
ABSTRACT 

 

AHMED, SHOEB. Applications of Quantitative Live-cell Microscopy to Study Intracellular 

Signaling Dynamics. (Under the direction of Jason M. Haugh.) 

 

Signal transduction networks, comprised of interacting signaling  pathways, control 

diverse cellular processes, and their chronic activation contributes to the progression of 

various diseases, such as cancer, diabetes, and immune disorders. In turn, signaling pathways 

are controlled by external cues (stimuli) present in the cell’s microenvironment. Signaling 

networks have been widely studied because of their importance in physiological processes. 

Quantitative imaging of live cells is providing unprecedented insights into signal 

transduction mechanisms for widely studied cellular responses like cell adhesion and 

migration. It has long been appreciated that spatiotemporal dynamics of cell migration are 

under the control of intracellular signaling pathways, yet the mechanisms by which signaling 

processes affect those behaviors remain unclear. We have developed analytical methods for 

relating parallel live-cell microscopy measurements of cell migration dynamics to the 

intracellular signaling processes that govern them. In one example of this approach, we used 

total internal reflection fluorescence (TIRF) microscopy to visualize spatiotemporal hot spots 

of signaling through the phosphoinositide 3-kinase (PI3K) pathway, which were found to 

coincide with localized cell protrusion and endure with characteristic lifetimes that 

correspond to those of cell migration persistence. Moreover, distant hot spots are found to be 

dynamically and stochastically coupled, and a PI3K-dependent mechanism was elucidated by 

which fibroblasts reorient the directionality of migration. In conjunction with our quantitative 

imaging approach, we have also utilized poly(vinylmethylsiloxane) networks, which are 

novel TIRF-compatible, chemically and mechanically tunable substrata for live-cell adhesion 



and migration studies. Studies on these substrates indicated that the synergy sequence of 

fibronectin (PHSRN) in addition to the RGD tri-peptide motif promotes more productive cell 

migration without markedly enhancing cell adhesion strength, compared to RGD alone. 

In a different application of live-cell microscopy and image analysis, we investigated 

signaling through the extracellular signal-regulated kinase (ERK) pathway at the single-cell 

level, with the goal of parsing two prominent aspects of the signal transduction mechanism: 

the kinetics of pathway activation, which is known to be subject to negative feedback 

regulation, and compartmentalization of signaling components. ERK catalytic activity and 

nuclear translocation were measured simultaneously in live cells using a FRET-based ERK 

activity reporter (EKAR) probe and a mCherry-ERK2 fusion construct, respectively. We 

found that PDGF-stimulated ERK activation kinetics in nucleus and cytosol are distinct and 

strikingly different from those of ERK nuclear localization, observations that we reconciled 

using a newly developed mathematical model. Our analysis reveals a new conceptual model 

in which ERK interactions with nuclear substrates have a dramatic buffering effect, which 

shapes the apparent adaptation of the pathway. 

These examples highlight the application of live-cell fluorescence microscopy as a 

versatile approach for studying spatiotemporal dynamics, stochasticity, and cell-to-cell 

heterogeneity of intracellular processes. 
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CHAPTER 1 

 

QUANTITATIVE ANALYSIS OF SIGNAL TRANSDUCTION 

PATHWAYS CONTROLLING CELL RESPONSES 
 

Mammalian cells interpret chemical signals, such as growth factors, hormones and 

extracellular matrix (ECM) proteins, present in the surrounding microenvironment.  Thus 

they receive instructions to respond to external cues. Transmembrane proteins called receptor 

tyrosine kinases (RTKs) bind specific growth factor ligands, such as platelet-derived growth 

factor (PDGF), fibroblast growth factor (FGF), and epidermal growth factor (EGF), and these 

together initiate signaling pathways that regulate cell adhesion, migration, and differentiation 

in a broad spectrum of cell types. These signal transduction pathways generally involve 

protein translocation and covalent modifications of signaling molecules. Inappropriate 

activation of these pathways is a common occurrence in pathological and developmental 

diseases, including human cancers. Cell migration is critical in normal biological processes 

as well as in disease. Application of fluorescence microscopy to monitor intracellular 

signaling events in live cells as they respond to external cues will enhance our understanding 

of  the underlying mechanisms at the molecular level. This in turn will help identify  targets 

for therapeutic interventions. This chapter reviews current understanding of important 

signaling pathways, relevant cellular responses and quantitative analysis of the pathways. 
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1.1. CELL ADHESION AND MIGRATION 

1.1.1. Cell  Migration 

Cell movement is one of the key processes in the development and maintenance of 

living organisms and is directly involved in wound healing, metastasis, embryogenesis, and 

other physiological processes. It is a multistep, cyclical process (Figure 1.1A). The process is 

initiated through protrusion of the leading edge of the cell, which is stabilized by formation 

of adhesion complexes. Adhesions, together with the actin cytoskeleton (see below), generate 

the traction required for cell movement. Subsequently, adhesions release at the cell rear, 

allowing the cell to advance on the substrate (Kay et al., 2008; Lauffenburger and Horwitz, 

1996; Lee et al., 1994; Ridley, 2001). To migrate, cells must acquire a spatial asymmetry that 

allows transmission of intracellularly generated forces to yield productive cell body 

translocation. This asymmetry is manifested as a polarized morphology, which determines 

the degree to which the cell moves in a directed, persistent fashion. Cell migration is 

generally classified as random or directed (Figure 1.1B); in directed migration, cells move 

rapidly and are biased by an asymmetric microenvironment, whereas random migration 

allows cells to explore spatially uniform environments (Pankov et al., 2005; Petrie et al., 

2009). There are several factors that can bias cell directionally, including soluble factors, 

adhesive and mechanical properties of the substrate and surface topology. Based on the 

mechanism of stimulation, directed cell migration is further classified into a few major types. 

Migration biased by a gradient of soluble chemical concentration is known as chemotaxis 

(Janetopoulos and Firtel, 2008; Kolsch et al., 2008; Melvin et al., 2011). Migration biased by 

a gradient of adhesive ligand density is known as haptotaxis (Liu et al., 2007; Rhoads and 



 

3 

Guan, 2007; Smith et al., 2006). It has also been shown that cell can migrate directionally in 

response to a gradient of mechanical stiffness of substrate, which has been dubbed durotaxis 

(Autenrieth and Bastmeyer, 2010; Discher et al., 2005; Hong et al., 2007; Lo et al., 2000). 

 

 

Figure 1.1: (A) Steps in cell migration cycle. (B) Types of cell migration. 

 

Interestingly, all types of migration processes are characterized by a cycle of similar 

steps and are more or less equally dependent on specific intracellular signaling and 

cytoskeletal proteins. There are two major branches of signaling that are relevant to cell 

migration: integrin-mediated signaling and chemoattractant receptor-mediated signaling 
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(Figure 1.2). Mesenchymal cells, such as fibroblasts respond chemotactically to growth 

factors like PDGF in diverse biological processes, including wound healing and metastasis. 

The convergence of these two branches of signaling results in diverse cell responses, 

including cell survival, migration, and proliferation (Assoian and Schwartz, 2001; Ross, 

2004). Integrins mediate cell attachment to ECM and activation of several signaling 

pathways, many of which are common to growth factor receptor signaling mechanisms, such 

as localization and activation of phosphoinositide-3 kinase (PI3K) (Alam et al., 2007; 

Eliceiri, 2001; Plopper, 1995). 

 

 

Figure 1.2: Schematic of cell migration signaling involving integrins and PDGF receptors 
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The actin cytoskeleton plays a major role in cell adhesion and migration processes. At 

the cell front, actin assembly drives the extension of flat membrane protrusions called 

lamellipodia and fingerlike protrusions called filopodia (Le Clainche, 2008; Welch and 

Mullins, 2002). Actin filaments polymerize at the leading edge and depolymerize at the rear 

end of the filaments in a process known as “treadmilling”. This unidirectional growth of 

filaments generates force for membrane deformation and eventually leads to cell protrusion. 

Apart from actin, cell protrusion and migration processes are regulated by various other 

cytoskelatal proteins. Profilin is an abundant protein that binds monomeric actin and 

enhances actin polymerization (Delon and Brown, 2007; Le Clainche, 2008). Capping 

proteins regulate lamellipodium protrusion by halting actin polymerization, and migrating 

cells nucleate actin filaments continuously to balance this effect (Mattila and Lappalainen, 

2008; Vicente-Manzanares et al., 2005). In the lamellipodium of migrating cells, Actin-

related protein (Arp2/3) complex functions as a nucleating factor and is activated by the 

signaling proteins Wiskott–Aldrich syndrome protein (WASP) and WASP Verprolin-

homologous protein (WAVE) (Raftopoulou and Hall, 2004; Weaver et al., 2003), however, a 

recent study has shown that Arp2/3 is required for haptotaxis but is dispensable for 

chemotaxis (Wu et al., 2012). Myosin, a large family of motor proteins responsible for actin-

based motility is also an important component of cytoskeleton, Myosin II is crucial in 

developing tension between adhesion at the rear and the retraction machinery; that leads to 

tail retraction and ultimately cell migration (Vicente-Manzanares et al., 2005). Microtubules 

constitute another important component of the cytoskeleton. In fibroblasts and endothelial 

cells, most microtubules are oriented towards the leading edge, thus helping to establish 
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polarity during migration (Onishi et al., 2007). As the formation of protrusion through the 

above mentioned proteins is directly regulated by Rho family GTPases, this is further 

discussed in connection with Rho family GTPases in section 1.4.2. 

 

1.1.2. Integrins and Integrin Signaling 

The integrins are a superfamily of cell adhesion receptors that physically link the 

extracellular environment with the intracellular cytoskeletal by recognizing mainly ECM 

ligands, cell-surface ligands and some soluble ligands (Delon and Brown, 2007; Luo et al., 

2007; Takada et al., 2007). Integrins consist of two non-covalently associated transmembrane 

subunits, termed α and β. Thus far, 18 α and 8 β subunits are known to form 24 distinct αβ 

heterodimers (Luo et al., 2007; Scales and Parsons, 2011; van der Flier and Sonnenberg, 

2001). The combination of α and β subunits determines the ligand specificity of the integrin 

(Hersel et al., 2003). Some integrins, however, can recognize multiple ligands and vice versa. 

For example, the αvβ3 integrin binds to vitronectin, fibronectin, osteopontin, tenascin, bone 

sialoprotein and thrombospondin, and some ECM molecules like fibronectin are ligands for 

several integrins (Plow et al., 2000; van der Flier and Sonnenberg, 2001). Of the 24 integrin 

heterodimers, about half have been shown to bind the arginin-glycin-aspartic acid (RGD) 

peptide sequence in fibronectin, including αvβ3, αIIbβ3 and α5β1 integrins expressed in 

fibroblasts (Hersel et al., 2003). Some of the other integrins are also limited to certain cell 

types or tissues: αIIbβ3 to platelets; α6β4 to keratinocytes; αEβ7 to T cells, dendritic cells and 

mast cells in mucosal tissues; α4β1 and β2 integrins to leukocytes; α4β7 to a subset of memory 

T cells (Takada et al., 2007). As adhesion receptors, integrins play an important role in 
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organizing the cytoskeleton and in controlling various steps in the signaling pathways that 

regulate processes as diverse as proliferation, differentiation, apoptosis, phagocytosis and cell 

migration (Luo et al., 2007; van der Flier and Sonnenberg, 2001). 

 

 

Figure 1.3: Integrin engagement in cell adhesion 

 

Integrins mediate both inside-out and outside-in signaling (Arnaout et al., 2005; Hynes, 

2002). In inside-out signaling, integrins are activated intracellularly by signals from other 

cytoplasmic molecules such as G-protein-coupled receptors that lead to phosphorylation of 

the cytoplasmic domain of the β subunit. Similarly, binding of the talin head region to the 

integrin β cytoplasmic tail causes dissociation of the α and β tails and induces a 

conformational change in the extracellular region that increases its affinity for its ligands 
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(Ginsberg et al., 2005; Le Clainche, 2008; Takada et al., 2007). As shown in Figure 1.3, talin 

functions as a scaffold, networking β integrin, vinculin and F-actin at nascent adhesions to 

form a rigid adhesion complex (Damsky and Ilic, 2002; Nayal et al., 2004). Thus, integrin β 

subunit cytoplasmic domains are required for integrin activation, whereas in most cases the α 

cytoplasmic domain plays a regulatory role (Ginsberg et al., 2005). 

Integrin-mediated outside-in signaling involves several signaling intermediates; kinases 

such as FAK and c-Src, Ras and Rho GTPases, adapters like Cas/Crk, paxillin. These are 

assembled within dynamic adhesion structures, including focal complexes, focal adhesions 

and podosomes (Linder and Kopp, 2005; Zaidel-Bar et al., 2004). Integrins activated by 

ECM ligands undergo conformational changes, allowing the cytoplasmic domain of the β 

subunit to recruit several of these intermediates (Ginsberg et al., 2005). In fibroblasts, α5β1 

occupancy by RGD peptide is sufficient to trigger integrin redistribution within focal 

complexes and adhesions (Ginsberg et al., 2005). The density of available RGD affects cell 

adhesion strength, cell spreading area, and migration properties (Gunawan et al., 2006; 

Lauffenburger and Horwitz, 1996; Wacker et al., 2008). The non-receptor bound tyrosine 

kinase focal adhesion kinase (FAK) is involved in integrin signaling and plays a major role in 

downstream signaling pathways for the regulation of adhesion, cell shape, and cell motility. 

 

1.1.3. RGD and Focal Adhesions 

RGD is the cell adhesion motif in several ECM proteins, such as fibronectin, 

vitronectin, osteopontin, collagens, thrombospondin, and fibrinogen (Ruoslahti and 

Pierschbacher, 1987). It has been identified as the most important sequence in fibronectin 
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recognized by the β subunit of several αβ combinations of integrin heterodimers (Hersel et 

al., 2003; Wacker et al., 2008). However, it has been shown that the tri-peptide sequence is 

not sufficient to recapitulate the same phenotype and behavior observed in cells adhered to 

fibronectin; blocking the C-terminal carboxyl group or adding key flanking sequences (e.g., 

GRGDSP) is necessary (Aota et al., 1991; Pierschbacher and Ruoslahti, 1987). RGD binding 

affinity is also dependent on the integrin type; cells with αVβ3 integrin showed 10- to 100-

fold higher binding affinity compared to the cells with α5β1 and αIIbβ3 integrin in presence of 

cyclic RGD containing peptides (Pfaff et al., 1994; Stephen P. Massia, 2001). Cells have 

been shown to have a similar spreading trend on RGD surface as on fibronectin, where 

spreading increases with the increase in adhesive molecule density, and then decreases after a 

certain density (Gunawan et al., 2006; Lauffenburger and Horwitz, 1996; Rhoads and Guan, 

2007; Smith et al., 2006). The use of RGD-containing peptides instead of fibronectin can 

solve several problems associated with large protein chains, such as accessibility of the cell 

recognition motif and limitations on the density of adhesion sites; however, recently it has 

also been suggested that a synergy site (PHSRN) might be required along with RGD 

sequence to mimic the fibronectin properties in vitro (Friedland et al., 2009; Mardilovich, 

2004; Ochsenhirt et al., 2006).  

