastly, I explored our data using a frequently used multivariable 

regression algorithm to attempt to predict FMI by inputting the migration variables for cells into 

our model.  In addition to attempting to generate a model that can successfully predict FMI, the 

stepwise regression approach used can also help us infer migration variables that are best able to 

predict whether a particular cell will undergo durotaxis or not.  
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Figure 3.9 Schematics depicting the angular trajectories for subpopulations of cells exposed 
to a stiffness gradient.  We closely scrutinized subpopulations of U87 cells to determine distinct 
migratory characteristics that might be closely associated with the angular movement of cells. A) 
“Forward” cells move towards increasing stiffness, and “Reverse” refers to movement against 
this gradient. B) “Efficient” durotaxis is defined as cell migration within 90˚ of the gradient axis, 
while “Less-efficient” durotaxis is defined as more tangential to the gradient, but still migrating 
toward the stiffer end of the gradient. 
 
 

Evaluating differences between forward vs. reverse migrating cells 

We first documented the average migratory phenotype in comparisons between Forward and 

Reverse moving cells, i.e., cells that move towards stiffer regions of the gradient (Forward) as 

opposed to soft regions of the gradient (Reverse).  The results of this analysis presented in Table 

3.1 reveal that vector displacement parallel to the axis of the gradient was the only migratory 

characteristic that was significantly different between these two groups.  This suggests that cell 

movement towards softer regions of the gradient was not as efficient as movement towards 

stiffer regions.  Furthermore, overall displacement of cells is less for Reverse moving cells as are 

measures of persistence.  While far from reaching a level of statistical significance, these trends 
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may suggest that there is some resistance to migration towards increasingly soft regions.  A 

simplistic explanation for durotaxis gleaned from this data might suggest that cells move towards 

regions of increasing stiffness because it is simply easier to migrate on a stiffer substrate.  

Eventually, however, when a substrate of optimal compliance is encountered, durotaxis becomes 

much less efficient, as suggested by our observation that durotaxis decreases as cells encounter 

increasingly stiff regions (e.g., see Fig. 3.7 A and B).   

It is important to note that cells within this dataset were not all tracked for the same duration, and 

time can obviously influence values such as displacement and path length.  However, the 

distribution of track lengths was extremely similar, allowing for comparisons of averaged values 

of the migratory characteristics. 

Table 3.1. Evaluation of migratory phenotypes for cells moving towards soft versus stiff 
regions of the gradient. 

  

Forward  
(n = 88)  

Reverse  
(n = 40)   

Migration Variables  Mean SEM   Mean SEM   p-value 
         
Displacement  156.2 8.2  136.8 8.7  0.15 
Straightness  0.3 0.02  0.3 0.02  0.24 
Alpha  1.4 0.02  1.3 0.02  0.07 
Speed  0.4 0.01  0.4 0.02  0.56 
Path Length  438.6 15.5  455.9 29.2  0.57 
∥-displacement  103.4 8.2  -62.4 7.3  *0.002 
⊥-displacement  -5.6 12.5  -10.8 19.9  0.82 
Frames tracked  73.6 2.2  76.6 3.5  0.48 

         
*computed from absolute value of reverse ∥-displacement     

 

We further subdivided the Forward migrating population to gain insight into differences between 

Efficient and Less-efficient durotactic migration. We deemed those cells with an angular 

displacement more aligned with the gradient to be efficient responders that might exhibit 
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migratory characteristics that could explain efficient durotaxis.  In Table 3.2, Efficiently 

durotaxing cells are defined as having an angular displacement between 45 and 135 degrees.  

Less-efficient durotaxing cells have an angular displacement within 0 to 45 degrees 

perpendicular to the gradient.  Between these groups, slightly more cells underwent an angular 

displacement more aligned with the gradient, with 59% exhibiting Efficient durotaxis.  While 

there was no difference in persistence measurements (straightness and alpha values) we observed 

that speed and path length, two tightly correlated variables, were elevated for Efficient 

durotaxing cells.   

 
Table 3.2. Evaluating migration phenotype of durotaxing cells with respect to angular 
displacement.  

Migration Variables 

Efficient  
(n = 52)  

Less Efficient  
(n = 36)   

Mean SEM   Mean SEM   p-value 
         
Displacement 165.26 11.28  143.28 11.82  0.193 
Straightness 0.36 0.02  0.38 0.03  0.527 
Alpha  1.39 0.03  1.42 0.03  0.580 
Speed  0.44 0.02  0.37 0.01  0.022 
Path Length 476.56 20.67  383.78 20.69  0.003 
∥-displacement 145.02 9.97  43.35 5.58  8E12 
⊥-displacement -5.61 12.26  -5.64 25.31  0.999 
Frames tracked 75.90 2.91  70.44 3.67  0.243 

 

 
Regression analysis of durotaxis dataset 
 
Using a linear regression model, we sought to explore the various quantitative migratory 

parameters of our data to identify specific variables that might be predictive of FMI values – i.e., 

cells that will respond more strongly to a stiffness gradient.  In our previous analysis, we 

compared subpopulations of cells, such as those occupying soft, medium, or stiff regions of the 
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gel, or Forward versus Reverse and Efficient versus Less-efficient migrating cells.  In these 

analyses, migration variables were averaged for these groups at the expense of ignoring the 

heterogeneity that exists within these populations.  On the other hand, linear regression would 

allow us to assess how migration variables for individual cells are correlated with their ability to 

durotax (FMI) and extend these relationships to the population. 

We reasoned that if certain migratory variables for individual cells were to correlate strongly 

with their ability to durotax (FMI), then further evaluation of the molecular pathways that 

regulate or influence these correlated migratory characteristics would prove valuable for 

identifying the cellular machinery that drives durotaxis.  As an example, an exploratory 

hypothesis might suggest that persistence measurements, namely straightness and alpha values, 

are correlated with FMI.  If cell persistence is subsequently proven to be strongly associated with 

durotactic migration, then manipulating known pathways that regulate persistence might enable 

us to modify durotactic behavior.   

For this exploratory analysis, we again focused on the subpopulation of cells that occupied the 

soft region of the gradient.  Because many of the variables used to characterize cell migration are 

influenced by time, we sought to eliminate this confounding variable by only analyzing cell 

tracks that were 8 hours in duration (n = 128 cells).   

Correlation coefficients were calculated in order to evaluate the relationships between paired 

migratory variables.  The correlations are displayed as a heat map with hot or cool colors 

indicating a direct or inverse correlation respectively and each box contains the Pearson’s 

correlation coefficient (Fig. 3.10 A).  Of particular interest are the relationships between 

migratory variables and FMI.   A significant relationship (p-value ≤ 0.05) was found between 
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FMI and every migration variable evaluated.  Of note, speed and displacement are perfectly 

correlated because every cell track was evaluated for exactly 8 hours.  Thus, the perfect 

correlation coefficient between these variables is not meaningful, but these variables are included 

so that other relationships may be compared. 

Because the correlation coefficients we observe only suggest modest relationships with FMI, no 

single variable is likely to successfully predict FMI values.  A more realistic approach for 

predicting FMI is to incorporate multiple variables into a single regression model, allowing us to 

determine which combination of variables can most successfully predict durotaxis.  