Integrin-ECM interactions stimulate signal transduction through the activation of 

several intracellular protein-tyrosine kinases, such as Abl, Syk, FAK, and Src-family kinases. 

The cytoplasmic tail of β-integrin facilitates FAK activation through FAK clustering, FAK 

autophosphorylation at Tyr
397

, and a mechanical linkage of integrins to the actin cytoskeleton 

(Shi and Boettiger, 2003; Toutant, 2002). Integrin-mediated FAK phosphorylation at Tyr
397
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creates a high-affinity binding site for SH2 domain-containing proteins (Figure 1.4). The 

binding of Src to FAK activates Src in fibroblasts and epithelial cells (Frame et al., 2010; 

Schlaepfer et al., 2004). Src facilitates maximal FAK activation through phosphorylation at 

Tyr
576

 and Tyr
577

 within the FAK kinase domain activation loop, and Src can phosphorylate 

additional sites within the FAK C-terminal domain, Tyr
861

 and Tyr
925

, the latter serving as a 

high-affinity Grb2-SH2 binding site (Katz et al., 2003; Mitra and Schlaepfer, 2006). Grb2 

binds Ras activating Guanine nucleotide exchange factors (GEF) Sos, promoting activation 

of the Ras/mitogen-activated protein kinase (MAPK) pathway that modulates focal contact 

dynamics in motile cells and generates proliferative and survival responses (Caunt and 

McArdle, 2010; Ridley et al., 2003; Schlaepfer et al., 2004).  

 

 

Figure 1.4: Signaling through Focal Adhesion Kinase (FAK) 
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The focal adhesion targeting (FAT) domain of FAK binds paxillin and talin and 

mediates FAK localization to integrin-enriched focal adhesions (Figure 1.4); however, 

according to a recent study, the reverse relationship is also possible, wherein FAK Tyr
397

 can 

modulate cell adhesion strengthening by activating integrins with the help of talin during the 

early stage of adhesion (Michael et al., 2009). Interestingly, Tyr
925

 partially overlaps with 

paxillin binding sites in the FAT domain, and thus Src-mediated phosphorylation of FAK on 

Tyr
925

 and subsequent GRB2 binding could displace paxillin, promoting the dissociation of 

FAK from focal contacts and focal contact turnover (Guo and Giancotti, 2004; Schlaepfer 

and Mitra, 2004). Active FAK–Src facilitates SH3-mediated binding of p130Cas to FAK and 

its subsequent phosphorylation (Frame et al., 2010). Crk binding to phosphorylated p130Cas 

facilitates Rac activation, leading to enhanced membrane ruffling, lamellipodia formation, 

and cell migration (Guo and Giancotti, 2004; Hsia et al., 2003). 

FAK Tyr
397

 phosphorylation has been found to be necessary for both integrin- and 

PDGF-stimulated cell motility (Sieg et al., 2000), and it is recognized by several SH2-

domain containing proteins, such as phospholipase Cγ (PLCγ), Suppressor of cytokine 

signaling (SOCS), and the p85 subunit of phosphoinositide-3 kinase (PI3K). PI3Ks generate 

3’-phosphorylated phosphoinositide lipids, leading to activation of Akt (Guo and Giancotti, 

2004; Mitra et al., 2005), which has also been shown to regulate the recycling of integrins 

from the rear to front in fibroblasts (Roberts et al., 2004). In general, PI3Ks are known to be 

activated by and contribute to integrin activation via outside-in and inside-out signaling, 

respectively; for example, PI(4,5)P2 enhances talin-focal adhesions interaction and indirectly, 

FAK binding of PI3K, whereas PI3K also enhances the interaction of talin with integrin 
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resulting in increased affinity of integrin for ligands (Ginsberg et al., 2005; Martel et al., 

2001). Suspended cells, without any ECM contact, exhibit lower PI3K and Akt pathway 

activation even in the presence of growth factors, and FAK-null cells showed rounded 

morphology and defective migration on fibronectin (Khwaja, 1997; Owen et al., 1999). Thus, 

PI3K is centrally involved in both integrin- and growth factor receptor-based signal 

transductions during cell migration. 

 

1.2. EFFECT OF MICROENVIRONMENT ON CELL ADHESION AND MIGRATION 

As discussed earlier, the three best-studied directed migration phenomena are: 

chemotaxis, or migration due gradient of soluble chemical concentration; haptotaxis, or 

migration because of substrate adhesive chemical concentration; and durotaxis, or migration 

due to the gradient of substrate’s mechanical properties. Though chemotaxis has been studied 

for decades, substratum properties have become increasingly appreciated as equally 

important factors in cell migration; however, it is yet to be determined how these stimuli are 

transduced at the level of intracellular signaling. 

 

1.2.1. Soluble Chemical Composition 

During chemotaxis, extracellular chemoattractant gradients are translated into 

intracellular gradients of different protein or lipid activities. In case of extracellular PDGF 

gradient, cells translate that gradient into the receptor-mediated PI3K activation gradient; the 

front of the cell exhibits intense PI3K signaling and forms a leading edge in the polarized cell 

(Bagorda and Parent, 2008; Stephens et al., 2008). Response to chemoattractant can be 
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different in different cell types. During chemotaxis of soil amoeba, Dictyostelium discoideum 

(Dd), PI3K controls the rate of pseudopodia generation, whereas corresponding phosphatase, 

PTEN suppresses lateral pseudopodia formation. Myosin II, localized at the sides and rear of 

chemotactic cells, prevents the formation of lateral pseudopodia and promotes cell body 

contraction and posterior retraction (Bagorda and Parent, 2008; Uchida et al., 2003; Wessels 

et al., 2007). PI3K plays important roles in governing cell speed and locomotion in shallow, 

linear gradients, but other pathways might be sufficient for responses to steep gradients; 

however, cells lacking PI(3,4,5)P3 signaling require two- to six-fold longer to reach a point 

source of chemoattractant compared with wild-type amoeboid cells. Therefore, PI3K 

signaling supports orientation in shallow gradients and speed in steep gradients during 

chemotaxis in these cells (Bagorda and Parent, 2008; Bosgraaf et al., 2008; Kolsch et al., 

2008). Evidence suggests that in amoeboid cells  like neutrophils and Dd, the intracellular 

PIP3 gradient is amplified several fold relative to the external gradient, and they are sensitive 

to shallow gradients irrespective of midpoint concentration (Stephens et al., 2008). In 

contrast, fibroblasts do not exhibit significant amplification, and accordingly they require 

relatively steep PDGF gradients spanning a relatively narrow range of midpoint 

concentrations (Melvin et al., 2011; Schneider and Haugh, 2006).  

 

1.2.2. Effect of Substrate Adhesivity 

The physical and chemical properties of the substratum, such as substrate rigidity and 

ECM ligand density, affect cell migration behavior significantly. As discussed earlier, cell 

adhesion to the substrate is mediated by integrins, which act as sensors of the local substrate 
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environment (Discher et al., 2005; Liu et al., 2007; Takada et al., 2007). Steady-state area of 

cell spreading monotonically increases, then saturates, as the adhesive ligand density is 

increased (Engler et al., 2004). A recent study revealed two distinct types of integrin-

fibronectin adhesive bonds: one that forms in the absence of cell tension, and the other forms 

in the presence of cell tension. The relaxed bonds involve only binding to the RGD site in 

fibronectin, but the tensed bonds also require association with the synergy site (PHSRN) 

(Friedland et al., 2009). Cell migration behavior is also affected by surface adhesivity and 

compliance. It has been shown that overall migration speed varies biphasically with substrate 

ligand density and substrate stiffness. Speed increases up to a certain ligand density and then 

decreases because cells have difficulty releasing adhesions at the rear (Gunawan et al., 2006; 

Palecek et al., 1997; Smith et al., 2006).  

Several cell migration studies on fibronectin gradients have shown that directed 

migration rate increases with increase in slope of the fibronectin gradient (Rhoads and Guan, 

2007; Smith et al., 2006); however, others have shown minimal effect of gradient slope 

(Gunawan et al., 2006; Liu et al., 2007). As RGD is the prime integrin-binding motif in 

fibronectin, recent experiments have used RGD peptide grafted on the substrate rather than 

physisorption of full-length fibronectin (Hersel et al., 2003; Quirk et al., 2001; Wacker et al., 

2008). Cell spread area and adhesion strength are found to increase with the increase in RGD 

density (Koo et al., 2002; Lagunas et al., 2012; Neff et al., 1999); however, biphasic 

spreading behavior is also observed (Rajagopalan et al., 2004). Only a few studies have been 

reported regarding migration behavior on RGD, without any conclusive result; cells migrated 

slowly and showed either biphasic behavior (Wacker et al., 2008) or monotonically 
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increasing speed with the increase in RGD density (Rajagopalan et al., 2004) in different 

studies. Cells were found to align their polarity along the direction of an RGD density 

gradient, and migration speed was higher with higher gradient slopes (Daniela et al., 2008; 

DeLong et al., 2005). Other studies have shown that RGD peptide clustering at the nanoscale 

is important; peptides presented in clusters perform comparably to matrix proteins (Huang et 

al., 2009; Koo et al., 2002; Maheshwari et al., 2000). 

 

1.2.3. Effect of Substrate Stiffness: Mechanotransduction 

Mechanical properties of the substrate are also important determinants of cell 

migration. It has been shown that substrate compliance and ligand density are of similar 

importance in cellular responses ranging from cell spreading to cell shape and molecular 

organization (Cukierman et al., 2001; Engler et al., 2004; Ulrich et al., 2009). Stiffness of the 

substrate controls the extent of cell spreading as well as migration properties. Cells on very 

soft materials exhibit reduced spreading and reduced organization of actin into stress fibers, 

whereas on a suitably stiff surface, cells spread over a high area with stable focal adhesions 

(Discher et al., 2005; Pelham and Wang, 1997; Saez et al., 2007). In the case of the latter, 

phosphorylation pathways and acto-myosin contractions contribute to both cell spreading and 

to the requisite cell tractions (Deroanne, 2001; Lo et al., 2000; Wang et al., 2002). 

Colocalization studies on F-actin and a major focal adhesion protein, paxillin revealed that 

spreading behavior correlated well with cytoskeletal assembly, implying that the F-actin 

cytoskeleton provides the linkage between contractility and adhesion (Engler et al., 2004). 

Cells migrating on too soft substrates cannot generate sufficient traction force and therefore 
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move slowly, whereas cells on too hard substrates adhere firmly to the substrate and that 

inhibits motility (Discher et al., 2005; Kidoaki and Matsuda, 2008). On a gradient of 

stiffness, cells generate stronger traction forces on stiff versus soft substrate and migrate 

preferentially towards the stiffer substrate (Hong et al., 2007; Lo et al., 2000; Sochol et al., 

2011). Interestingly, cell traction increases linearly with the increase in surface stiffness, 

whereas cell speed exhibits a biphasic dependence on substrate stiffness (Pelham and Wang, 

1997; Peyton and Putnam, 2005; Zaari et al., 2004). Differential stiffness, rather than 

absolute rigidity, was found to be the predominant factor affecting cell migration (Saez et al., 

2007). Both durotactic efficiency and cell orientation with respect to the stiffness gradient 

have been shown to increase with increasing magnitude of stiffness gradient, whereas these 

metrics were insensitive to absolute stiffness (Isenberg et al., 2009).  

In certain experimental contexts, it has also been shown that substrate stiffness 

dominates over adhesive ligand density in manipulating cell behavior; excess adhesive ligand 

on very soft substrate could not override the tendency of cells to remain rounded (Engler et 

al., 2004). With a sudden change in stiffness, approaching the transition region from the soft 

side, cells could easily migrate across the boundary. In contrast, cells migrating from the stiff 

side turned around or retracted when they reached the boundary (Lo et al., 2000). In recent 

years, cell behaviors on different substrate topologies have been studied. Grooves, pillars, 

and other micro-textures have been designed to control stiffness along a particular direction 

(Ghibaudo et al., 2008; Kim et al., 2009; Saez et al., 2007; Sochol et al., 2011). A recent 

study showed that, on a patterned surface, cells recognize the variation of topographic feature 

density, resulting in migration towards the denser area (Kim et al., 2009). This surface 
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anisotropy also revealed the tendency of cells to move to a stiffer region as well as the 

increasing traction force profile along the stiffness gradient. It has also been shown that cell 

movement can be guided by mechanical strains produced by stretching the substrate in the 

front or rear of a polarized cell (Lo et al., 2000). These studies have explored several factors 

that affect directional cell migration due to stiffness or adhesive ligand density. 

 

1.3. SIGNAL TRANSDUCTION AND COMPARTMENTALIZATION 

The field of signal transduction focuses on the molecular mechanisms whereby 

external signals are perceived by cells and transduced through pathways that propagate 

throughout the cell interior. These pathways activate biochemical processes and genetic 

programs necessary for generating biological responses, such as proliferation, differentiation, 

and survival (Davis, 1993; Juliano and Haskill, 1993; Ullrich and Schlessinger, 1990). 

Countless studies demonstrate that severe pathological conditions, such as cancer, diabetes, 

and immune disorders, can arise when signaling pathways are regulated improperly. Several 

signaling pathways have been widely studied for their importance in physiological processes. 

For instance, the Ras-mitogen-activated protein kinase (MAPK) pathway mediates signal 

transduction from cell surface receptors to downstream transcription factors, and correct 

propagation of signal is important for cellular responses such as cell proliferation, growth, 

motility, survival and apoptosis (Caunt and McArdle, 2010; Davis, 1993). Although different 

signaling pathways are activated and propagated to downstream molecule in a linear manner, 

cross talks among different pathways are also common that makes it more complicated to 

analyze. Moreover, some of the molecules regulate upstream signaling through a feedback. 
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Because of the high degree of complexity, it seems difficult, if not impossible, to understand 

signal transfer in biological systems on a systemic level.  

As many of the receptors that recognize extracellular ligands are transmembrane 

proteins, the plasma membrane is considered to be the primary physical platform where 

signaling complexes are assembled. In addition to the plasma membrane, certain signaling 

processes can be localized in nucleus, endosomes, the endoplasmic reticulum (ER), the golgi 

apparatus, and mitochondria, and this compartmentalization is important for biological 

responses (Baass et al., 1995; Gao et al., 2011; Mor and Philips, 2006). For instance, cell 

responses, regulated by Extracellular signal-regulated kinases (ERK) signaling pathway are 

significantly affected by nuclear localization of activated ERK (Lidke et al., 2010; Marchi et 

al., 2010; Ramos, 2008; Roskoski Jr, 2012; Zehorai et al., 2010). Nuclear import and export 

of these molecules are controlled by the import and export signals available in their 

structures, and shuttling between nucleus and cytoplasm is reported to be fast enough not to 

be rate-limiting for translocation (Costa et al., 2006; Marchi et al., 2010). Signaling events 

are also affected by location of stimulus (Heerssen and Segal, 2002), receptor internalization 

and degradation, resulting in decreased receptor expression (Ceresa and Schmid, 2000; 

Haugh, 2002). Signaling molecules in cytosol localize spatially based on the type and extent 

stimulation; phosphoinositides, Rho proteins are shown to be differentially localized near the 

protruded region during random (Dawes and Edelstein-Keshet, 2007; Weiger et al., 2010; 

Welf et al., 2012), as well as, directional migration of cells (Loovers et al., 2006; Servant et 

al., 2000). Although spatial compartmentalization is believed to be a key mechanism for 
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achieving specificity and efficiency in general (Lowy and Willumsen, 1993; Mor and Philips, 

2006), the change in signaling dynamics with compartmentalization is not well understood yet. 

 

1.4. IMPORTANT SIGNALING MOLECULES AND PATHWAYS 

1.4.1. Phosphoinositides (PI) and 3’ PI Lipids 

The phosphoinositide-3 kinases (PI3K) are a family of intracellular lipid kinases that 

phosphorylate the 3’-hydroxyl group of phosphoinositides (Chalhoub and Baker, 2009; 

Hawkins et al., 2006). Eight different phosphoinositides have been found in mammalian 

cells, and among those, PI(3)P, PI(3,4)P2, PI(3,5)P2 and PI(3,4,5)P3 are produced by PI3Ks 

(Hawkins et al., 2006). The structures of these four phosphoinositides are depicted in Figure 

1.5. While PI3K acts as kinase to phosphrylate these inositides, PTEN (phosphatase and 

tensin homologue) is a phosphatase that converts PI(3,4,5)P3 back to PI(4,5)P2 in cells like 

fibroblast and Dictyostelium discoideum (Dd), whereas, SHIP1 (SH2-containing inositol 

phosphatase-1) acts in cells like macrophages and neutrophils to do the same (Bagorda and 

Parent, 2008; Bairstow et al., 2005; Kolsch et al., 2008; Kruger et al., 2000).  

PI3Ks are grouped into three major classes (classes I, II, and III), based on structure 

and substrate specificity (Cain and Ridley, 2009; Engelman et al., 2006). Class I PI3Ks are 

the most important in the context of cell growth, survival, proliferation, and movement; they 

primarily phosphorylate phosphatidylinositol-4,5-bisphosphate (PI(4,5)P2) to generate the 

lipid second messenger phosphatidylinositol-3,4,5-trisphosphate (PI(3,4,5)P3). Class II and 

class III PI3Ks use phosphatidylinositol (PI) as a substrate to generate PI(3)P (Chalhoub and 

Baker, 2009). Class I PI3Ks are further subdivided according to the signaling receptors that 
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activate them. Class IA PI3Ks are activated by growth factor receptor tyrosine kinases (RTKs), 

whereas class IB PI3Ks are activated by G protein–coupled receptors (GPCRs) (Chalhoub and 

Baker, 2009; Engelman et al., 2006; Hawkins et al., 2006). The Class IA PI3K enzymes are 

heterodimers of p110α, p110β or p110δ catalytic subunits and p50–55/p85 regulatory subunits. 

The Class IB enzymes are heterodimers of the p110γ catalytic subunit and either p101 or p84 

(also known as p87PIKAP) regulatory subunits (Hawkins et al., 2006). Direct association of the 

GTP-bound form of Ras with a Ras-binding domain (RBD) motif in the p110 catalytic subunit 

also modulates the activity of Class I PI3Ks (Hawkins et al., 2006; Stephens et al., 2008). 

 

 

Figure 1.5: Structures of different phosphoinositides. Adapted from (Hawkins et al., 2006) 
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PI(3,4,5)P3 and other products of PI3K catalytic reactions are involved in several 

signaling pathways that govern cell migration, metabolism and survival (Cantley, 2002; 

Sotsios and Ward, 2000). Signaling proteins with pleckstrin-homology (PH) domains such as 

Akt and phosphoinositide-dependent kinase 1 (PDK1) accumulate at sites of PI3K activation 

by direct binding to PI(3,4,5)P3 (Carpenter and Cantley, 1996; Woodgett, 2005). These two 

proteins thus come in proximity, and PDK1 phosphorylates Akt. This phosphorylation 

stimulates the catalytic activity of Akt, resulting in the phosphorylation of a host of other 

proteins such as p70 S6-kinase and protein kinase C ζ (PKCζ) that affect cell growth, cell 

cycle entry, and cell survival (Cantley, 2002; Lawlor and Alessi, 2001). Akt has been 

implicated for some time in cell growth and survival, but newer evidence suggests an 

additional role in promoting microtubule stabilization and thus cell polarity during migration 

(Onishi et al., 2007; Sasaki and Firtel, 2006). 

Evidence has been reported implicating a feedback loop among Ras, PI3K, Rac, and 

actin polymerization, which integrates and amplifies Dictyostelium and neutrophil cell 

signaling for efficient migration. Ras activation occurs locally on the membrane and that 

recruits and activates PI3K. On the other hand, PI3K signaling regulates F-actin polymerization 

and that enhances Ras activation on the membrane. In the migrating cells, Rac-mediated F-actin 

polymerization enhances PI3K localization at the front of the cell, and that also regulates Rac 

activity and enhance F-actin polymerization (Charest and Firtel, 2006; Hoeller and Kay, 2007; 

Sasaki et al., 2004; Yang et al., 2012). However, this feedback loop is not yet evident in 

fibroblast migration (Schneider and Haugh, 2005; Welf et al., 2012). In general, PI3K is involved 

in a variety cellular responses, which are mediated by different proteins recruited by 3’PIs. 
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1.4.2. Rho GTPases 

The Rho-family GTPases play key roles in coordinating intracellular processes required 

for cell migration, such as dynamic and spatially regulated changes to the cytoskeleton, cell 

adhesion, actin polymerization-depolymerization, and myosin activity (Parri and Chiarugi, 

2010; Raftopoulou and Hall, 2004; Ridley, 2001). Twenty different Rho GTPases have been 

identified in mammals so far, and of these, Ras homolog gene family, member A (RhoA), 

Ras-related C3 botulinum toxin substrate (Rac), and cell division cycle 42 (Cdc42) have been 

the most widely studied for their effects on cell migration (Heasman and Ridley, 2008; Iden 

and Collard, 2008; Ridley, 2001). They act as molecular switches to control signal 

transduction pathways by cycling between a GDP-bound, inactive form and a GTP-bound, 

active form. In general, the Rho GTPase cycle is tightly regulated by three groups of 

proteins: guanine nucleotide exchange factors (GEFs) that promote the exchange of GDP for 

GTP to activate the GTPase, GTPase activating proteins (GAPs) that negatively regulate the 

switch by enhancing its intrinsic GTPase activity, and guanine nucleotide dissociation 

inhibitors (GDIs) that block the GTPase cycle by sequestering and solubilizing the GDP-

bound form (Parri and Chiarugi, 2010; Raftopoulou and Hall, 2004). So far, more than 80 

GEFs and 60 GAPs have been identified in mammalian cells (Cain and Ridley, 2009). In the 

active GTP-bound state, Rho GTPases interact with downstream targets to elicit a variety of 

intracellular responses (Iden and Collard, 2008; Raftopoulou and Hall, 2004).  
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Figure 1.6: Signaling pathways downstream of Rho-family GTPases. Adapted from (Raftopoulou 

and Hall, 2004) 

 

Rho regulates the assembly of contractile actomyosin filaments, whereas Rac and 

Cdc42 regulate the polymerization of actin to form peripheral lamellipodial and filopodial 

protrusions, respectively (Figure 1.6). Lamellipodia contain dendritic networks of actin 

filaments that provide a structural foundation during protrusion, whereas filopodia contain 

longer parallel bundles of actin filaments and are thought to serve as sensors of the local 

environment (Mattila and Lappalainen, 2008; Watanabe and Higashida, 2004; Welch and 

Mullins, 2002). The actin nucleator Arp2/3 complex binds to sides of actin filaments and 

promotes filament branching. This process is activated by WASP/ WAVE, which are targets 

of Cdc42 and Rac respectively. In parallel, the formins mDia1 (mammalian diaphanous 1) 
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and mDia2 bind to the barbed ends of actin filaments and promote linear actin growth. These 

are regulated by RhoA and Cdc42 respectively (Raftopoulou and Hall, 2004; Vicente-

Manzanares et al., 2005; Watanabe and Higashida, 2004; Weaver et al., 2003). The Ser/Thr 

kinase p65PAK is commonly activated by Rac and Cdc42 and phosphorylates (inactivates) 

cofilin through LIM kinase. Cofilin facilitates subunit dissociation from the pointed end of 

actin filaments and forms new barbed ends, and is essential for promoting filament treadmilling 

at the front of migrating cells. Rho does this through Rho kinase p160ROCK instead of 

p65PAK (Le Clainche, 2008; Raftopoulou and Hall, 2004; Vicente-Manzanares et al., 2005). 

It has been suggested that adhesion triggers Rac activation, and Rac then facilitates 

more adhesion by localizing more integrins, thus constituting a positive feedback loop 

(Moissoglu and Schwartz, 2006; Schwartz and Horwitz, 2006). Rac has been found to 

participate in two other feedback loops; one by activating PI3K and another by stabilizing 

microtubules (Raftopoulou and Hall, 2004; Ridley et al., 2003). In some cells, Rac has been 

shown to play a central role in governing cell persistence in directed migration (Petrie et al., 

2009). Earlier, it was known that Rac and Cdc42 are activated at the front of the migrating 

cell, and Rac is suppressed at back and sides, whereas Rho is responsible for myosin-

dependent contraction at the rear of the cell and is suppressed at the front. However, recent 

reports suggest that all three GTPases are activated at the front of migrating cells (Kurokawa 

and Matsuda, 2005; Pertz et al., 2006). It was also reported that RhoA was activated at the 

cell edge synchronous with edge advancement, whereas Cdc42 and Rac1 were activated 2 

µm behind the edge with a delay of 40s (Machacek et al., 2009). In contrast to an earlier 

report (Cox et al., 2001), Rho in the lamellipodium does not inhibit protrusion; rather 
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participates in the initial events of protrusion and promotes microtubule stabilization, 

coupling with mDia. This leads to formation of distinct leading and trailing edges of 

polarized cell and cell migration (Machacek et al., 2009; Moissoglu and Schwartz, 2006; 

Ridley et al., 2003). PI3K has been reported to regulate Rho activity in endothelial cells for 

tail retraction and to stimulate myosin contraction via PAKa (p21-activated kinase) in 

Dictyostelium (Cain and Ridley, 2009). These GTPases are also found to play important roles 

in chemotaxis. Cdc42, Rac1 and RhoG have been shown to function cooperatively in 

regulating cell morphology and speed but not direction of primary fibroblast migration 

during PDGF-dependent chemotaxis (Monypenny et al., 2009). 

 

1.4.3. ERK/MAPK Pathway 

ERK (extracellular signal regulated kinase) 1 and 2 are members of the MAPK family 

representing one of the major signaling cascades that transduces extracellular cues in the cell 

during a wide range of physiological processes, such as proliferation and differentiation; 

ERK signaling is also prominently dysregulated during tumorigenesis (Caunt and McArdle, 

2010; Raman et al., 2007; Yao and Seger, 2009). The cascade is characterized by sequential 

phosphorylation and activation of several protein kinases, with a three-tier core that includes 

MAPK kinase kinase (MAP3K), MAPK kinase (MAPKK), and MAPK as shown in Figure 

1.7. A diverse array of transmembrane receptors can activate the ERK cascade via distinct 

pathways to Raf isoforms, and other MAP3Ks (Wellbrock et al., 2004; Yao and Seger, 

2009). Activated Raf kinases phosphorylate two serine residues in the activation loop of 

MEK1/2 (MAPK/ERK kinase 1/2). Activated MEK1/2, in turn, phosphorylate ERK1/2 on 
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threonine and tyrosine residues of a characteristic TEY (Thr-Glu-Tyr) activation motif. 

(Anderson et al., 1990; Dent et al., 1992; Kyriakis et al., 1992; Wellbrock et al., 2004). 

MEK1/2 are the only established physiological substrates of Raf, and ERK1/2 are the only 

known substrates for MEK1/2, whereas about 200 substrates of ERK1/2 have been identified 

throughout the cell (von Kriegsheim et al., 2009; Yoon and Seger, 2006). In addition to the 

core phosphorylation cascade, the ERK signaling network includes other proteins that 

modulate the amplitude, intensity, and spatial specificity of its signals. Scaffold proteins, 

such as KSR1, serve all of these purposes by bringing together the three core kinases through 

formation of a multi-protein complex that promotes efficient signal transduction(Calvo et al., 

2010; Kolch, 2005). 

In quiescent cells, ERK1/2 are found in the cytoplasm as a consequence of their 

interaction with various cytoplasmic anchors. Once phosphorylated, ERKs lose their affinity 

for these partners and rapidly translocate to the nucleus, where they phosphorylate a host of 

nuclear proteins (Lidke et al., 2010; Marchi et al., 2010; Zehorai et al., 2010). Nuclear 

translocation of ERK1/2 is a stimulus- and energy-dependent process, and it has been 

suggested that a direct interaction between ERK1/2 and nucleoporins is required (Chuderland 

et al., 2008; Yazicioglu et al., 2007). It was also reported that homodimerization of ERK1/2 

might be responsible for nuclear translocation (Adachi et al., 1999), yet, contradictory 

evidence has since been reported (Casar et al., 2008; Lidke et al., 2010). In the nucleus, 

ERK1/2 perform essential functions that affect gene transcription, DNA replication, 

chromatin remodeling, and miRNA synthesis among others (Brunet et al., 1999; Paroo et al., 
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2009). ERK signaling is also reported to be involved in protrusion initiation and control of 

protrusion speed during cell migration process (Mendoza et al., 2011). 

 

 

Figure 1.7: Schematic diagram showing MAPK pathway activation. Adapted from (Matallanas et al., 

2011) 

 

Despite the importance of this pathway, little is known about the modalities, time 

course and regulation of ERK exchange between nucleus and cytoplasm in living cells. In the 
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past few years, it has been demonstrated that this process is rapid and that it is regulated by 

active ERK (Costa et al., 2006; Marchi et al., 2010). It is suggested that ERK needs to be 

phosphorylated to be transferred to the nucleus, but following influx, ERK rapidly returns to 

the cytoplasm regardless of its phosphorylation state (Caunt and McArdle, 2010; Costa et al., 

2006; Horgan and Stork, 2003). The rate of ERK2 shuttling between nucleus and cytoplasm 

was reported to be accelerated after ERK activation and fast enough not to be rate-limiting 

for translocation (Costa et al., 2006). Time-lapse imaging demonstrated that nuclear 

concentration can change bidirectionally with a time constant of a few minutes (Costa et al., 

2006; Sato et al., 2007). Recent reports demonstrated sustained oscillations of ERK–GFP 

fusion protein shuttling between the nucleus and cytoplasm with a periodicity of ~15 min 

upon EGF stimulation (Shankaran et al., 2009; Weber et al., 2010). In certain contexts (e.g. 