𝑑𝑑𝑠𝑠𝑠𝑠𝑑𝑑𝑠𝑠𝑑𝑑𝑠𝑠𝑠𝑠𝑑𝑑 𝐹𝐹𝐹𝐹𝐹𝐹 =  𝛽𝛽0 +  𝑥𝑥1𝛽𝛽1 + 𝑥𝑥2𝛽𝛽2 + 𝑥𝑥𝑛𝑛𝛽𝛽𝑛𝑛 

  

To create a model that can predict FMI, we employed a frequently used multivariable linear 

regression algorithm called stepwise regression.  This algorithm creates many independent 

models and selects those that incorporate individual variables (xi) and their weighted coefficients 

(βi) that best predict FMI.   A benefit to this approach is the ability to obtain a final ranking of 

the input variables that contribute most significantly to a successful model.  

The first stepwise regression model of several that we have evaluated consists of only a single 

variable that best predicts FMI.  Because this model only contains a single predictor variable (xi), 

coefficient (βi) and response variable (FMI) it is the same as a simple linear regression model.  

However, once the single best variable has been determined, the remaining variables are 

individually tested in combination with the variable from the preceding model to create the best 

two-variable model.  This iterative process is repeated until multiple models have been produced 

with a final model that contains all six migration variables associated with six coefficients.  We 
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can then analyze the error associated with each model to determine which collection of migratory 

variables are most effective in predicting a FMI.   

Figure 3.10 B highlights the six best models generated from U87 migration data to predict FMI.  

The error on the y-axis reflects how effectively the model can predict FMI.  A model that fits the 

data best would have an error value approaching zero. The x-axis is labeled with the variables 

that are added to the model for each successive iteration of the stepwise algorithm.  The order 

that the variables are added is effectively a ranking of the importance of each variable for 

predicting FMI.  The first model used only the displacement variable for predicting FMI.  When 

a second variable, the cell’s initial position on the gradient, is added, the error in our model is 

significantly reduced.  The model becomes only slightly better if values for directness or alpha 

are included.   

A model with more variables is not necessarily better at predicting an outcome.  Following the 

inclusion of each variable into a model, an F-statistic can be calculated to determine whether 

inclusion of the next best variable will significantly enhance the predictive value.  In this 

instance, only two variables contribute to significantly enhancing the predictive power of the 

model.  These variables were a cell’s displacement and position on the gradient. 

While providing us with some intuitive understanding of what combination of variables may be 

useful for predicting FMI, the R2 for our two-variable model is 0.17.  Although providing little 

insight into which migratory attributes influence FMI, the suggested importance of gradient 

position is further confirmation that a cell’s position on the gradient hints at the potential for a 

durotactic response.  
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Figure 3.10 Evaluating relationships between FMI and migration variables.  A) The heat 
map depicts the correlation between migration variables with Pearson’s correlation coefficient 
values contained in each box.  B) A stepwise regression model was implemented to rank 
variables that were of greatest importance to successfully predict FMI.  Displacement and 
gradient position are the strongest predictive variables using this approach, and the error 
associated with each model’s predictive value can be gleaned from its root mean square value.  
There is no significant improvement in the models that incorporate variables beyond 
displacement and gradient position.   
 

 

3.4 DISCUSSION 

Using a gradient that spans a physiological range of stiffness encountered by cells in various 

tissues, we characterized the durotactic phenotype of frequently used cancer cell lines.  By 

automating the tracking of a large sample of cells, we obtained a thorough description of the 

migratory phenotype in response to a stiffness gradient and provide a more robust quantitative 

description of durotactic behavior than previously reported in the literature.  Our large sample 

datasets were able to resolve a modest durotactic response of glioblastoma cells to a stiffness 

gradient.  Furthermore, we could partition our data and evaluate cells in soft, medium, and stiff 



80 
 

regions of the gradient while still possessing adequate sample sizes to statistically analyze these 

subpopulations.   

We found that carcinoma, fibrosarcoma, and two glioblastoma lines tested all exhibited 

durotactic responses.  In each case, durotaxis was most robust on the soft region (≈ 3 – 10 kPa) 

of the gradient substrate, suggesting that this is an optimal range of stiffness for cancer cell 

durotaxis.   

We conducted a more thorough analysis of U87 durotaxis by comparing the average migratory 

phenotype of several subpopulations.  We found that a substantially larger segment of the 

population (69%) traveled towards increasingly stiff regions of the gradient and moved with 

greater efficiency as suggested by increased displacement parallel to the gradient.  

 We also explored how linear regression analysis could be used to determine which migratory 

variables may be predictive of individual cell durotaxis.  The use of a Stepwise regression model 

represents an intuitive and computationally efficient approach to gain insight into the potential 

importance of predictive variables for our dependent variable of interest.  In this instance, our 

modeling approach validated the importance of a cell’s position on the gradient for predicting its 

potential to undergo durotaxis.  This result confirmed our similar conclusion initially gleaned 

from a series of studies averaging FMI in relation to soft, medium and stiff regions on the 

gradient.  However, if this approach had been applied in the initial stages of data analysis, it 

would have been a useful tool that would have quickly suggested the relationship between 

gradient position and FMI. 

In conclusion, these findings represent the first thorough, quantitative description of cancer cell 

durotaxis. While primarily descriptive in nature, the procedures and analytical tools that I have 
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established will facilitate future in-depth investigations into the mechanistic underpinnings of 

this unique and enigmatic mechanism of migration.  Specifically, using optimized protocols for 

evaluating durotaxis and building on the observations discussed in this chapter, we intend to 

continue to exploring the molecular determinants required for tumor cell durotaxis. 
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CHAPTER 4 
 

MOLECULAR DETERMINANTS OF DUROTAXIS 
 
 
4.1 INTRODUCTION 
 
Our initial characterization of cancer cell durotaxis showed that durotaxis was most prominent 

on the soft portion of a stiffness gradient.  However, no data was provided to suggest what 

molecular components are responsible for directed migration on this region of the gradient.   

Candidate pathways that contribute to the observed phenotype would presumably contain 

proteins that influence cell movement, mechanosensing, or directed migration.  Yet, a diverse 

collection of proteins are implicated in these processes, and given the low-throughput of our 

durotaxis assay, we are limited in the number of proteins that we can reasonably evaluate.  As a 

starting point, we took a selective approach by disrupting Rho-associated kinase (ROCK) that is 

integral to increasing actomyosin contractility and focal adhesion kinase (FAK) that is important 

for focal adhesion (FA) signaling.  Both ROCK and FAK have been reported to impact cell 

migration and mechanosensing [166-168].  Additionally, we evaluated the effect of 

phosphoinositide 3-kinase (PI3K) inhibition on durotaxis given this protein’s important function 

in directed migration during chemotaxis [169].  

The primary motivation for conducting these experiments was to impair durotaxis or manipulate 

where on a gradient durotaxis can occur.  Having inhibitors in hand that noticeably impact 

durotactic behavior would allow us to conduct further investigations into signaling associated 

with these proteins, providing us with a better understanding of the biochemical pathways 

required. 
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4.2 MATERIALS AND METHODS 

Cell culture   

U87-MG cells (ATCC) were cultured in Dulbecco’s Modified Eagle Medium (DMEM) with 

10% Fetal Bovine Serum, 200 U/mL penicillin/streptomycin and 200 μg/mL L-glutamine at 37o 

C with 10% CO2.   