Xenopus laevis oocyte maturation), the MAPK cascade was exhibits a switch-like response 

(Ferrell and Machleder, 1998), in other contexts the pathway is not ultrasensitive and shows a 

graded response to changes in agonist concentration (Mackeigan et al., 2005; Whitehurst et 

al., 2004).  

 

1.5. QUANTIFICATION OF SIGNAL TRANSDUCTION 

Conventional, qualitative approaches provide powerful ways to characterize the 

architecture and function of signaling pathways. However, at the whole-cell level, they do 

not fully depict the interactions between signaling and metabolic pathways, and they fail to 

give a manageable overview of the inherent complexity (Krauss and Brand, 2000; Weijer, 

2003). Quantitative measurement approaches are needed to explain how a receptor at the top 
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of a signal transduction network controls the activation state of a target at the bottom of a 

cascade; how the signal transduction and its control depend on regulatory feedback and 

feedforward loops; and how different signaling pathways interact (Brand, 1996; Kholodenko 

et al., 1997; Marshall, 1995). These behaviors can be quantified experimentally using either 

biochemical approaches or live cell fluorescence microscopy. However, experimental 

approaches are not always sufficient to provide complete understanding of the complex 

signaling networks (Behar et al., 2007; Brandman and Meyer, 2008; McKay and Morrison, 

2008). Computational analysis provides a complementary tool to analyze signaling networks 

and predict the effects of molecular interventions. This approach involves building and 

numerically implementing a physiochemical model of the network that allows dynamics in 

time and/or space to be calculated or simulated (Prasasya et al., 2011; Sauro and 

Kholodenko, 2004; Welf and Haugh, 2010; Weng et al., 1999). Together with experimental 

approaches, computational analysis can be utilized to elucidate how cells make decisions 

based on the information propagating through signaling networks, and it is anticipated that 

this combined approach will inform therapeutic interventions for various diseases. 

 

1.5.1. Biochemical Approaches and Their Limitations 

A mammalian cell contains at least a few thousand different signaling proteins and 

more than ten distinct second messengers (Meyer and Teruel, 2003). With current 

biochemical and generic methods, it is possible to characterize how proteins and lipids 

interact inside cells to govern the generation, maintenance, and function of cellular 

organization. However, techniques such as in vitro reconstitution of cellular processes to 
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atomic resolution structure determination only provide a static view of cells, and lacks spatial 

and temporal information (Schmelzle and White, 2006; Stephens and Allan, 2003). Other 

assay-based methods quantify molecular readouts for a population of cell and thus offer no 

direct information about cell-to-cell heterogeneity or subcellular localization (Haugh, 2012; 

Sung and McNally, 2011; Teruel and Meyer, 2000). They also fail to detect the presence of 

two or more subpopulations of cells exhibiting qualitatively different behaviors (Sung and 

McNally, 2011). On the other hand, methods such as flow cytometry and 

immunofluorescence address the heterogeneity issue but are unable to provide kinetic 

information at the single-cell level. In contrast, selective expression of fluorescent reporters 

in combination with high-resolution microscopy techniques allow quantitative estimation of 

molecular concentrations and interactions, although this is also limited by the availability of 

suitable biosensors and fluorophores (Haugh, 2012; Wang et al., 2008; Wiedenmann et al., 

2009; Wouters et al., 2001). 

 

1.5.2. Live-cell Microscopy 

Biochemical approaches are useful for quantifying molecular aspects of signal 

transduction, but they generally do not provide spatial information and are limited to discrete 

time points rather than real-time kinetics. In contrast, live-cell microscopy provides 

unprecedented insights into the transport of proteins and their interactions with cellular 

components in real-time and at the single-cell level (Lippincott-Schwartz et al., 2001; 

Stephens and Allan, 2003; Wiedenmann et al., 2009). Being able to observe processes as they 

happen within the cell by light microscopy adds a critical dimension to our understanding of 
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cell function. Fluorescent molecules combined with genetically modified proteins serve as 

molecular biosensors; used in combination with modern imaging techniques, they elucidate 

spatiotemporal dynamics of intracellular processes in conjunction with observations of cell 

behavior. For example, one of the main techniques used here is Total Internal Reflection 

Fluorescence (TIRF) microscopy which allows one to observe the region of cell-substatum 

contact; this includes the adjacent plasma membrane and a small fraction of the cytosol. This 

method has been used to study spatial and temporal information of the biomolecules active 

on the membrane during cell migration (Schneider and Haugh, 2004; Steyer, 2001). Live-cell 

imaging is a flexible approach, but it has limitations too. Availability of appropriate 

fluorophores, number of fluorophores that can be used without overlapping emission 

spectrum, phototoxicity, and change in cellular behavior due to the over-expression of 

fluorescent proteins are the major concerns (Sung and McNally, 2011). Despite these 

limitations, live cell microscopy techniques provide better understanding of the signaling 

network and offer greater flexibility compared to their in vitro counterparts. Some of the 

major techniques of live-cell imaging are discussed briefly in the next section.  

 

1.5.3. Microscopy Techniques 

The standard approach for studying dynamic cellular events is live-cell fluorescence 

microscopy. Since the discovery of green fluorescent protein (GFP) (Tsien, 1998), a variety 

of fluorescent proteins with different hues have been discovered or developed (Wang et al., 

2008). The main advantage of fluorescent proteins over other fluorescence-labeling methods 

is that fluorescent proteins are genetically encoded. Thus, fluorescent proteins can be used to 
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tag other proteins, creating fusion proteins that are constructed and encoded at the DNA level 

and introduced into live cells by transfection. This approach circumvents the difficulties of 

intracellular delivery and localization (Wiedenmann et al., 2009; Zhang et al., 2002). 

Moreover, these constructs are available with different spectral properties (colors), brighter 

intensity, greater photostability, and higher resistance to local environment changes (such as 

pH) (Wang et al., 2008; Zhang et al., 2002). Fluorescence microscopy techniques enable us 

to visualize the position and deformation of organelles, the dynamics of cytoskeleton and 

adhesion structures, and translocation of signaling molecules. Although some light 

microscopy techniques do not require fluorescent probes, as in phase contrast microscopy 

and differential interference contrast (DIC) microscopy, these modalities do not generally 

offer information at the molecular level. 

Epifluorescence microscopy is one of the simplest modes of fluorescence microscopy 

and is widely used in life sciences. Light of the excitation wavelength is focused through the 

objective lens on cells harboring appropriate fluorophores, and the fluorescence emitted by 

the fluorophores is detected through the same objective. The objective typically has a very 

high numerical aperture so that more light signals are captured at a smaller working distance 

to provide finer details of the image. This technique has been applied to directly observe 

molecular motors, enzymatic reactions, structural dynamics of proteins, and DNA–protein 

interactions (Hilario and Kowalczykowski, 2010; Noble and Fuhrman, 1998; Sako and 

Yanagida, 2003; Yang et al., 2009). As a single light source may be used for different 

fluorophores by changing excitation and emission filters, epifluorescence microscopy offers 
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more flexibility in terms of biosensor selection. However, it cannot be used to image an 

isolated portion of the cell, such as the plasma membrane. 

Total internal reflection fluorescence (TIRF) microscopy is based on the principle that 

when light passing through a medium of high refractive index (such as glass) arrives at an 

interface with a medium of lower refractive index (such as water or buffer), it is reflected 

rather than refracted if the incident angle is above a critical value. In this technique, 

fluorophores within ~ 100 nm of the substrate-cell solution interface are selectively excited 

by the evanescent waves transmitted from the reflected beam to the aqueous medium (Steyer, 

2001). Thus, the plasma membrane contact area and, in fibroblasts, ~ 5-10% of the cytoplasm 

directly above it are illuminated (Schneider and Haugh, 2004). This allows imaging of cell 

surface events with little out-of-focus fluorescence, which not only improves the sensitivity 

of imaging but also reduces the exposure of the bulk of the cell to excitation light (Axelrod, 

2008). Thus, TIRF microscopy offers specific advantages for optical imaging of intra- and 

extracellular events at or near the basal cell surface. It has been used over the years to track 

fluorescent molecule tagged protein and lipid activities on the membrane of the cells (Sako 

and Yanagida, 2003). Because of its spatial specificity, it has been widely used in cell 

adhesion and migration studies (Choi et al., 2008; Nayal et al., 2006; Weiger et al., 2009). 

TIRF microscopy is also used in combination with other fluorescence techniques (Axelrod, 

2008). For instance, when TIRF is used with fluorescence recovery after photbleaching 

(FRAP), a bright flash of the evanescent field bleaches the cell-substrate contact region 

fluorophores, and the subsequent rate of recovery of fluorescence excited by dimmer 

evanescent illumination provides a quantitative measure of kinetic parameters in live cells 
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(Chang et al., 2005). TIRF has also been used with Förster resonance energy transfer (FRET) 

to observe real-time changes in the conformation of single molecules attached to the 

substrate or membrane (Kozuka et al., 2006).  

Förster resonance energy transfer (FRET) is a distance-dependent physical process by 

which energy is transferred nonradiatively from an excited molecular fluorophore (the donor) 

to another fluorophore (the acceptor) (Stephens and Allan, 2003). When the donor and 

acceptor are sufficiently close to each other (<10 nm) with favorable orientations, the 

excitation of the donor can elicit an energy transfer to induce emission from the acceptor. 

This is highly efficient if the donor and acceptor are positioned within the Förster radius (the 

distance at which half the excitation energy of the donor is transferred to the acceptor, 

typically 3–6 nm) (Sekar and Periasamy, 2003; Wang et al., 2008). Cells are generally 

transfected with FRET biosensors consisting acceptor and donor fluorophores before any 

experiment. Upon stimulation, the biosensor undergoes a conformational change to alter the 

relative orientation/distance between the donor and acceptor, thus leading to the FRET signal 

as indicated by the change in donor/acceptor intensity ratio (Sato et al., 2007; Sekar and 

Periasamy, 2003). Another application of FRET is to fuse two target molecules separately to 

donor and acceptor; the interaction of these molecules brings the donor and acceptor together 

to cause the FRET change, and the resulting signal serves to monitor the interaction 

(Janetopoulos et al., 2001; Zaccolo et al., 2000). Based on these principles, many biosensors 

incorporating fluorescent proteins have been developed (Hahn and Toutchkine, 2002; 

Miyawaki, 2003). For instance, one of the recently developed FRET-based sensors is a 
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genetically encoded ERK activity reporter that selectively reports ERK activity in living 

cells, and which was used in this study (Harvey et al., 2008). 

Apart from the techniques discussed above, there are other fluorescence microscopy 

techniques used to study intracellular signaling events in live cells. Imaging techniques using 

photobleaching approach such as, fluorescence loss in photobleaching (FLIP) are used to 

characterize mobility of proteins in cells, which is eventually combined with kinetic 

modeling of cellular processes (Lippincott-Schwartz et al., 2001; Phair and Misteli, 2001). 

Cellular processes can also be imaged using a very small area of illumination by fluorescence 

correlation spectroscopy (FCS), which is used to quantitatively measure local concentration 

and diffusion of particles in a diffraction-limited volume (~1μm
3
) in live cells (Schwille et 

al., 1999). Unlike the other approaches discussed above, cells are also imaged in three 

dimensions to get more detail information. Most scanning and spinning disk confocal 

microscopes are capable of acquiring images like that in real time (Stephens and Allan, 

2003). Multiphoton confocal microscopy is a new addition to confocal technology, in which 

a fluorophore is excited by multiple photons. This enables the use of longer wavelength 

excitation, which penetrates deeper into samples and reduces photobleaching (Denk et al., 

1990). These are the few major fluorescence techniques used widely in live-cell imaging. As 

new techniques are developed, and existing approaches are refined, we expect to achieve 

more detailed information at the subcellular level. 
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1.6. OVERVIEW OF THE THESIS 

In the previous sections, basic principles and mechanisms of signal transduction and a 

few of the major signal transduction pathways that govern cell behavior have been reviewed. 

To expand our understanding of these signaling mechanisms, and set them on a more 

quantitative basis this work was planned to develop and implement different microscopy and 

image analysis approaches for analyzing intracellular signaling in live cells. An overview of 

the results presented in this thesis is as follows. 

1. Development and applications of novel image analysis techniques for the study 

of intracellular signaling during cell migration (Chapter 3). 

2. Applications of elastomer networks as functional materials for cell adhesion 

and migration studies (Chapter 4). 

3. Single-cell analysis of ERK signaling network to study compartmentalization 

and adaptation of signal transduction pathways (Chapter 5). 

 

Next section (Chapter 2) elaborates various approaches used is this work for image 

acquisition, analysis and quantification of signal transduction. 
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CHAPTER 2 

 

IMAGE ACQUISITION, ANALYSIS AND QUANTIFICATION OF 

INTRACELLULAR SIGNALING 

 

An integral part of this thesis is the image analysis, which involves processing of raw 

images and quantification of spatial and temporal signaling events detected with fluorescent 

biosensors and captured in terms of pixel intensity. Different live-cell imaging approaches 

have been utilized in this work, and all of these approaches require sophisticated image 

acquisition and detailed analysis of the acquired images. Image acquisition was performed 

with MetaMorph software (Universal Imaging, West Chester, PA) with suitable 

configurations, and most of the image analysis was performed with custom codes in 

MATLAB (Mathworks, Natick, MA). This chapter describes, in detail, the image acquisition 

techniques and different quantitative approaches of image analysis used in this thesis. 

 

2.1. IMAGE ACQUISITION 

Most of the live cell imaging was performed under a total internal reflection 

fluorescence (TIRF) microscope. TIRF microscopy was developed by Dan Axelrod in the 

early 1980s (Axelrod, 2001); in this technique, fluorophores within ~ 100 nm of the 

substrate-cell solution interface are selectively excited (Steyer, 2001). Thus, it illuminates the 

plasma membrane-substratum contact area of cells and, in fibroblasts, ~ 5-10% of the 

cytoplasm directly above (Schneider and Haugh, 2004). If the incoming beam encounters the 

interface between optically dense (glass or PVMS) and light (buffer) media, with an angle of 
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incidence () greater than the critical value, the excitation beam is reflected, generating wave 

with exponentially decaying intensity (I) with the distance (z) from the interface.  In the 

following equations, Io is the maximum intensity at z=0,  d is the characteristic decay depth, 

n1 and n2 are the refractive indices of glass and buffer respectively, and  is the wavelength 

of incoming beam (Axelrod, 2001; Axelrod, 2007). 

 

        
  

 
                (2.1) 

  
 

  
   

         
    

 

   (2.2) 

 

In our experiments, enhanced green fluorescent protein (EGFP) was excited using a 60 

mW 488 nm line from a tunable wavelength argon ion laser head (Melles Griot, Irvine, CA). 

The beam is directed to a prism, which is optically coupled to a glass coverslip using 

immersion oil (Schneider and Haugh, 2005). A schematic of this is shown in Figure 2.1.  

A 515/30 nm filter set for EGFP with water immersion objective (Zeiss Achroplan, 0.5 

NA) and ×0.63 camera mount were used. Digital images, with 2×2 binning, were acquired at 

regular intervals (2 minutes for migration experiments) using a Hamamatsu ORCA ER 

cooled CCD (Hamamatsu, Bridgewater, NJ), with a fixed exposure time × gain of 1200-1400 

milliseconds, and MetaMorph software (Universal Imaging, West Chester, PA). Shutter 

controllers were used to regulate the exposure times of excitation beams. All migration 

experiments were performed at ~ 37C. Images were acquired at different interval (i.e. 1 

minute, 2 minute) based on the type of the experiments and that is mentioned specifically 

later. 
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Figure 2.1. Schematic of TIRF microscope setup 

 

Other Imaging approaches, such as Förster resonance energy transfer (FRET) and 

regular epifluorescence microscopy techniques were used for ERK activation and nuclear 

translocation experiments. 50 Watt Mercury arc lamp was used to excite GFP, mCherry and 

Cerulean protein with the help of 480/20-nm, 572/23-nm and 436/20-nm excitation filters, 

respectively. Digital images, without any binning, were acquired with 40×, 0.8 NA objective 
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and 0.63× camera mount at the same settings stated above. For spreading experiments, 

images were acquired with a regular phase contrast microscope attached to a digital camera. 

These images were taken at different position of the same sample at a certain time point. 

 

2.2. IMAGE PROCESSING BY MATLAB AND METAMORPH  

2.2.1. Segmentation of Images 

All images were background subtracted using MetaMorph imaging software before any 

further analysis was conducted. During long-term migration experiments, the CCD camera in 

conjunction with MetaMorph software record and convert each illuminated field into 

sequential, digital images saved in a ‘stack’ format. Each image contained in a MetaMorph 

stack was converted into a 8-bit TIFF file and segmented using the k-means clustering 

method, implemented in MATLAB software.  This method bins pixels by relative intensity, 

assuming a specified number (k) of peaks in the intensity distribution.  For our purpose, k = 4 

was considered; the pixels in the acellular background are grouped in the lowest bin (1), 

whereas regions of intense fluorescence (hot spots) are found in the highest bin (4).  For each 

cell, masks were generated that define regions of interest corresponding to the entire cell 

contact area and hot spot regions. 

   

2.2.2. Basic Image Characterization 

Segmented images were used to measure the basic properties of hotspots segregated 

from cell contact area. MATLAB Image Processing Toolbox was used to measure the area 

(A), average intensity (F), and centroid coordinates of each distinct region, and a minimum 
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area cutoff of 20 pixels was imposed on the hot spots to ensure that they are contiguous 

regions, not transient speckles. For spreading experiments, phase contrast images were 

acquired with a digital camera mounted with regular microscope (Ahmed et al., 2011). A 

custom code implemented in MATLAB was employed to distinguish the cells from the rest 

of the area. Mean spread area per cell was calculated based on a manual count of the number 

of cells in the field. For ERK activation and nuclear translocation experiments, intensity 

values of the Venus and Cerulean channels of FRET images were calculated with another 

custom MATLAB code, and FRET ratio was calculated as Venus/Cerulean intensity. 

Intensity values were normalized with the intensity values of the initial time point. 

 

2.3. IMAGE ANALYSIS BY MATLAB 

2.3.1. Macroscopic Signaling Vector Analysis (M-SVA) 

For each cell image, the macroscopic signaling vector is calculated as follows (Weiger 

et al., 2010) (Figure 3.1A).  The coordinates of the cell’s centroid are subtracted from those 

of each of its hot spots i, defining the position of the hot spot relative to the cell centroid xi = 

(xi,yi), and its vector si is defined with magnitude equal to the fluorescence volume (AiFi); the 

overall, resultant signaling vector SR is the sum of si: 
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The temporal resolution of image acquisition, t (2 minutes) was found to be too fine 

for tracking the cell (centroid) movement vector, defined as C; a time step of 6t (12 

minutes) was found to be optimal.  For the purpose of vector correlation, the signaling vector 
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assigned to a particular cell movement step, from ti to ti + 6t, was taken as the average of 

the six SR calculated for ti, ti + t, …, ti + 5t (SAve). 

A method for correlating any two sets of vectors was implemented in MATLAB, using 

a correlation coefficient metric, , defined in detail by Hanson et al. (Hanson et al., 1992). 

The metric incorporates both the magnitudes and directions of the two vector sets and ranges 

from –1 (perfectly anti-correlated) to 1 (perfectly correlated);  = 0 indicates completely 

uncorrelated data.  The method was applied to SAve and C, with varied time lag (positive time 

lag indicating that the signaling vector preceded the cell movement), and the same procedure 

was used to autocorrelate each of the vectors. 

 

2.3.2. Calculation of Enrichment Factor 

Enrichment factor was calculated to see whether there is any correlation between 

protrusion/retraction with the hotspots. Protruded and retracted areas were calculated by 

comparing cell areas in consecutive planes using another custom MATLAB code. Earlier 

segmented images were modified such that only hot spots were present and all other regions 

were omitted. Protruded and retracted areas were used as masks with hot spot images to find 

out the regions in a protruded/retracted area that contained hot spots. Using similar 

MATLAB codes used earlier, area and intensity of the images was calculated. Enrichment 

(E) was calculated as the ratio of protruded/retracted area with hot spots to fraction of total 

cell area populated with hot spots (HS).  

 

E   
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2.3.3. Hot-spot Tracking for Microscopic SVA (µ-SVA) 

Hot-spot regions, identified as described in the previous section, were tracked using 

custom MATLAB codes as follows (Weiger et al., 2010). For each hot-spot region in a 

particular image, the algorithm looks for one or more region(s) with overlapping pixels in the 

next two frames (thus guarding against the possibility that the hot spot was missed for a 

frame). If there are none, it is marked as a death event for the hot spot in the previous image. 

Conversely, if the same procedure is performed in reverse, and it is found that a hot spot in 

the next image does not overlap with any in the previous frame, it is marked as a birth event. 

If a hot spot is found to overlap with only one hot spot in the next frame (or with one hot spot 

two frames later, if the hot spot was missed for a frame, as outlined above), the movement is 

assigned to the same hot-spot path. If, on the other hand, a hot spot in the previous image is 

found to overlap with two or more hot spots in the next image, it is counted as a branching 

event; the same outcome when the procedure is performed in reverse is counted as a merging 

event. A branching event is disregarded if the hot spot apparently splits and then merges 

within the next two frames (in which case the merging event is also disregarded). This added 

step guards against the possibility that the algorithm temporarily misses the continuity of a 

weaker, but nonetheless intact, hot spot. Another potential artifact is the possibility that a hot 

spot moves so quickly during a 2-min interval that it causes a break in the path of continuous 

overlap, resulting in an apparent death of a hot spot and birth of another in the same interval. 

In the 28 cells analyzed, there were 247 instances of coincident death-birth, and these were 

checked manually for interruption of tracking; none were obvious failures of the tracking 
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algorithm, but in nine cases (3.6%), the death and birth events were such that the 

determination was ambiguous. 

The path of each hot-spot region determines its lifetime and net distance moved (the 

distance between its centroid positions at birth and death). All combinations of branched and 

merged hot-spot paths were considered. For example, consider a hot spot that is born and 

later merges with another hot spot that had not previously branched or merged; these two 

hot-spot paths would be considered distinct paths that now share a common subpath. If at 

some point the merged hot spot were to branch into three hot spots, then in this example there 

would be six distinct hot-spot paths from that point forward. 

 

2.3.4. Spatiotemporal Mapping 

When a parameter value changes both spatially and temporally, heatmap is one of the 

best ways to represent in 2-dimensional plot (Welf et al., 2012). The protruded areas for each 

time interval are identified as pixels associated with the cell in the present image but not in 

the previous image and vice versa for the retracted areas. For each protruded or retracted 

pixel, the angle between the pixel and the cell centroid (relative to the negative x axis) was 

calculated and rounded to the nearest whole angle. Protrusion or retraction velocity was 

calculated as the net change in number of protruded/retracted pixels along the indicated angle 

(multiplied by the pixel size) divided by the change in time. Extended morphological 

structures were identified as follows. Each fluorescence intensity image was thresholded, and 

the pixels defining the cell perimeter were indexed according to their relative positions. The 

local mean distance of the cell periphery from the cell centroid (averaged over 20 adjacent 
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pixels) was calculated for each indexed location, and pixels that were >1 µm beyond the 

local mean were considered associated with extended morphological structures. These 

structures were smoothed by a standard morphological opening operation, and, finally, the 

contour of the region was enlarged (dilated) by 5 pixels on each side. Pixels associated with 

the structures thus identified were mapped according to their angles relative to the cell 

centroid, with the value given in the heat map calculated as the number of pixels lying along 

the indicated angle. Same thing was performed with hotspots while presenting spatiotemporal 

signaling instead of protrusion/retraction. 

For the purposes of graphical presentation and correlation analysis, the protrusion 

velocity, hotspot signaling, and morphological extension metrics were smoothed using a 

weighted linear least squares and a first-degree polynomial model using spatial and temporal 

spans of 5° and five frames, respectively. For the correlation of time derivatives, a span of 

10° and 10 frames was used. Cross-correlations between the mapped protrusion, signaling, 

and morphology metrics, binned into 10-degree angle intervals, were calculated using the 

MATLAB function normxcorr2. To confirm that the correlations involving local protrusion 

are not influenced by potential artifacts associated with binning protruded pixels by angle 

relative to the centroid, the correlation calculations were repeated using a more selective 

protrusion-mapping method. In the modified algorithm, among the protruded or retracted 

pixels found in a particular angular bin, only those belonging to the contiguous region 

located furthest from the centroid were included. We confirmed that the use of this approach 

did not affect any of our conclusions, including the temporal offset between protrusion and 

signaling. 
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2.3.5. Analysis of Nuclear Translocation and FRET Signals 

FRET images are generally acquired in a set of two different fluorophore intensities. 

Here, cerulean and venus fluorophores are used as donor and acceptor, respectively. All 

images were background subtracted using MetaMorph imaging software and converted into 

8-bit TIFF files before further analysis using MATLAB. Binary masks were made using a 

custom MATLAB code such that only the region of interest has a constant intensity value 

(1), and rest of the image has no intensity (0). Nucleus is the region of interest for nuclear-

EKAR, whereas cell area except nucleus was the region of interest for cyto-EKAR. These 

masks were applied on the 8-bit images and intensity values of the regions were calculated 

using another MATLAB code. Finally, ratio of acceptor and donor (venus/cerulean) 

intensities were calculated as a measure of FRET signal for each time point. These values 

were normalized with the initial data point. 

For nuclear localization measurement, mCherry-ERK2 was used as a biosensor, and 

images were acquired along with the nuclear-EKAR FRET images. All the images were 

background subtracted and converted into 8-bit TIFF files like before. Similar binary masks 

were made with nuclear-EKAR images, and were applied on the mCherry-ERK2 images to 

calculate area and average intensity of the nuclear regions only. Total cell area and average 

intensity values were calculated as well. Intensities of the nuclear regions were normalized 

with average intensities of total cell area for each time point. Finally, these intensity values 

were normalized further with the initial value such that the normalized intensities start with a 

value of 1.  
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CHAPTER 3 

 

DEVELOPMENT AND APPLICATIONS OF NOVEL IMAGE 

ANALYSIS TECHNIQUES FOR THE STUDY OF INTRACELLULAR 

SIGNALING DURING CELL MIGRATION 

 

(Adapted from Weiger MC, Ahmed S, Welf ES, Haugh JM (2010). Directional persistence 

of cell migration coincides with stability of asymmetric intracellular signaling. 

Biophysical Journal, 98: 67-75; with excerpts from Welf ES, Ahmed S, Johnson, HE, Melvin 

AT, Haugh JM (2012). Migrating fibroblasts reorient directionality by a metastable, 

PI3K-dependent mechanism. Journal of Cell Biology, 197: 105-114.) 

 

It has long been appreciated that spatiotemporal dynamics of cell migration are under 

the control of intracellular signaling pathways, which are mediated by adhesion receptors and 

other transducers of extracellular cues. Further, there is ample evidence that aspects of cell 

migration are stochastic: how else could it exhibit directional persistence over timescales 

much longer than typical signal transduction processes, punctuated by abrupt changes in 

direction? Yet the mechanisms by which signaling processes affect those behaviors remain 

unclear. We have developed analytical methods for relating parallel live-cell microscopy 

measurements of cell migration dynamics to the intracellular signaling processes that govern 

them. In this analysis of phosphoinositide 3-kinase (PI3K) signaling in randomly migrating 

fibroblasts, we observe that hot spots of intense signaling coincide with localized cell 

protrusion and endure with characteristic lifetimes that correspond to those of cell migration 

persistence. We further show that distant hot spots are dynamically and stochastically 

coupled. These studies culminated in our elucidation of a PI3K-dependent mechanism by 

which fibroblasts reorient the directionality of migration.  
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3.1. INTRODUCTION 

 

The movement of eukaryotic cells on a uniformly adhesive surface is traditionally 

characterized as a persistent random walk. In this conceptual model, cells migrate along a 

fairly straight path during short time intervals, whereas over longer time intervals, the cells 

execute random changes in direction. The transition between these regimes occurs on a 

timescale of ∼3–30 min, depending on the experimental context (Berg, 1983; Dickinson and 

Tranquillo, 1993; Dunn and Brown, 1987; Lauffenburger and Linderman, 1993). Although it 

is clear that migration on a rigid surface coated with extracellular matrix (ECM) is rather 

different from cell motility in vivo, as seen in wound healing, tissue morphogenesis, and 

cancer metastasis (Condeelis and Segall, 2003; Green and Yamada, 2007; Prasad and 

Montell, 2007), cell migration in two dimensions remains a viable system for studying 

fundamental aspects of cell migration. In particular, there is a gap in our understanding of 

how the various intracellular signal transduction pathways that regulate cell protrusion, 

adhesion, and contractility associated with cell migration are dynamically coordinated 

(Maheshwari and Lauffenburger, 1998; Ridley et al., 2003; Sabouri-Ghomi et al., 2008). To 

achieve productive migration, a cell must be spatially polarized, with differential localization 

of signaling, adhesion, and cytoskeletal processes to promote net protrusion at one end and 

net retraction at the other (Ridley et al., 2003). Maintenance of this fore-aft asymmetry is the 

basis for directional persistence (Petrie et al., 2009). 