 

Durotaxis experiments 

The durotaxis assay used is discussed in Chapter 2.  In summary, 1.5x104 cells were cultured on 

gradient gels overnight.  Cells were then incubated for 1 hour in cell culture media with 20 μM 

LY294002, 10 μM Y-27632 or 3 μM PF-228 inhibitors.  Cells were imaged for up to 24 hours at 

15 minute intervals.  FastTracks was used to acquire cell tracks and analyze cell migration. 

 

Chemotaxis assay 

Transwells with 8 μm pore membranes (Falcon #353093) were treated with culture media 

containing 5% fetal bovine serum for 45 minutes then rinsed with serum free media prior to cell 

seeding to facilitate cell attachment.  Cells were incubated with DMSO vehicle or 20 μM 

LY294002 in serum free media containing 0.1% bovine serum albumin (BSA) for 1 hour prior to 

being seeded into transwells. 100 ng/mL EGF or serum- free media were used to assess 

chemotaxis and cell migration, respectively.  The chemotaxis assay was carried out for three 

hours in the presence of vehicle or LY294002 followed by fixing cells with 5% glutaraldehyde 

and staining with 1% crystal violet.  Cells that do not pass through the transwells were removed 
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from the membrane using wetted cotton swabs. Cell passing through the membrane were 

manually counted in four random fields for each transwell, and a chemotaxis index was 

calculated by dividing the number of chemotaxing cells by the number of migrating cells.  

 

Western blot 

8x105 cells were seeded into a 60 mm dish and allowed to attach.  Fresh media containing 20 μM 

LY294002 or equal volume of DMSO was added to each dish and incubated for 0, 1, 20, or 24 

hours.  Cells were rinsed with PBS and lysed with RIPA buffer containing Halt protease and 

phosphatase inhibitor cocktail (Thermo).  Lysates were centrifuged at 16,000 x g for 20min to 

remove insoluble debris.  The supernatant was collected and protein concentration was evaluated 

using a BCA assay (Pierce).   30 μg of protein was mixed with sample buffer and heated at 85°C 

for 5 minutes.  Electrophoresis was performed using a 4-12% Tris-glycine gel (Novex).  Protein 

was transferred to a nitrocellulose membrane and incubated with p-Akt S473 (CST #9271) or 

pan-Akt (CST #4691) antibody.  p-Akt membranes were stripped and re-probed with pan-Akt.  

Bands were imaged using the Licor Odyssey Infrared Imaging System. 

 

Statistics 

MATLAB software and the Statistics and Machine Learning toolbox was used to perform 

statistical testing.  One-way and two-way ANOVA tests were performed with a Tukey’s post-hoc 

test.  Angular displacement data was evaluated with a V-test that is specific for determining the 

uniformity of directional movement for circular data.  The V-test requires an assumed mean 

direction for movement that in the following tests was set at 90˚. 
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4.3 RESULTS 
 
Role of PI3K in chemotaxis versus durotaxis  
 
Polarization of phosphatidylinositol 3,4,5-trisphosphate (PIP3) is a key event in establishing cell 

polarity during chemotaxis [170].  PIP3 accumulates at the cell membrane proximal to a gradient 

source of chemoattractant and is believed to be important for orienting migrating cells.  PI3K 

converts phosphatidylinositol 4,5-bisphosphate to PIP3.  Therefore, PI3K has been implicated as 

an important effector in directional sensing during chemotaxis [169].  Consequently, we 

hypothesized that PI3K activity is similarly required for durotaxis.  

The presence of phospho-Akt was used to validate the activity of 20 μM LY294002 for the 24-

hour time interval of our durotaxis experiment.  LY294002 is a selective inhibitor of PI3K in an 

ATP-competitive manner [171] that has previously been shown to inhibit U87 chemotaxis [172] 

and phosphorylation of Akt.    Western blots confirmed that PI3K was effectively inhibited for 

the duration of our durotaxis study (Fig. 4.1 A). While PI3K activity appears to return slightly at 

20 hours, levels of phospho-Akt are still considerably less then seen in controls at 0 and 24 hours 

(Fig. 4.1 A).   Additionally, we confirmed previous reports that U87 chemotaxis in response to 

an EGF gradient is inhibited by 20 μM LY294002 [173] (Fig. 4.1 B and C).   

Our durotaxis assay revealed that inhibition of PI3K had no effect on directed migration of cells 

in response to the stiffness gradient.  Consistently, the most robust durotactic response during 

PI3K inhibition occurred on the softest region of the gradient, with decreasing directed 

movement for cells occupying stiffer regions (Fig. 4.2 A and B).  While the straightness index of 

cell migration did not change (Fig. 4.2 D) between groups, cells occupying the soft region 
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exhibited reduced speed of migration (Fig. 4.2 C).  In summary, our results indicate that U87 

chemotaxis, but not durotaxis, is impaired by inhibiting PI3K.  

 

Figure 4.1 PI3K inhibition effect on levels of phospho-Akt for 24 hour interval and U87 
chemotaxis.  U87 cells were cultured in the presence of PI3K inhibitor LY294002 or DMSO 
vehicle control for up to 24 hours to evaluate the duration of LY294002 activity.  A) 
Representative immunoblot of U87 phospho-Akt for up to 24 hours in the presence of LY294002 
(N = 2).  B) LY294002 inhibits U87 chemotaxis in response to a 100 ng/mL EGF gradient.  C) 
Representative fields of view for stained U87 cells that have passed through the transwell 
membrane in response to EGF. Error bars represent ± SEM for 5 biological replicates performed 
in triplicate. Student’s t-test was used to evaluate a significant difference in Chemotaxis index 
(**, p ≤ 0.01). 
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Figure 4.2 PI3K inhibition effect on U87 durotaxis. U87 cells were cultured on a stiffness 
gradient to evaluate durotaxis in the presence of PI3K inhibitor. A) FMI of U87 migration 
parallel and perpendicular to a stiffness gradient following treatment with LY294002.  B) Polar 
histograms indicate angular displacement of cells. C) Speed and D) Straightness index of cells 
occupying soft, medium, and stiff regions of the gradient.  FMI was evaluated with a two-way 
ANOVA and Tukey’s post-hoc test (**, p ≤ 0.01, ***, p ≤ 0.001). A V-test was used to evaluate 
the uniformity of Angular displacement data with an assumed mean direction of 90˚ (***, p ≤ 
0.001).  Speed and Straightness Index were evaluated with a one-way ANOVA and Tukey’s 
post-hoc test (***, p ≤ 0.001). 
 
 
Role of contractility in durotaxis 
 
Our observation that directed migration decreases as the substrate gradient becomes increasingly 

stiff was also observed for cells undergoing collective durotaxis [145]. This result was predicted 

by a durotaxis model presented in the introduction [145]. To summarize, the model suggests 

durotactic migration results from a difference in gradient deformation at opposing soft and stiff 
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ends of a migrating cell or monolayer (Section 1.2, Fig. 1.3 and Fig 4.3 A).  Impaired durotaxis 

on increasingly stiff substrates is the result of the cell no longer being able to exert sufficient 

tension to induce a noticeable difference in displacement between its leading and trailing edges 

(Fig 4.3 C).   Thus, there likely exists a ‘stiffness threshold’ for the cell.  Beyond this threshold, 

the cell cannot exert sufficient traction force to displace the substrate and bias the direction of 

migration.  Therefore, it should be possible to eliminate durotaxis, or to alter where a cell can 

durotax on a stiffness gradient, by manipulating intracellular contractility, and by association, the 

amount it displaces the substrate (Fig 4.3 B).   