A diverse array of signaling enzymes and adaptor proteins have been implicated in 

random and spatially biased cell migration (Wang et al., 2007), and the importance of any 

one molecular pathway is likely to be context-dependent, even for the same cell. With that 
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said, activation of phosphoinositide 3-kinase (PI3K)-dependent pathways apparently plays 

the most ubiquitous role, serving as a point of convergence for soluble and ECM-associated 

cues and a hub for signaling through Rho-family GTPases, serine-threonine kinases, and 

other modulators of adhesion and cytoskeletal dynamics (Cain and Ridley, 2009). PI3Ks are 

lipid kinases that activate signaling by generating 3′-phosphorylated phosphoinositide (3′ PI) 

lipids, and accumulation of 3′ PIs at the plasma membrane can be monitored in living cells 

using certain fluorescent fusion protein biosensors (Varnai and Balla, 2006). PI3K signaling 

has been implicated in numerous aspects of cell migration, including spatial gradient sensing, 

cell polarization, and modulation of cell protrusion, and perhaps this is why its precise 

mechanisms and roles in different cellular and environmental contexts have been difficult to 

parse (Hoeller and Kay, 2007; Loovers et al., 2006; Sasaki et al., 2007; Weiger et al., 2009). 

What is apparent, however, is that PI3K activation is among the furthest-upstream processes 

to exhibit symmetry breaking; in response to spatially uniform stimulation with 

chemoattractants, human leukocytes (differentiated HL-60 cells), vegetative Dictyostelium 

discoideum cells, and mouse fibroblasts all exhibit localized regions of 3′ PI enrichment, 

seen as patches or “hot spots” of higher biosensor fluorescence (Postma et al., 2003; Sasaki 

et al., 2007; Schneider et al., 2005; Servant et al., 2000). 

Recently, we used total internal reflection fluorescence (TIRF) microscopy to show 

that hot spots of PI3K signaling are also present in fibroblasts randomly migrating on 

immobilized fibronectin, and further, that the hot spots are dynamic and preferentially 

localized in membrane protrusions oriented in the direction of overall cell movement (Weiger 

et al., 2009). Those observations have led us to ask how the spatial pattern of intracellular 
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signaling, through PI3K and other pathways, might be related to the direction and efficiency 

of cell movement observed using live-cell fluorescence microscopy, and how the dynamics 

of hot spots and other important features of the signaling pattern might be related to local 

changes in cell motility. To address these questions, we have developed a collection of image 

analysis protocols that we call signaling vector analysis (SVA). After outlining the 

development of the approach, and its variations, we report its application to an expanded set 

of 28 randomly migrating fibroblasts; in these cells, nearly 1400 hot spots of PI3K signaling 

were identified, tracked, and related to the morphodynamics of the cells as they moved. From 

these observations and analyses, we offer what to our knowledge is a new conceptual model 

of random migration persistence based on the protrusion of stochastically activated, yet 

coordinated, lamellipodia, reminiscent of a tug of war. By identifying the characteristic 

timescales associated with hot-spot dynamics, this conceptual model gives way to a 

quantitative one, in which signaling hot spots are maintained for an uncertain duration 

through a dynamic yet fragile equilibrium of relatively fast activation and deactivation 

processes. Based on our observations, we further propose that migrating fibroblasts achieve 

large-scale reorientation of migration polarity through PI3K-dependent branching and 

pivoting of lamellipodia. 

 

3.2. MATERIALS AND METHODS 

3.2.1. Cell Culture and Reagents 

Stable expression of the 3′ phosphoinositide-specific biosensor construct EGFP-AktPH 

in NIH 3T3 mouse fibroblasts (American Type Culture Collection, Rockville, MD) was 
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achieved by retroviral infection and puromycin selection, as previously described (Weiger et 

al., 2009). The cells were subcultured using Dulbecco's modified Eagle's medium 

supplemented with 10% v/v fetal bovine serum and 1% v/v penicillin/streptomycin/glutamate 

as the growth medium. All tissue culture reagents were purchased from Invitrogen (Carlsbad, 

CA). Human plasma fibronectin was obtained from BD Biosciences (San Jose, CA) and 

Invitrogen. 

 

3.2.2. Cell Migration Experiments 

Glass coverslips were cleaned, sterilized, coated with fibronectin (10 μg/ml) for 1 h at 

37°C, washed with deionized, sterile water, and dried within 30 min of the experiment. 

EGFP-AktPH-expressing cells were serum-starved for 2.5 h and then detached with a brief 

trypsin-EDTA treatment and suspended in the imaging buffer (20 mM HEPES, pH 7.4, 125 

mM NaCl, 5 mM KCl, 1.5 mM MgCl2, 1.5 mM CaCl2, 10 mM glucose, 1% v/v fetal bovine 

serum, 2 mg/ml fatty-acid-free bovine serum albumin). After centrifugation at 100 × g for 3 

min, the cells were resuspended in imaging buffer and plated on the fibronectin-coated 

coverslips at a density of 10,000 cells/ml and allowed to spread for 1 h before imaging. 

Mineral oil was layered on top of the buffer to prevent evaporation during the experiment. 

 

3.2.3. TIRF Microscopy 

TIRF microscopy is used to selectively excite fluorophores within ∼100 nm of the 

substratum-buffer interface, illuminating the plasma membrane contact area and, in 

fibroblasts, ∼5–10% of the cytoplasm directly above it (Schneider and Haugh, 2004). Our 

prism-based TIRF microscope has been described in detail previously (Schneider and Haugh, 



 

70 

2005). EGFP was excited using a 60-mW 488-nm line from a tunable-wavelength argon ion 

laser head (Melles Griot, Irvine, CA). A 20× water immersion objective (Achroplan, 0.5 NA; 

Zeiss, Oberkochen, Germany) and 0.63× camera mount were used. Digital images, with 2 × 2 

binning, were acquired at 2-min intervals using a Hamamatsu ORCA ER cooled CCD 

(Hamamatsu, Bridgewater, NJ), with a fixed exposure time × gain of 1000–1200 ms, and 

Metamorph software (Universal Imaging, West Chester, PA). 

 

3.2.4. Image Segmentation and Implementation of Macroscopic SVA 

Image segmentation was performed as follows. A custom code was written in 

MATLAB (The MathWorks, Natick, MA) to read the image files as data matrices and 

process them using the k-means clustering method, which bins pixels by relative intensity, 

assuming a specified number (k) of peaks in the intensity distribution. For our images, k = 4 

was found to be optimum. The pixels in the acellular background (lowest intensity) are 

grouped in bin 1, whereas regions of intense fluorescence (hot spots) are found in bin 4. For 

each cell, masks were generated that define regions of interest corresponding to the entire 

cell contact area (bins 2–4) and hot-spot regions (bin 4 only). MATLAB Image Processing 

Toolbox was used to determine the area (A), average intensity (F), and centroid coordinates 

of each labeled region, and a minimum area cutoff of 20 pixels was imposed on the hot spots 

to ensure that they are contiguous regions, not transient speckles. 
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Figure 3.1. Illustration of SVA. (A) Constructing the macroscopic signaling vector for M-SVA. 

(Upper) A representative TIRF image of a GFP-AktPH-expressing fibroblast's contact area is shown 

in pseudocolor (left) and after segmentation (middle) using the k-means algorithm (k = 4). Pixels in 

the highest intensity bin (hot spots) are shown in black, and other pixels assigned to the cell (bins 2 

and 3) are shown in gray. Construction of the resultant macroscopic signaling vector is shown at 

right. Scale bar, 20 μm. (Lower) A cartoon illustrates our scheme for averaging signaling vectors (SR) 

over time periods appropriate for tracking cell migration (C); it is noted that the time interval for cell 

tracking was 6Δt = 12 min, not 3Δt as shown (see Chapter 2). (B) Tracking hot-spot dynamics and 

fates (μ-SVA). The plot shown indicates the (x,y) positions of each fluorescent hot-spot centroid from 

birth to death, accounting also for hot-spot branching and merging events, for a representative cell 

A 
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(see also Figures 3.2, A and B). Each hot spot's path is connected by lines, color-coded from cool to 

warm according to advancing time (time interval, 2 min).  

For each cell image, the macroscopic signaling vector is calculated as follows (Weiger 

et al., 2009) (Figure 3.1A). The coordinates of the cell's centroid are subtracted from those of 

each of its hot spots, i, defining the position of the hot spot relative to the cell centroid, xi = 

(xi,yi), and its vector, si, is defined with magnitude equal to the fluorescence volume (AiFi); 

the overall, resultant signaling vector SR is the sum of si: 
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s  (3.1) 

The temporal resolution of image acquisition, t (2 minutes) was found to be too fine 

for tracking the cell (centroid) movement vector, defined as C; a time step of 6t (12 

minutes) was found to be optimal.  For the purpose of vector correlation, the signaling vector 

assigned to a particular cell movement step, from ti to ti + 6t, was taken as the average of 

the six SR calculated for ti, ti + t, …, ti + 5t (SAve). 

A method for correlating any two sets of vectors was implemented in MATLAB, using 

a correlation coefficient metric, , defined in detail by Hanson et al. (Hanson et al., 1992).  

The metric incorporates both the magnitudes and directions of the two vector sets and ranges 

from –1 (perfectly anti-correlated) to 1 (perfectly correlated);  = 0 indicates completely 

uncorrelated data.  The method was applied to SAve and C, with varied time lag (positive time 

lag indicating that the signaling vector preceded the cell movement), and the same procedure 

was used to autocorrelate each of the vectors. 
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3.2.5. Hot-spot Tracking for Microscopic SVA 

Hot-spot regions, identified as described in the previous section, were tracked using 

custom MATLAB codes as follows. For each hot-spot region in a particular image, the 

algorithm looks for one or more region(s) with overlapping pixels in the next two frames 

(thus guarding against the possibility that the hot spot was missed for a frame). If there are 

none, it is marked as a death event for the hot spot in the previous image. Conversely, if the 

same procedure is performed in reverse, and it is found that a hot spot in the next image does 

not overlap with any in the previous frame, it is marked as a birth event. If a hot spot is found 

to overlap with only one hot spot in the next frame (or with one hot spot two frames later, if 

the hot spot was missed for a frame, as outlined above), the movement is assigned to the 

same hot-spot path. If, on the other hand, a hot spot in the previous image is found to overlap 

with two or more hot spots in the next image, it is counted as a branching event; the same 

outcome when the procedure is performed in reverse is counted as a merging event. A 

branching event is disregarded if the hot spot apparently splits and then merges within the 

next two frames (in which case the merging event is also disregarded). This added step 

guards against the possibility that the algorithm temporarily misses the continuity of a 

weaker, but nonetheless intact, hot spot. Another potential artifact is the possibility that a hot 

spot moves so quickly during a 2-min interval that it causes a break in the path of continuous 

overlap, resulting in an apparent death of a hot spot and birth of another in the same interval. 

In the 28 cells analyzed, there were 247 instances of coincident death-birth, and these were 

checked manually for interruption of tracking; none were obvious failures of the tracking 
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algorithm, but in nine cases (3.6%), the death and birth events were such that the 

determination was ambiguous. 

The path of each hot-spot region determines its lifetime and net distance moved (the 

distance between its centroid positions at birth and death). All combinations of branched and 

merged hot-spot paths were considered. For example, consider a hot spot that is born and 

later merges with another hot spot that had not previously branched or merged; these two 

hot-spot paths would be considered distinct paths that now share a common subpath. If at 

some point the merged hot spot were to branch into three hot spots, then in this example there 

would be six distinct hot-spot paths from that point forward. 

 

3.2.6. Spatiotemporal Mapping (Performed by Erik S. Welf) 

The protruded areas for each time interval are identified as pixels associated with the 

cell in the present image but not in the previous image and vice versa for the retracted areas. 

For each protruded or retracted pixel, the angle between the pixel and the cell centroid 

(relative to the negative x axis) was calculated and rounded to the nearest whole angle. 

Protrusion or retraction velocity was calculated as the net change in number of 

protruded/retracted pixels along the indicated angle (multiplied by the pixel size) divided by 

the change in time. Extended morphological structures were identified as follows. Each 

fluorescence intensity image was thresholded, and the pixels defining the cell perimeter were 

indexed according to their relative positions. The local mean distance of the cell periphery 

from the cell centroid (averaged over 20 adjacent pixels) was calculated for each indexed 

location, and pixels that were >1 µm beyond the local mean were considered associated with 
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extended morphological structures. These structures were smoothed by a standard 

morphological opening operation, and, finally, the contour of the region was enlarged 

(dilated) by 5 pixels on each side. Pixels associated with the structures thus identified were 

mapped according to their angles relative to the cell centroid, with the value given in the heat 

map calculated as the number of pixels lying along the indicated angle.  

For the purposes of graphical presentation and correlation analysis, the protrusion 

velocity, hotspot signaling, and morphological extension metrics were smoothed using a 

weighted linear least squares and a first-degree polynomial model using spatial and temporal 

spans of 5° and five frames, respectively. For the correlation of time derivatives, a span of 

10° and 10 frames was used. Cross-correlations between the mapped protrusion, signaling, 

and morphology metrics, binned into 10-degree angle intervals, were calculated using the 

MATLAB function normxcorr2. To confirm that the correlations involving local protrusion 

are not influenced by potential artifacts associated with binning protruded pixels by angle 

relative to the centroid, the correlation calculations were repeated using a more selective 

protrusion-mapping method. In the modified algorithm, among the protruded or retracted 

pixels found in a particular angular bin, only those belonging to the contiguous region 

located furthest from the centroid were included. We confirmed that the use of this approach 

did not affect any of our conclusions, including the temporal offset between protrusion and 

signaling. 
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3.3. RESULTS 

3.3.1. Development of SVA  

The macroscopic signaling vector is constructed as described under Materials and 

Methods of Chapter 2 (Figure 3.1A). It is a fluorescence-weighted average of the orientations 

of PI3K signaling hot spots relative to the centroid of each cell's contact area (visualized by 

TIRF microscopy), and its magnitude reflects the sizes, intensities, and spatial asymmetry of 

the hot spots, determined from a single, static image. Hot spots are identified using standard 

image segmentation. Thus, to the extent that the localization of PI3K signaling is associated 

with cell motility, the signaling vector offers a prediction of the direction and/or speed of net 

cell movement, and changes in the signaling vector with time should determine or correspond 

with changes in cell migration behavior. The conceptual model, consistent with observations 

of the cells, is that hot spots of PI3K signaling engage in a “tug-of-war”, vying to determine 

the direction of cell movement; it is further posited that the relative amount of fluorescence 

in each hot spot determines its influence on translocation of the cell centroid. We refer to this 

proposed relationship between signaling pattern and overall cell movement as macroscopic 

SVA (M-SVA). 

We are also interested in the dynamics and fates of the individual hot spots 

(Figure 3.1B). If one were to track the motions of hot spots, would their lifetimes or 

velocities depend on their relative fluorescence levels? We also seek to characterize the rates 

of stochastic birth and death of individual hot spots and to determine whether or not such 

events are coupled. For instance, if the amount of PI3K or another key molecular component 

were stoichiometrically limiting, one might expect that the death of one hot spot would be 

http://www.sciencedirect.com/science/article/pii/S0006349509015653#sec2
http://www.sciencedirect.com/science/article/pii/S0006349509015653#sec2
http://www.sciencedirect.com/science/article/pii/S0006349509015653#fig1
http://www.sciencedirect.com/science/article/pii/S0006349509015653#fig1
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followed by the birth of another (or vice versa) with a greater than average probability. We 

refer to the tracking of individual hot-spot movements and fates as microscopic SVA (μ-

SVA). 

 

3.3.2. Net Cell Movement During Random Fibroblast Migration is Spatiotemporally 

Correlated with the Intracellular Pattern of PI3K Signaling 

 

We first demonstrate that the macroscopic signaling vector is generally aligned with 

overall cell migration, extending our previous analysis (Weiger et al., 2009) (Figure 3.2). 

Using TIRF microscopy, we monitored the PI3K signaling pattern and contact area centroid 

movement of 28 NIH 3T3 cells as they migrated on fibronectin. As shown qualitatively for a 

representative cell in Figures 3.2, A and B, the centroid migration vector typically follows 

the asymmetry of 3′ PI localization, as indicated by the calculated signaling vector. This cell 

is the same as that depicted in Figure 3.1B. For each cell, we quantified the alignment of the 

two vectors using a correlation coefficient metric that accounts for vector magnitudes and 

directions (Hanson et al., 1992) and compared signaling and cell movement vectors with 

varying time lag (Figure 3.2C). Within the temporal resolution of our analysis, the highest 

mean correlation was found at zero time lag, when the majority of the cells exhibited positive 

correlation coefficient values >0.5 (Figure 3.2D). We also explored alternative definitions of 

the signaling vector, with hot spots weighted differently (Figure 3.8 of the Appendix). As 

expected, the correlation was relatively poor when the signaling vector did not account for 

the relative sizes or intensities of the PI3K hot spots. A more comprehensive correlation of 

protrusion velocity and PI3K hotspot fluorescence with variable time lag (for all angular 

positions and cells) peaks with protrusion preceding signaling by ~1–2 min (Figure 3.9 of the 
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Appendix); the peak is sharpened considerably by correlating the positive derivatives 

(changes with respect to time) of the measurements, indicating that PI3K signaling increases 

in intensity after the movement of the leading edge begins to accelerate. Whereas PI3K 

signaling increases after initiation of protrusion, the reverse process—loss of PI3K signaling 

accompanied by net retraction—occurs with no perceptible time lag (Figure 3.9 of the 

Appendix) 

The breadth of the peak in Figure 3.2C, exhibiting positive mean correlation 

coefficients for time shifts within ∼20 min in either direction, is attributed to the similar 

persistence of PI3K signaling and cell movement. Indeed, the correlation coefficient for each 

vector with itself (averaged over the 28 cells) exhibits an exponential dependence on time 

lag, as anticipated, and the associated time constants for the signaling vector (18.3 min) and 

cell velocity vector (13.6 min) are comparable (Figures 3.2, E and F). Taken together, these 

results indicate that changes in cell migration behavior occur in tandem with changes in the 

pattern of PI3K signaling. 
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Figure 3.2. Macroscopic PI3K signaling vector as a predictor of cell movement. (A) TIRF 

montage depicting signaling and migration vectors during random migration; the time relative to the 

start of image acquisition is indicated. Scale bar, 20 μm. (B) Migration path of the centroid for the cell 

shown in a, measured at 12-min intervals (circles). The direction of the signaling vector is indicated 

by a short line emanating from each centroid point. (C) Correlation of PI3K signaling and centroid 

velocity vectors. The time lag is the interval between measurements of signaling and migration 

vectors, and the correlation coefficient means (circles) and 95% confidence intervals (gray regions) 

are shown for n = 28 cells. (D) Correlation coefficients for individual cells at zero time lag, ranked in 

descending order. (E and F) The persistence of cell movement is consistent with that of the 

macroscopic PI3K signaling vector. The two vector quantities were autocorrelated, and the resulting 

correlation coefficients were averaged for the 28 cells and fit to an exponential distribution, exp(−t/τ), 

where t is the time lag and τ is the apparent time constant of change. 

A 

 

  

 

B 
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3.3.3. Hot spots of PI3K Signaling are Enriched in Regions of Membrane Protrusion 

According to our conceptual model, local PI3K signaling dynamics are related to 

asymmetric membrane protrusion. If so, another quantitative way to test the model is to 

demonstrate that PI3K hot spots are enriched in the protruded area (PA), determined for each 

cell and for a certain time interval (12 min, consistent with the analysis in Figure 3.2), and 

much less so in the corresponding retracted area (RA) (Figure 3.3A). To show this, we define 

the level of enrichment, E, as the fraction of the PA or RA populated with hot-spot pixels 

divided by the fraction of the total contact area (in the earlier image) populated with hot-spot 

pixels; E > 1 means that hot spots are enriched in the region of interest. The time-averaged 

means for the 28 cells in our cohort range from 0.91–6.3 for the PA (3.0 ± 1.5, mean ± SD) 

and from 0.07–1.3 for the RA (0.61 ± 0.37, mean ± SD). The plot in Figure 3.3B shows that 

all 28 cells have significantly higher enrichment in the PA (p = 5 × 10
−11

, paired t-test). 
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Figure 3.3. PI3K signaling hot spots tend to be localized in regions of membrane protrusion. (A) 

TIRF images, separated by 12-min intervals, are compared so as to determine the protruded and 

retracted areas. Pixels in the protruded area are associated with the cell contact area in the more recent 

image but were in the background in the earlier image; conversely, pixels in the retracted area were in 

the contact area in the earlier image but are in the background in the more recent image. Scale bar, 20 

μm. (B) The enrichment, E, of a region is defined as the fraction of its pixels belonging to hot spots, 

compared to that of the whole-cell contact area. Circles indicate the time-averaged mean values of E 

in the protruded and retracted areas for each of 28 cells. An E value >1 indicates that the region of 

interest has, on average, a higher percentage of hot-spot pixels than the entire contact area. 
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3.3.4. Hot spots with Greater PI3K Signaling Activity Tend to be More Stable and 

Therefore Move More Productively 

 

Having characterized the spatial asymmetry and temporal persistence of the overall 

PI3K signaling pattern and its relation to net cell protrusion and movement, we employed μ-

SVA to track the dynamics of individual hot spots (their 3′ PI accumulation kinetics and 

movements). This allowed us to address the more fundamental question of how local 

membrane protrusion depends on the level of PI3K signaling (Figure 3.4). The time-averaged 

fluorescence volume (AiFi), normalized by the fluorescence volume of the cell contact area 

(averaged over the same time period), was calculated for each of 1395 hot-spot paths, and 

hot-spot paths were binned into three equal-sized groups (n = 465) based on this metric of 

PI3K signaling (Figure 3.4B, Low, Intermed., and High). 

The hot-spot paths with higher relative PI3K signaling levels tend to move more 

productively, as measured by the distance between birth and death points (Figure 3.4C). The 

mean distances of the three bins are 8, 22, and 30 μm, respectively, and all pairwise 

comparisons among these groups are statistically significant (p < 10
−10

, Student's t-test). A 

similar trend was found when comparing the lifetimes of the three groups (results not 

shown), and when the net movement of each hot-spot path is normalized by its lifetime, the 

three groups binned by fluorescence level are not statistically different (Figure 3.4D; p > 0.45 

for all comparisons by Student's t-test). This implies that hot spots with greater PI3K 

signaling move more productively because they live longer, not because they move more 

efficiently. 
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Figure 3.4. Productive movements of individual hot spots depend on their PI3K signaling levels. 

(A) Hot-spot paths were tracked from birth to death using μ-SVA. The schematic illustrates the 

determination of the net distance traveled (dashed line) and lifetime (number of segments in the path, 

converted to minutes). (B-D) The hot spots were binned into three, equal-sized groups (n = 465) 

based on their normalized, time-averaged fluorescence volume (see the main text for details) (B), 

from which was determined their net distance traveled from birth to death (C) and their net distance 

traveled divided by lifetime (D). Each hot-spot path is represented by a dot, and the black bars 

indicate mean values. 

 

3.3.5. The Persistence of Cell Migration is Consistent with the Characteristic Lifetime 

of Individual PI3K Hot spots 

 

The information gathered using the μ-SVA approach can also be used to quantify hot-

spot fates, which we characterize in terms of birth (appearance of a new hot spot), death 

(disappearance of a hot spot), branching (splitting of one hot spot into two or more), and 

merging (coalescing of multiple hot spots into one) events. The rate of each of these 
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processes was taken as the total number of events divided by the total time of observation. As 

noted in chapter 2, the disappearance of a hot spot in one frame followed by the appearance 

of an overlapping hot spot in the next frame was not considered a bona fide death (or birth) 

event, and a hot spot splitting and then coalescing within two successive frames (4 min) was 

not considered a bona fide branching (or merging) event. We found that these steps were 

effective in filtering out spurious fate assignments by the hot-spot tracking algorithm. 

The average number of hot spots, N, and the frequencies of the four fate events are 

listed in Table 1. We find good agreement between the inverse of the specific death rate, 

N/Vdeath (18.7 min), and the time constant of macroscopic signaling vector persistence (18.3 

min; Figure 3.2E). Because the rates of birth and death are closely matched (Vbirth ≈ Vdeath, 

and, because the number of hot spots is approximately conserved, Vbranch ≈ Vmerge), the value 

of N/Vbirth (19.8 min) also captures the timescale of major changes in the signaling pattern. 

Further, there is good correspondence between the timescale of overall hot-spot consumption 

(or generation), calculated as N/(Vdeath + Vmerge) (13.4 min), and the time constant of cell 

movement persistence (13.6 min; Figure 3.2F). 

 

Table 1. Parameters characterizing the fates of PI3K signaling hot spots 

 

Parameter Value (mean ± s.d.) 

Number of hot spots (hs), N 2.3 ± 0.7 

Average birth rate, Vbirth 0.117 ± 0.057 min
-1

 

Average death rate, Vdeath 0.123 ± 0.061 min
-1

 

Average branch rate, Vbranch 0.054 ± 0.036 min
-1

 

Average merge rate, Vmerge 0.049 ± 0.037 min
-1
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3.3.6. The Fates and Dynamics of Distinct PI3K Hot spots are Stochastically Coupled 

We next asked whether hot spot births and deaths are random or coupled events. To 

answer this question, we determined, for each cell, the waiting times between successive hot-

spot births (birth-birth), successive deaths (death-death), death and birth events (death-birth, 

where each birth is matched with the most recent death), and likewise birth and death events 

(birth-death). If the second of the two events were random, the waiting-time distribution would 

not depend on the nature of the first; otherwise, the two events may be considered coupled. 

 

 

Figure 3.5. Hot-spot birth and death events are positively coupled. Individual PI3K signaling 

hot spots were tracked using μ-SVA, and waiting-time distributions were determined for 

intervals between births, between deaths, and between death-birth and birth-death events. (A) 

Aggregate (pooled data for 28 cells) distributions of birth-birth and death-birth waiting times. (B) 

Aggregate distributions of death-death and birth-death waiting times. (C) Scatter plot showing the 

mean birth-birth and death-birth waiting times (in minutes) for each cell. (D) Scatter plot showing the 

mean death-death and birth-death waiting times (in minutes) for each cell. 
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As shown in Figures 3.5, A and B, the aggregate waiting time distributions pooled 

from all 28 cells exhibit a degree of positive, nonrandom coupling between birth and death 

events, characterized by sharper peaks at ∼2–6 min and lower mean waiting times (∼5.8 min 

for death-birth and 5.7 min for birth-death) in comparison with those of birth-birth (8.0 min) 

and death-death (7.9 min). Figures 3.5, C and D, shows that this positive coupling is 

prevalent when comparing mean waiting times for individual cells; mean death-birth and 

birth-death waiting times tend to be significantly shorter than the mean birth-birth and death-

death waiting times, respectively (p = 9 × 10
−6

 and 2 × 10
−4

, paired t-tests). We conclude that 

the birth of a new hot spot makes existing hot spots more vulnerable to dying out and, 

conversely, the death of a hot spot tends to hasten the birth of another. 

Another way to illustrate this coupling is to examine the kinetics of each hot spot's 

fluorescence volume (AiFi), normalized by that of the whole cell, in relation to those of other 

hot spots. As shown in Figure 3.6, for a representative cell, the fluorescence of each hot spot 

exhibits a great deal of volatility; the apparent fluctuations reflect changes in fluorescence 

intensity as well as region size. Consistent with the analysis shown in Figure 3.5, Figure 3.6 

shows that births of new hot spots tend to precipitate deaths of other hot spots and vice versa, 

and the fluctuations of each hot spot's fluorescence tend to be negatively correlated with 

those of others present at the same time (Figure 3.6, inset). The representative cell also 

exhibits the tendency of these “seesaw” dynamics to occur in rapid succession, relative to the 

temporal resolution of our image acquisition. 
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Figure 3.6. Stochasticity of PI3K signaling during random cell migration. Hot-spot fluorescence 

kinetics exhibit dynamic, counteracting fluctuations. A representative cell was analyzed using μ-SVA, 

and the normalized fluorescence volume of each of its hot spots (AiFi/AcellFcell) is plotted as a function 

of time (in number of image planes, time interval = 2 min). The dynamics of each hot spot is assigned 

a unique color based on when it appeared, and the circle symbols indicate the recorded birth and 

death events. (Inset) Ranked plot of correlation coefficients (mean = −0.23, n = 22), where the 

normalized fluorescence volume of each unique hot-spot subpath was correlated against the sum of 

all others present at the same time; time intervals during which there was only one hot-spot subpath 

(i.e., when no others were present) were discarded from the analysis, and only those subpaths with 

five or more values to correlate were included. 

 

 

3.3.7. Migrating Cells Reorient by Coordinating the Motility Dynamics Across 

Disparate Time Scales 

 

We previously showed that the pattern of PI3K signaling correlates with overall 

direction of cell migration (Figure 3.2 and 3.7A). Here, for the same cohort of randomly 

migrating cells (n = 28), we mapped the radial protrusion/retraction velocity alongside the 

locations of PI3K-signaling hotspots and regions of fingerlike morphological extension as a 
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function of angular position (relative to the cell centroid) and time (Figure 3.7 B). These 

spatiotemporal maps reveal distinct dynamics on short and long time scales (minutes vs. 

hours). Whereas individual protrusion and signaling events tend to be relatively short lived, 

consistent with the previous analysis above, they are almost exclusively confined to long-

lived morphological extensions of the cell. Thus, protrusion and retraction occur along well-

defined tracks in the spatiotemporal map (Figure 3.7B). Accordingly, across the cell 

population, PI3K signaling and protrusion are positively correlated, but the correlation of 

morphological extension with either protrusion or signaling is even greater (Figure 3.10 of 

the Appendix). 