To test this idea, we sought to impair actomyosin contractility, which plays an integral role in 

both cell movement and mechanosensing by exerting tension on the substrate [174].  We 

hypothesized that by reducing actomyosin contractility, and thus, decreasing the traction a cell 

can exert on the gradient, the resolvable difference between deformation of the soft and stiff 

portion of the gel would be insufficient to promote directed migration.  Therefore, the magnitude 

of durotaxis seen on the soft substrate would decrease. 
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Figure 4.3 Contractility and substrate stiffness effect on predicted durotactic response.  A) 
Based on the Sunyer model of durotaxis, tension exerted by the cell displaced the substrate to a 
greater degree at the soft trailing edge (dr) of the cell versus the stiff leading edge (df).  
Therefore, displacement of the cell along the stiffness gradient (dcm) is the difference between the 
deformation of the front and the rear of the cell (dr – df).  However, B) assuming contractility is 
impaired, the force exerted by the cell on the stiffness gradient will be insufficient to lead to a 
pronounced deformation of the matrix at the leading or trailing edge.  Alternatively, C) as the 
cell occupies a stiffer portion of the gradient the limited contractile force of the cell again leads 
to a negligible difference between dr and df. 
 
 
To test the hypothesis that reducing actomyosin contractility will alter the magnitude of 

durotaxis typically observed on the soft region of a gradient, U87 cells were treated with 10 μM 

Y-27632.  Y-27632 reduces contractility by inhibiting Rho-associated kinase (ROCK) in an 

ATP-competitive manner [175]. ROCK phosphorylates several effector proteins that induce 

actomyosin contractions including an activating phosphorylation at Ser-19 on myosin light chain 
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and an inactivating phosphorylation at Thr-696 and Thr-853 on myosin light chain phosphatase -

- a major inhibitor of myosin activity [176].  

To confirm that the Y-27632 compound was continuously active for the duration of the 24-hour 

durotaxis experiment, we evaluated cell morphology.  U87 cells undergo a pronounced 

morphological change in the form of dendritic protrusions within 1 hour of adding Y-27632 to 

culture media (Fig. 4.4).  This altered morphology, which serves as a surrogate marker for Y-

27632 activity, is sustained for the 24-hour time interval of the durotaxis assay (Fig. 4.4).  

Furthermore, normal U87 morphology can be recovered following a washout of the ROCK 

inhibitor and replacement with fresh media, suggesting a reversible effect (Fig. 4.4).  
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Figure 4.4 ROCK inhibition effect on U87 morphology.  Cells were treated with ROCK 
inhibitor Y-27632 and then imaged at 1 and 24 hours.  The inhibitor was then washed out (WO) 
and replaced with fresh media to determine if cells would recover their normal morphology.  
U87 cells are observed undergoing a morphological change in the presence of Y-27632 by 
expressing an increased number of dendrite-like protrusions within an hour of treatment.  The 
morphology persists for a 24-hour period before recovering normal morphology following 
replacement with fresh media.  
 

Following inhibition of ROCK in U87 cells cultured on a stiffness gradient, we observed that 

durotaxis persisted (Fig. 4.5 A and B).  As expected, FMI measured perpendicular to the 

gradient indicates random migration (Fig. 4.5 A). Consistent with previous reports that ROCK 

inhibition can elevate cell speed [177], we observed increased migration rate for cells occupying 

the soft region that resulted in speed equivalent to that of cells on the medium and stiff regions 

(Fig. 4.5 C).  This observation sharply contrasts with our previous observation that cell speed 

was considerably slower for untreated cells on the soft region of the gradient.  Straightness of 

cell migration was found to be unchanged for cells occupying all regions of the gradient (Fig. 4.5 

D).  

Ultimately, inhibition of ROCK did not impair durotaxis on the soft portion of the gradient as 

expected.  It is, therefore, likely that other factors than substrate-induced strain alone contribute 

to single cell durotaxis, or perhaps residual tension following ROCK inhibition was still 

sufficient to induce substantial differences in displacement between the cell’s leading and trailing 

edge to maintain a durotactic phenotype. 
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Figure 4.5 ROCK inhibition effect on U87 durotaxis.  A) FMI of U87 migration parallel and 
perpendicular to a stiffness gradient following treatment with Y-27632.  B) Polar histograms 
indicate angular displacement of cells. C) Speed and D) Straightness index of cells occupying 
Soft, Medium, and Stiff regions of the gradient reveal no difference between groups.  FMI was 
evaluated with a two-way ANOVA and Tukey’s post-hoc test (*, p ≤ 0.05, **, p ≤ 0.01). A V-
test was used to evaluate the uniformity of Angular displacement data with an assumed mean 
direction of 90˚ (***, p ≤ 0.001).  Speed and Straightness Index were evaluated with a one-way 
ANOVA and Tukey’s post-hoc test revealing no significant differences between groups. 
 
 

Role of focal adhesion kinase in durotaxis 

FAK is a non-receptor tyrosine kinase that has diverse roles that influence mitogenic signaling, 

cell spreading, focal adhesion stability, and cell migration [178].  Following integrin engagement 

with ECM, FAK localizes to FAs where it undergoes autophosphorylation at Tyr-397.  

Subsequent binding of Src promotes full activation of FAK activity.  However, an intriguing 
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consequence of inhibiting phosphorylation of Tyr-397 is sustained FAs that can significantly 

impair migration. 

Of relevance to our current investigation is the role of FAK in directed migration.   FAK is one 

of only a few proteins to be investigated in relation to its impact on durotaxis [134, 179].  It has 

been found that FAK-null cells do not durotax, and yet rescuing FAK with a construct that 

cannot be phosphorylated at Tyr-397 or wild type FAK enables cells to recover responsiveness to 

changes in gradient stiffness [179].  It should be noted that the durotaxis assay used in that report 

was much different than our own and required manually displacing the polyacrylamide substrate 

near a migrating cell to then evaluate its directional response (e.g., see Fig. 1.2).  Another report 

shows inhibiting phosphorylation of FAK at Tyr-397 can alter the stiffness on which cells exhibit 

a mechanosensing phenotype that seems to be necessary for durotaxis to occur [134].  By 

inhibiting phosphorylation of FAK at Tyr-397 it was found that cells cultured on “stiff” gels, 

roughly equivalent to the modulus for the medium region of our gradient, mechanosensing is lost 

while this phenotype was maintained on soft gels with a modulus equivalent to the soft region of 

our gradient.  Given this latter report, we considered that FAK Try-397 might be responsible for 

regulating a durotaxis phenotype based on the local stiffness of the substrate.  We hypothesized 

that FAK Tyr-397 inhibition would lead to a complete loss of durotactic migration for cells 

within the medium and stiff regions, while the potential existed for cells within the soft region to 

exhibit an enhanced durotactic response consistent with the report of increased mechanosensing 

within this range of stiffness [134].  

To evaluate the role of FAK Tyr-397 in U87 cell durotaxis, we employed PF-228, an inhibitor of 

the FAK autophosphorylation site at Tyr-397.   The concentration of PF-228 used is sufficient to 
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eliminate FAK phosphorylation on Tyr-397 but is considerably less than required to prompt cell 

death [180]. 

As with the application of previous inhibitors, we observed a durotactic response that is most 

prominent on the soft region of the gradient and gradually decreases with increasing stiffness 

(Fig. 4.6 A and B).  FMI values and angular displacement graphs give no indication of reduced 

directed migration on the medium region or elevated durotaxis on the soft region as initially 

hypothesized.  Consequently, it seems like there are redundant mechanisms for mechanosensing 

that are not impaired in U87 cells by inhibiting FAK.  Furthermore, it is important to report that 

the concentration of PF-228 that we employed was less than what was used in the previous 

durotaxis study that characterized durotactic mechanosensing.  Our chosen concentration was 

used specifically because it has been shown to prevent Tyr-397 phosphorylation while not 

exhibiting a toxic effect on cells.  However, the higher concentration used in a previous durotaxis 

study may be necessary to alter the mechanosensing activity to elicit an effect on durotaxis, but 

might also induce cytotoxicity. 

Mention must also be made of the elevated FMI values for cells migrating perpendicular to the 

gradient.  We can only assume that these values would normalize to zero with time assuming 

there is no gradient cue along this axis.  An accurate characterization of random cell migration 

along any axis often requires observing the process for an extended period or evaluating a 

sufficiently large population of cells.  Based on extensive experimentation using our durotaxis 

model system, we suspect this elevated FMI for perpendicular migration is more of an aberration 

rather than a true representation of how the population of cells is responding.  It seems likely that 

with a slightly larger sample size, these values will normalize to zero.  
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Figure 4.6 FAK inhibition effect on durotaxis.  The FAK autophosphorylation site at Tyr-397 
was inhibited to determine the effect on U87 durotaxis in different regions of the gradient.  
Durotaxis continued to be prominent in the soft region of the gradient as confirmed by A) FMI 
and B) angular displacement measurements.  FMI was evaluated with a two-way ANOVA and 
Tukey’s post-hoc test and no groups were found to be significantly different. A V-test was used 
to evaluate the uniformity of Angular displacement data with an assumed mean direction of 90˚ 
(*, p ≤ 0.05, **, p ≤ 0.01).  Speed and Straightness Index were evaluated with a one-way 
ANOVA and Tukey’s post-hoc test (**, p ≤ 0.01, ***, p ≤ 0.001). 
 

4.4 DISCUSSION 
 
We tested whether the durotactic response exhibited within the soft region of our gradient 

condition could be eliminated or shifted to a different region by inhibiting various proteins 

suspected to be important in mechanosensing and directed migration.  Three protein candidates 

were inhibited in our exploratory screen – Rho-associated kinase, focal adhesion kinase and 

phosphoinositide 3-kinase. 

We found that durotaxis was not impaired by any of the inhibitors we tested.  Interestingly, we 

did determine that a known key regulator of directed migration for chemotaxis in not necessary 

for durotaxis. 

This information highlights a major difference between mechanisms responsible for chemotaxis 

and durotaxis and suggests that alternative signaling may be employed to polarize a cell 
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responding to a stiffness gradient. The question arises: which biochemical elements may help to 

initiate a polarized response during durotaxis?  Perhaps mechanosensitive proteins localize to 

FAs at the leading or trailing edge to aid in directional sensing.  Unfortunately, identifying FA 

proteins involved may be challenging with the current durotaxis assay because approximately 

230 proteins are suggested to localize to adhesions under various conditions [181]. 

The possibility exists that specific polarizing entities are not required at all for durotaxis despite 

the fact that polarization of specific lipids and proteins is a ubiquitous process in chemotaxis.  In 

fact, potentially all that may be required is a mechanical connection between the extracellular 

substrate and the intracellular cytoskeleton to orient the cell.  The gradient itself may impose 

polarity by differentially regulating the strength of adhesions associated with the soft vs the stiff 

face of the cell.  The strength of adhesions associated with the stiffer side of the ventral cell 

surface may bias the side that constitutes the cell’s leading edge.  In contrast, trailing-edge 

adhesions would be more susceptible to detachment when associated with the softer portion of a 

gradient.  These ideas are explored in greater depth in the following chapter. 

A few points should be made regarding intriguing observations from the PI3K and ROCK 

inhibition experiments that require further investigation.  The initial experimental design was 

meant to determine if we could eliminate durotaxis or influence where on the gradient durotaxis 

might occur.  To answer this question, we used as an internal control the FMI for migration 

perpendicular to the gradient.  This control was then compared to the experimental condition 

where we evaluated FMI for migration parallel to the gradient.  However, this approach prevents 

us from directly comparing our result to a control condition where no inhibitor is present.  Yet, 
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the PI3K and ROCK experiments yielded some unexpected results that may suggest that we 

might wish to repeat these experiments with an added vehicle-treated control group.   

Inhibition of PI3K resulted in an FMI nearly 2-fold larger than typically observed for untreated 

cells.  This suggests that PI3K activity may have some role in dampening directional sensing 

associated with durotaxis.  It seems intuitive that factors that promote durotaxis would not be 

constitutively active.  Rather, they may be regulated by altering the expression or activity of 

factors such as PI3K to turn on durotaxis when required by the cell.  If suppression of PI3K does 

drive durotaxis, this would also hint at potential antagonistic mechanisms of action between 

signaling involved in chemotaxis versus durotaxis. 

Furthermore, ROCK inhibition seems to have slightly elevated durotaxis in the medium and stiff 

regions of the gradient compared to numerous other experiments using untreated U87 cells.  This 

result stands out as particularly unique, given that the proposed durotaxis model seems to predict 

that inhibiting contractility should hinder a durotactic response on stiffer substrates.  One 

possible explanation for increased durotaxis on stiffer substrates can be inferred from an earlier 

study that shows that “tugging” FAs associated with mechanosensing and durotaxis increase 

when fibroblasts are cultured on stiffer substrates in the presence of Y-27632 [134].  However, 

no follow-up experiment was performed in this study to directly determine the influence of Y-

27632 on durotaxis.  Clearly these two results require further investigation to determine if ROCK 

or PI3K influence durotaxis in a manner not initially expected.       
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CHAPTER 5 
 

REGULATION OF THE MODE OF CELL MIGRATION BY SUBSTRATE STIFFNESS 
 
 
5.1 INTRODUCTION 
 
Our previous findings established that durotaxis can be influenced by a cell’s initial position on a 

stiffness gradient.  Therefore, we evaluated whether substrate stiffness can alter how cells 

migrate with the intention of identifying a phenotype that may help or hinder a cell’s ability to 

durotax efficiently.  Specifically, we focused on protrusion and retraction dynamics given their 

ubiquitous role in migration from slime molds to human fibroblasts [100].  We hoped that 

observing these dynamic processes for cells cultured on soft, stiff, and gradient substrates might 

provide clues to suggest differences in cell migration that distinguish durotactic cells from 

randomly migrating cells.   

 

5.2 MATERIALS AND METHODS 

Cell culture   

U87-MG cells (ATCC) were cultured in Dulbecco’s Modified Eagle Medium (DMEM) with 

10% Fetal Bovine Serum, 200 U/mL penicillin/streptomycin and 200 μg/mL L-glutamine at 

37oC with 10% CO2.   
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Live imaging 

Images were acquired using a Zeiss Axiovert 200M microscope using a 30X Plan-ApoChromat 

oil-immersion objective (NA, 1.05) with a LMM5 lasermerge module (Spectral Applied 

Research, Ontario, Canada) and a 488 (100mW) diode laser. A Hamamatsu 512 backthinned EM 

CCD camera was used to capture images.  All images were processed with MetaMorph imaging 

software (Molecular Devices, Downington, PA).  An environmental imaging chamber was used 

to maintain a constant temperature of 37˚C, 5% CO2, and 50% humidity. 

 

Image analysis  

CellGeo, a MATLAB toolbox, was used to measure protrusion and retraction area for migrating 

cells.  Initially, a MovThresh application is used to threshold fluorescent images and convert 

them into a binary masked image that clearly defines the cell perimeter for each timepoint.  A 

ProActive application is then used to generated statistics regarding protrusion and retraction 

dynamics from the masked images. 

 

Statistics 

One-way ANOVA with a Tukey’s post-hoc test was performed using MATLAB software and 

the Statistics and Machine Learning toolbox. 

 
 
5.3 RESULTS 
 
To test our hypothesis that protrusion and retraction dynamics would change in response to 

extracellular stiffness, cells were transfected with a fluorescent plasma membrane marker, 
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myristoylated-GFP, and cultured on uniform soft (3.5 kPa) and stiff substrates (35 kPa).  Cells 

were then imaged for 60-90 minutes at 1 minute intervals to observe protrusion and retraction 

dynamics during migration.  To better characterize protrusion and retraction dynamics, we 

employed CellGeo software to quantify these cellular changes [182].  CellGeo creates binary 

images of time-lapse movies by thresholding fluorescently labeled cells.  The binary images are 

concatenated into movies that allow for qualitative assessment of protrusion and retraction events 

over time (Fig. 5.1 B and D). The magnitude of protrusions and retractions are clearly visualized 

in the binarized movies of migrating cells where protrusion activity is colored white and 

retraction activity is colored black (Fig. 5.1 B and D).  Additionally, the software calculates the 

area of protrusions and retractions normalized to total cell area.  These measurements permit 

quantitative description of membrane dynamics.   

The phenotype of cells cultured on soft substrates exhibited pronounced protrusion and retraction 

events.  Additionally, cells were observed to frequently repolarize following prominent tail 

retractions.  This often led to a change in the cell’s angular trajectories (Fig. 5.1 A).  Conversely, 

cells on stiff substrates appeared more spread and exhibited less prominent protrusion and 

retraction events (Fig. 5.1 C).  Together, these data suggest significantly different modes of 

migration in response to substrate stiffness. 

 
 
 
 
 
 
 
 
 

B 
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Figure 5.1. Protrusion and retraction dynamics for cells migrating on soft versus stiff 
substrates.  U87 cells transfected with a fluorescent cytoplasmic membrane tag were cultured on 
uniform soft or stiff gels.  Protrusion and retraction dynamics of migrating cells were analyzed 
using CellGeo software which calculates the area of protrusion and retraction events.  The 
montaged images are taken from representative time-lapse images of U87 cells cultured on A) 
uniform soft and C) uniform stiff substrates.  The binary images (B and D) are acquired 
following thresholding of fluorescence images and illustrate protrusion and retraction dynamics 

C 

D 
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corresponding to the same time points as images in A) and B).  White regions denote protrusion 
events while black regions denote retractions.   
 

While the difference in migration phenotype was visually striking, we quantified changes in 

protrusion and retraction area to more rigorously determine differences between cells on soft and 

stiff substrates.  Plotting the area of protrusions and retractions over time revealed there were 

large fluctuations in the magnitude of these events for cells migrating on soft compared to stiff 

substrates. Representative plots of protrusions and retractions over 90-minute imaging intervals 

reveal migration on soft substrates is punctuated by prominent, periodic increases in total area, 

which appeared to be less on stiff substrates (Fig. 5.2 A and B).    

Frequency histograms for all protrusion or retraction events were created to confirm that large 

events occurred more regularly for cells cultured on soft substrates.  The skew to larger pixel 

areas in the frequency distributions for cells on soft substrates reveals an increased frequency of 

prominent events for these cells (Fig. 5.2 C and D).  
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Figure 5.2. Areas of protrusion and retraction events for cells migrating on soft versus stiff 
substrates.  Area of protrusions and retractions were quantified for each cell and normalized by 
total cell area.  Panels A) and B) illustrate protrusion and retraction events over time for 
representative cells migrating on soft or stiff substrates. The area of each protrusion and 
retraction event for all cells analyzed have been binned in the histograms to compare the 
frequency of large C) protrusion and D) retraction events for cells occupying soft and stiff 
substrates.  A total of 15 and 14 cells were evaluated on soft and stiff gels, respectively. 
 

We then examined cells migrating on a gradient substrate to determine if the migratory dynamics 

were similar to cells cultured on soft or stiff substrates.  Cells exhibited a strikingly similar 

migratory phenotype as cells on soft substrates with both conditions eliciting pronounced 
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protrusions and retractions, and frequent repolarization events.  To compare the magnitude of 

protrusions and retractions of cells migrating on a gradient or uniform substrate we averaged the 

maximum protrusion and retraction events for each condition.  Surprisingly, cells on a gradient 

exhibited protrusions and retractions that were significantly larger than cells on either uniform 

soft or stiff substrates.  These results suggest that cells migrating on a gradient gel exhibit 

prominent protrusions and retractions, and these unique characteristics may reflect a specific 

mode of migration employed during durotaxis.  

 

 

Figure 5.3 Maximum protrusion and retraction events for cells migrating on a gradient or 
uniform substrate.  The largest protrusion and retraction event for each cell was isolated.  These 
maximum values were averaged within groups and compared.  A) Cells migrating on a gradient 
condition exhibited significantly larger protrusions than cells on uniform substrates.  C) 
Retraction events for cells on gradients were only found to be significantly larger than cells on 
stiff uniform gels. Error bars represent ± SEM for n = 15, 14 and 8 cells analyzed on soft, stiff 
and gradient substrates respectively.  A one-way ANOVA with Tukey’s post-hoc test was 
performed (*, p ≤ 0.05, **, p ≤ 0.01).  
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5.4 DISCUSSION 
 
To evaluate whether protrusion and retraction dynamics are altered in response to extracellular 

stiffness, we performed high-resolution imaging of cells migrating on uniform soft or stiff versus 

gradient substrates.  We found that cells on soft substrates exhibited large protrusions and 

retractions that coincided with frequent repolarization events and changes in trajectory roughly 

perpendicular to their previous direction of migration. We then evaluated membrane dynamics 

for cells cultured on a gradient substrate condition.  We found the migratory characteristics of 

these cells were similar to those on uniform soft gels, but both protrusion and retraction 

dynamics were surprisingly elevated.   

Based on our observations we have formulated a model of durotactic migration that considers the 

migratory phenotype of cells on a gradient condition and the well-understood dynamics of focal 

adhesion size and stability that are influenced by substrate stiffness [77, 183-185].   

 
Cells cultured on gradient substrates undergo a mode of migration reminiscent of 

“discontinuous” migration previously reported by Shafqat-Abbasi et al. (2016), though not on a 

gradient substrate.   This laboratory described discontinuous migration as a cyclical process of 

tail retraction followed by lateral protrusions and cell repolarization (Fig. 5.4 A).  In this mode of 

migration, repolarization often leads to a change in cell trajectory oriented at roughly 90 degrees 

to the previous direction of migration [186].  In Figure 5.4 B, a binary set of images of a U87 

cell migrating on a soft substrate highlights the cyclical retraction, lateral protrusion, and 

repolarization dynamics described to be characteristic of the discontinuous model of migration.  

We can extrapolate from our findings how a “discontinuously” migrating cell on a gradient 

substrate is prone to durotaxis as follows.  
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Figure 5.4. Discontinuous mode of migration for cells on soft and gradient substrates.  A)  
A model of discontinuous migration where a cell undergoes a cyclical pattern of movement 
consisting of an initial tail retraction followed by lateral protrusions and repolarization [186]. B) 
A montage showing a U87 cell undergoing a discontinuous mode of migration.  White regions 
depict area of protrusion. Black regions depict area of retraction and arrows signify direction of 
prominent protrusive activity.  
 
In our hypothetical model for durotactic migration, we speculate that a cell migrating in a 

discontinuous manner on a stiffness gradient will undergo repolarization events roughly 

perpendicular to its previous trajectory.  Each repolarization requires the emergence of a new 

leading and trailing edge.  In our model, the stiffness gradient will bias a side of the repolarizing 

cell that will ultimately become the leading and trailing edge.   
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Figure 5.5 illustrates that lateral protrusions (Step 2) that occur following a tail retraction (Step 

1) will encounter a local environment that varies in stiffness.  Based on our current 

understanding of FA maturation, we know that FAs are larger and more stable on stiffer 

substrates [77, 183-185].  Therefore, we might assume that FAs that form on the lateral 

protrusion associated with the stiff side of the gradient will mature more quickly than FAs that 

form on the lateral protrusion associated with the soft side of the gradient (Step 3) [77].  

Therefore, the lateral protrusion that encounters the stiff local environment will form larger and 

more stable adhesions on the stiffer face of the gradient substrate.  This well-anchored ‘leading 

edge’ will break the symmetry of the repolarizing cell.  Subsequently, the smaller, less adherent 

FAs associated with the new trailing edge on the softer substrate will be more susceptible to tail 

retraction (Step 4).  As this process repeats itself in a cyclical fashion, the cell will iteratively 

progress toward stiffer and stiffer regions of the gradient. 

 

 
Figure 5.5.  Model of discontinuous migration promoting durotaxis. The cell undergoes an 
initial tail retraction (Step 1) followed by lateral protrusions (Step 2).  The gradient substrate 
biases larger, more adherent focal adhesions on the lateral protrusion associated with the stiff 
side of the substrate (Step 3).  The cell becomes repolarized along the axis of the stiffness 
gradient and the tail associated with the soft substrate is retracted (Step 4).  Modified from 
Shafqat-Abbasi et al. 2016. 
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CHAPTER 6 
 

DISCUSSION, FUTURE DIRECTIONS, AND ADDITIONAL QUESTIONS 
 

This thesis has examined whether cancer cells can undergo durotactic migration.  The rationale 

for our investigation stems from the growing body of literature demonstrating that stiffening of 

the TME contributes to tumor malignancy.  We hypothesize that durotaxis is a likely mechanism 

employed by cancer cells confronting a stiffened local microenvironment.  We utilized a well-

established point particle tracking algorithm to develop user-friendly software for automated 

tracking of cells and analysis of their migratory phenotype.  With this useful tool in hand, we 

collected large samples of quantitative migration data to resolve what we suspected might be a 

subtle phenotype.  We manufactured a highly reproducible stiffness gradient that mirrors the 

stiffness encountered by cells across multiple tissue environments to then evaluate cancer cell 

durotaxis.  We find that four commonly used cancer cell lines all exhibited a durotactic response 

to our stiffness gradient.  Interestingly, the durotactic response of greatest magnitude was largely 

confined to the softer region of the gradient gel for all cancer cell lines tested.   

We show that PI3K, which plays a vital role in promoting chemotaxis, is not required for 

durotaxis.  Additionally, we found that impairing actin-myosin contractility using a ROCK 

inhibitor does not affect our durotaxis phenotype, in contrast to what was predicted by a recently 

published durotaxis model for collective cell migration [145]. 

Lastly, we speculate that a unique mode of discontinuous migration is employed during 

durotaxis.  This mode of migration implicates prominent protrusion and retraction dynamics that 

result in frequent changes in cell direction.  We present a model whereby a stiffness gradient can 

bias the trajectory of a cell undergoing discontinuous migration.  As a cell repolarizes during this 
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process, stable adhesions on the side of the cell facing the stiffer end of the gradient promote 

leading edge maturation oriented up the stiffness gradient.    

 

6.1 FUTURE DIRECTIONS 

Discontinuous migration appears to be a unique mode of migration adopted by cells occupying a 

gradient substrate.  I have developed a model suggesting mechanisms by which this mode of 

migration is conducive to durotaxis.  However, experimentally validating a couple of the 

underlying assumptions would help to substantiate this new model.   

A discontinuously moving cell undergoes frequent repolarization.  The assumption here is that as 

a cell repolarizes, the gradient condition biases a lateral protrusion located closest to the stiff side 

of the gradient to become the leading edge.  This assumption could be validated by imaging cells 

on a gradient condition at a resolution sufficient to record leading and trailing edge dynamics 

while maintaining a large enough “field of view” to measure a cell’s dynamics compared to its 

directional response for a prolonged period of time (≈ 8 hr).   

A second assumption of the model postulates that a cell’s FAs will vary in size and stability 

based on their association with the stiff or soft side of the gradient. Stably expressing 

fluorescently tagged paxillin or vinculin should allow for quantification of the area and lifetime 

of FAs.  Thus, we could validate a conclusion already demonstrated for FAs associated with cells 

on uniform soft and stiff substrates under the condition in which a cell is encountering a gradient 

condition.  Furthermore, a direct correlation between durotaxis and discontinuous migration 

could be established by simultaneously impairing the prominent lamellipodial protrusions 

characteristic of discontinuously migrating cells while simultaneously impairing durotaxis.  
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Proteins that influence actin nucleation and lamellipodial growth include Arp2/3 and formins.  

Employing inhibitors that specifically disrupt the function of these proteins should alter the 

lamellipodial dynamics observed for a discontinuously migrating cell, and subsequently alter the 

durotactic phenotype. 

However, as our assays reported in Chapter 4 suggest, seemingly logical inhibition experiments 

with the intention of impairing durotaxis will not necessarily succeed; they do, however, clarify 

unique aspects of single-cell durotactic migration compared to chemotaxis or collective 

migration.  Ultimately, however, successfully impairing durotaxis with a specific protein or 

signaling inhibitor will provide insight into what is required for this phenotype, and thereby 

provide a foothold for initially identifying and then dissecting and reconstructing pathways that 

are involved in durotaxis.  Given our lack of mechanistic understanding concerning what drives 

durotaxis, a brute force approach may be necessary to identify the proteins involved.  Additional 

proteins worth experimental examination will include FA proteins implicated in 

mechanosensing. Candidate proteins for knockdown analysis in this category would include 

p130Cas, talin, vinculin, paxillin and zyxin, among others.  

 A more comprehensive screen for specific proteins required for durotaxis will necessitate a high 

throughput assay.  One durotactic platform that could provide such an assay was published by 

Choi et al. (2012).  Their substrate condition consists of discrete soft/stiff regions set at 100 μm 

intervals.  Durotactic cells exposed to this substrate, such as cardiomyocytes, selectively 

populate the stiff regions within a couple of days.  Manufacturing a 96-well cell culture dish 

containing a similar substrate condition would allow for a large scale siRNA or inhibitor screen.  

The analysis would be binary -- the cells would lose their ability to occupy the stiff regions in 
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response to a given treatment targeting a specific candidate protein, or would not. Candidate 

proteins identified by this high-throughput screen could then be analyzed in more detail in 

additional functional assays. 

 

6.2 ADDITIONAL QUESTIONS 

While our research has provided some interesting insight into cancer cell durotaxis, many 

unanswered questions remain.  It has been suggested that durotaxis is employed in contexts such 

as development, wound healing, and metastasis.  However, we have little knowledge about the 

specific in vivo gradient conditions or signaling that can activate a durotactic phenotype.  Modes 

of directed migration such as chemotaxis and haptotaxis have been well documented in 

influencing physiological and pathological processes.  Yet, are there circumstances in which 

durotaxis may play a more prominent role in directing cells to their destination?  The responses 

of primary non-malignant cells, as well as cancer cells, to various gradient conditions that are 

both chemical and physical should be explored in greater depth and compared.  Furthermore, 

how is the potential multitude of directional cues impinging upon a cell integrated to govern cell 

migration?  That is, physiological systems are exposed to a wide variety of different growth 

factor and cytokine conditions, not just physical conditions.  Consequently, future efforts should 

explore how the contributions of specific chemical conditions, whether uniform concentrations 

or chemotactic gradients, affect the magnitude of durotactic responses.  Although the 

physiological importance of durotaxis itself remains to be established definitively, it seems likely 

that if cells undergo reproducible responses to environmental gradients of stiffness in vitro, a 

similar physiological response would be expected to comparable environmental stimuli in vivo.  
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Furthermore, if there is a physiological role for durotactic migration, then cancer cells are likely 

to exploit it for their benefit considering the known alterations in stiffness in the tumor 

microenvironment. 

 

6.3 DUROTAXIS IN CANCER 

The stiffened extracellular stroma of a tumor can offer a durotactic escape route from the 

potentially threatening hypoxic, necrotic environment of a primary lesion.  Inhospitable 

conditions may trigger innate mechanosensing machinery to be able to respond by effective 

directional migration.  A parallel analogous phenomenon might be the activation of epithelial-to-

mesenchymal transition in response to TME conditions that favor extravasation and metastasis 

[187].  Under well-controlled physiological circumstances, this innate program may be held in 

check to promote the integrated, cooperative activity of cells working together for the mutual 

benefit of the tissue and the host.  However, cancer cells are rogue cells that no longer contribute 

cooperatively to a homeostatic physiological state.  Migrating into regions of elevated stiffness is 

known to promote the proliferative capacity of cells and perpetuate tumor growth.  Numerous 

accounts from the literature have established that both cancer and non-transformed cells rapidly 

proliferate in environments of elevated stiffness [79, 83, 188, 189].     

Nevertheless, a question remains about what types of durotactic gradients cancer cells actually 

encounter in vivo, and where are they located.  Very little information has been published 

defining the material properties of the TME at the necessary level of spatial resolution 

concerning micro-environmental stiffness gradients.  To establish firmly the relevance of 

durotaxis to cancer cell migration will require a close examination of whether, and which types 



114 
 

of, stiffness gradients exist within the tumor.  Given the frequently observed stiffening of the 

TME in general, we can presume that gradients are present.  Nevertheless, AFM measurements 

of primary tumors, premetastatic niches, and metastatic lesions should provide further insights 

into the nature and range of gradient conditions to which cancer cells may be exposed.     

The tumor-stroma boundary may represent a “step” gradient where cells encounter a rapid 

change in extracellular stiffness that prompts movement away from neighboring cancer cells.  An 

intriguing report of breast tumor mastectomies measured with AFM reveal the cancerous mass 

itself is more compliant than the invasive front of these tumors [38].  Furthermore, a sharp “step” 

gradient such as the tumor-stroma boundary may propagate an effective stiffness gradient that 

can be encountered over longer distances.  It has been shown that cells cultured on soft 

polyacrylamide gels are responsive to the stiff underlying glass if the gel is made sufficiently 

thin [190, 191].  This reveals the concept that as cells exert tension on their surrounding 

environment, the increased stiffness of the stromal boundary may be felt at a distance, which 

could promote a durotactic response [192]. 

A great deal of circumstantial evidence also exists for the potential creation of local gradients by 

stromal cell remodeling of the ECM environment of tumors [22, 54]. Fibroblasts strain collagen 

and fibronectin fibers, thereby transmitting tension to the ECM.  As this tension becomes 

dissipated further from the contractile source, a potential gradient of stiffness can be generated 

[55].  Cancer cells may well escape a primary tumor along these avenues of strained ECM.  

While cells have been observed aligning and migrating along strained ECM, cell-induced strain 

can also align the matrix, making differentiation between migration induced by stiffness or ECM 

topography difficult [96].  Considering all of these findings, it seems likely that a combination of 
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multiple environmental factors ultimately dictates the direction a cell moves, just as for any other 

form of directed migration. 

 

Response of stromal cells to stiffness gradients 

Lastly, it is worth noting that the presence of a stiffness gradient is likely to influence stromal 

cells in the TME, analogous to its effects on cancer cells.  Cells swarm to damaged tissues that 

become increasingly stiff. Vascular smooth muscle cells populate vessel walls that undergo 

mechanical changes during atherosclerosis [193, 194].  Glial cells are observed to respond to 

mechanical cues from damaged tissue or electrode implants [195, 196].   Fibroblasts populate 

desmoplastic wounds [8].  Endothelial junctions are altered as extracellular stiffness increases 

permeability of vessel walls, enhancing immune cell transmigration [197, 198].  Similarly, the 

stiffened TME might promote stromal cell infiltration by the synergistic influence of durotactic 

and chemotactic cues.  Consequently, further research on the effects of stiffness gradients within 

the TME on stromal cells will be another fruitful area of research. 

Much remains to be learned regarding cell durotaxis during physiological and pathological 

events.  The role of durotaxis in cancer may be particularly relevant, but our exploration of this 

process is only in its beginning stages.  Based on this current work, it is clear that cancer cells 

can undergo durotaxis, and there appears to be an optimal range of stiffness to which cancer cells 

will respond.  With the now optimized procedures and analytical tools to evaluate durotaxis, we 

can build on the insights presented here to gain a better understanding of signaling and migratory 

characteristics required for durotaxis.  Since stiffness is known to change in the TME, further in-

depth analyses of in vivo stiffness gradients and additional mechanistic studies of tumor cell 
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durotaxis should provide promising new information.  While the field of durotaxis is quite 

nascent, it offers seemingly endless opportunities to explore and learn about new regulators of 

cellular physiology – we can only hope that our efforts can provide beneficial insights into tumor 

biology as well.  There remains much more work to do in this promising new research area. 
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