The dynamics of protrusion and retraction determine changes in cell shape and 

directionality. Whereas persistent protrusion at one end of a cell combined with retraction at 

the other end results in a smooth and straight migration path, deviation from that behavior 

causes cell reorientation. As illustrated in Figures 3.7 A and B, cells execute dramatic turns 

by pivoting of protruding structures, characterized by a change in angular position with time, 

most often preceded by branching of a protrusion into two. Thus, if the two branches 

continue to extend symmetrically, the cell can achieve a turn of up to 90°. This appears to be 

a generic behavior exhibited by cells of mesenchymal origin; examples are found in time-

lapse videos accompanying recent publications (Lo et al., 2004; Monypenny et al., 2009; 

Pankov et al., 2005; Uetrecht and Bear, 2009). Another characteristic behavior is switching 

of a region between net protrusion, which is accompanied by intermittent PI3K signaling, 

and net retraction, during which PI3K signaling is silent. This behavior allows the cell to 

effectively reverse polarity and thus execute sharper changes in direction (Figures 3.7 C-E). 
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Figure 3.7. Reorientation of fibroblast migration by branch and pivot of protrusions. NIH 3T3 

fibroblasts expressing GFP-AktPH were monitored by TIRF microscopy during random migration on  

fibronectin (n = 28). (A) A pseudocolor montage showing the characteristic branching and pivoting of 

protrusions and localization of PI3K signaling. The sketch at the right illustrates how protrusion 

velocity, mapped as a function of angular position and time, reveals branch-and-pivot behavior. Bar, 

20 µm. (B) Spatiotemporal maps of protrusion (red)/retraction (blue) velocity, PI3K-signaling 

hotspots, and morphological extensions for the cell depicted in a. a.u., arbitrary unit. (C–E) Protrusion 

branching and switching between protrusion and retraction mediate sharp turns. A pseudocolor 

montage (C), contact area centroid path (D), and spatiotemporal map of PI3K-signaling hotspots (E) 

show how abrupt changes in cell orientation correspond with changes in PI3K signaling (colored 

arrowheads). Bar, 20 µm. 
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3.4. DISCUSSION 

 

Models of intracellular signal transduction (Haugh, 2008; Kholodenko, 2006) and of 

cell motility (Mogilner, 2009), both conceptual and mathematical, are now commonplace; 

however, except perhaps in the context of amoeboid chemotaxis (Iglesias and Devreotes, 

2008), these two phenomena are generally considered separately. We see two reasons for 

this. First, relating intracellular signaling dynamics to the cell responses they govern requires 

long-term monitoring of both processes. This is now possible using fluorescent signaling 

biosensors and spatiotemporally resolved live-cell imaging. Second, the intracellular 

signaling pattern and cell migration are quantified in different terms: fluorescence contained 

within the cellular boundary and movements of the boundary, respectively. Therefore, it is 

not immediately clear how one would relate the two measurements. The analyses developed 

here, M-SVA and μ-SVA, address this need and are meant to complement other 

computational approaches for analyzing fluorescence microscopy data in cell biology 

(Dormann et al., 2002; Dorn et al., 2008; Machacek and Danuser, 2006). The approach is 

based on the concept that hot-spot regions of intense signaling promote local membrane 

protrusion, effectively pushing the cell in different directions. 

The SVA approach was applied to PI3K signaling in randomly migrating fibroblasts, 

and tracking the dynamics and fates of PI3K hot spots led us to develop a phenomenological 

model of cell migration. In this model, the stability of each hot spot, stochastically coupled to 

the dynamics of other hot spots, determines the persistence of cell movement. The timescale 

of hot-spot turnover was 15–20 min for the experimental conditions used here, which is 

much slower than the underlying dynamics of intracellular signaling; we know that the mean 
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lifetime of 3′ PI lipids is only ~1min in these cells (Schneider and Haugh, 2004), for 

example. Therefore, hot-spot fates must be governed by comparatively rare stochastic 

transitions that, through a coupling mechanism, have the potential to dramatically perturb, 

and thus remodel, the pattern of intracellular signaling. 

The SVA approach was applied to PI3K signaling in randomly migrating fibroblasts 

and cell migration velocity (based on centroid movement) was correlated with cell signaling 

without any time difference, at least at our temporal resolution. However, protrusion was 

found to precede the signaling events. Based on our observations and analyses presented here 

and elsewhere (Welf et al., 2012), we propose the following scheme for fibroblast 

reorientation. First, a lamellipodium develops a newly initiated branch. This occurs 

stochastically but with reasonable frequency (once or twice per hour) and is PI3K 

independent. In tandem with the newly formed protrusion, PI3K is recruited. PI3K signaling 

is required for dilation and stabilization of the branched state in its absence, the nascent 

protrusion stalls and eventually retracts. Even after dilating successfully, reorientation is 

most often unsuccessful. This, we speculate, is linked to the inherently dynamic pattern of 

PI3K localization, in which distant regions of PI3K signaling globally compete with one 

another, as discussed before. To the extent that PI3K signaling can be maintained, the 

branched state propagates. We consider this process to be metastable, as it is self-limiting; 

taken to its fullest extent, the two branches end up at opposite ends of the cell, and the cell 

executes a near-90° turn. The process is resolved once one of the ends switches from net 

protrusion to net retraction, at which point the cell is stably polarized and reoriented. 
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The spatiotemporal protrusion maps (as in Figure 3.7) show that protrusion and 

retraction are limited to a few extended structures of the cell, providing the basis for 

fibroblasts’ directional persistence. Protrusion rarely occurs along the cell sides, where 

mature actomyosin stress fibers are under contractile tension. Within the permissive regions, 

protrusions emerge as discrete bursts, seen as punctate spots on the spatiotemporal maps. The 

branched structure is favored because new protrusion bursts are forced to emerge in the 

vicinity of previous ones. 

The localized nature of productive protrusion is consistent with the overlapping 

dynamics associated with the lamellar versus lamellipodial actin networks characterized in 

epithelial cells (Danuser, 2005; Ponti et al., 2004). The dendritic lamellipodial network is not 

required for protrusion per se; rather, through the actions of Arp2/3 and cofilin, it appears to 

maintain and broaden the leading edge after a localized protrusion event (Gupton et al., 

2005). Such a mechanism implies a role for PI3K signaling, which alongside Rac promotes 

Arp2/3 function at the leading edge by activating WAVE complexes (Lebensohn and 

Kirschner, 2009; Oikawa et al., 2004; Sossey-Alaoui et al., 2005). Consistent with this idea, 

fibroblasts with PI3K inhibited are reported to adopt an elongated morphology, with a narrow 

leading edge but no gross defect in cell speed (Welf et al., 2012), similar to those with Rac 

depleted (Pankov et al., 2005). Two of our observations are consistent with this idea. First, 

mean speed of fibroblasts on adhesive thin stripes, which restrict migration to forward and 

backward movements with a narrow leading edge like PI3K inhibited morphology, was 

unaffected by PI3K inhibition (Figure 3.11 of the Appendix).  Second, our results establish 
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that PI3K signaling, like Rac and Cdc42 activation (Machacek et al., 2009; Tsukada et al., 

2008), lags the onset of protrusion. 

The analyses reported here rely on SVA methods that should be portable to other 

systems, provided that the boundaries of the cell and its local regions of higher fluorescence 

intensity are clearly distinguishable. Excellent resolution was achieved in our experiments 

through the use of TIRF microscopy, so it remains to be seen how well the approach would 

work using other microscopy modes, or, with certain modifications, for migration in three 

dimensions (where TIRF is not possible). For measurements in which only a slice of the cell 

cortex is resolved, using confocal fluorescence microscopy, for example, other image 

analysis methods might be more useful on the front end (Dormann et al., 2002). 

Nevertheless, it is envisioned that SVA could serve as a tool for unraveling the spatial 

regulation of cell motility at the molecular level, regardless of context. 
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Figure 3.8. Correlations of PI3K signaling and centroid velocity vectors with alternative 

weightings of the signaling vector.  Analysis was carried out as in Figure 3.2C, except with different 

definitions of the signaling vector.  Rather than weighting  by fluorescence volume (AiFi), correlations 

were developed with unit weighting (all si have unit magnitude), area (Ai) weighting, or intensity (Fi) 

weighting as indicated.  As in Figure 3.2C, the time lag is the interval between measurements of 

signaling and migration vectors, and the correlation coefficient means (symbols) and 95% confidence 

intervals (grey regions) are shown for n = 28 cells. 

 

 

 

Figure 3.9. Time-lagged correlations of PI3K signaling localization with Protrusion. Time-

lagged correlations of PI3K signaling with positive protrusion velocity (left) and of their positive time 

derivatives (increase in signaling with increase in protrusion; middle) and of the negative time 

derivative of PI3K signaling localization with the negative derivative of retraction velocity (increase 

in retraction; right) for the cohort of randomly migrating fibroblasts. Correlation coefficients were 

calculated for each cell, and the aggregate values are reported as mean ± 95% confidence interval (n = 

28). 
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Figure 3.10.  PI3K signaling, membrane protrusion, and regions of morphological extension 

are spatiotemporally correlated during random migration. Time-lagged correlations, pooling all 

angular positions, for the cohort of randomly migrating fibroblasts. From left to right, positive 

protrusion velocity relative to PI3K signaling localization, morphological extensions relative to 

protrusion, and morphological extensions relative to PI3K signaling are shown. Correlation 

coefficients were calculated for each cell, and the aggregate values are reported as mean ± 95% 

confidence interval (n = 28). 

 

 

 

    

Figure 3.11. Mean cell migration speed was unaffected by PI3K inhibition. Typical cell 

morphology on adhesive thin stripes (left). Bar, 20 µm. For each cell, the ratios of cell speeds and of 

rates of protruded area generation after inhibitor treatment relative to before were quantified.  The bar 

plot (right) shows aggregate values expressed as mean ± 95% confidence interval (n = 7). 
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CHAPTER 4 

 

APPLICATIONS OF ELASTOMER NETWORKS AS FUNCTIONAL 

MATERIALS FOR CELL ADHESION AND MIGRATION STUDIES 

 

(Adapted from Ahmed S, Yang H, Ozcam AE, Efimenko K, Weiger MC, Genzer J, Haugh 

JM (2011). Poly(vinylmethylsiloxane) elastomer networks as functional materials for 

cell adhesion and migration studies. Biomacromolecules, 12: 1265-1271.) 

 

Cell migration is central to physiological responses to injury and infection and in the 

design of biomaterial implants. The ability to tune the properties of adhesive materials and 

relate those properties in a quantitative way to the dynamics of intracellular processes 

remains a definite challenge in the manipulation of cell migration. Here, we propose the use 

of poly(vinylmethylsiloxane) (PVMS) networks as novel substrata for cell adhesion and 

migration. These materials offer the ability to tune independently chemical functionality and 

elastic modulus. Importantly, PVMS networks are compatible with total internal reflection 

fluorescence (TIRF) microscopy, which is ideal for interrogating the cell−substratum 

interface; this latter characteristic presents a distinct advantage over polyacrylamide gels and 

other materials that swell with water. To demonstrate these capabilities, adhesive peptides 

containing the arginyl-glycyl-aspartic acid (RGD) tripeptide motif were successfully grafted 

to the surface of PVMS network using a carboxyl-terminated thiol as a linker. Peptide-

specific adhesion, spreading, and random migration of NIH 3T3 mouse fibroblasts were 

characterized. These experiments show that a peptide containing the synergy sequence of 

fibronectin (PHSRN) in addition to RGD promotes more productive cell migration without 

markedly enhancing cell adhesion strength. Using TIRF microscopy, the dynamics of signal 
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transduction through the phosphoinositide 3-kinase pathway were monitored in cells as they 

migrated on peptide-grafted PVMS surfaces. This approach offers a promising avenue for 

studies of directed migration and mechanotransduction at the level of intracellular processes. 

 

4.1. INTRODUCTION 

In humans and other multicellular organisms, cell adhesion and migration phenomena 

are fundamental to transient physiological processes such as development, the immune 

response, and wound repair. Productive cell movement is generally achieved through a 

balance of distinct forces: adhesion to the surrounding extracellular matrix (ECM), protrusion 

of the leading membrane edge, and contraction of the cell body (Lauffenburger and Horwitz, 

1996; Schwartz, 2006). In connective tissue cells such as fibroblasts, all of these 

subprocesses are controlled at least in part by the integrin family of adhesion receptors, 

which act simultaneously as mechanical elements linking the ECM to the cell’s actin 

cytoskeleton and as hubs for recruitment and activation of intracellular signaling molecules 

that promote membrane protrusion (Hynes, 2002; Wang et al., 2007). In particular, 

phosphoinositide 3-kinases (PI3Ks) and Rho-family GTPases (e.g., Rac and Cdc42) have 

been implicated most strongly in transducing integrin-mediated signaling to actuate 

polymerization of actin (Cain and Ridley, 2009; Ridley et al., 2003). Although it is 

appreciated that the mechanical and biochemical functions of integrins are hardly 

independent, the mechanisms by which they are coupled are not yet fully elucidated 

(Giannone et al., 2007; Gupton and Waterman-Storer, 2006; Orr et al., 2006).  
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The migration behaviors of fibroblasts and other motile cells in culture depend on the 

density and composition of ECM deposited on the underlying surface. In general, there is a 

monotonically increasing (but saturable) relationship between ECM density and adhesion 

strength, determined by the number of integrin-ECM bonds formed in the cell membrane-

substratum contact zone; however, cell migration speed is optimized at intermediate 

adhesiveness (Palecek et al., 1997). Thus, provided that the ECM density at surface saturation 

exceeds the optimal level for the cell type in question, there will be a bell-shaped dependence 

of migration speed on ECM density or coating concentration. A major issue in such studies is 

the presentation of adhesive ligands on the surface, which is often not well characterized. 

Fibronectin, collagen, and other ECM proteins are large in size and readily physisorb on glass, 

plastic, and other materials. Although it provides a facile means of immobilization, protein 

adsorption is often accompanied by some degree of denaturation, such that the protein 

conformations on the surface are heterogeneous and vary according to the composition of the 

surface and the other immobilization conditions (Burmeister, 1996; Lee et al., 2006). Further, 

physisorbed proteins can alter their conformations and positions on the surface with time, 

which can be an issue especially when it is assumed that the protein has been deposited with a 

certain pattern or gradient (Fang and Szleifer, 2001; Roach et al., 2005). Alternatively, 

adhesive ligands may be attached covalently to the surface via a number of protein conjugation 

chemistries; to ensure a chemically homogeneous surface, minimal peptides that retain 

integrin-binding affinity such as those containing the arginyl-glycyl-aspartic acid (RGD) 

sequence found in fibronectin and other ECM proteins are typically used (Hersel, 2003). An 

issue with this approach is that other binding motifs found in ECM proteins can affect the 
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quality of the adhesive bond; in fibronectin, the presence of a synergy sequence (PHSRN) 

along with RGD affects the rigidity of the bond (Garcia et al., 2002) and its ability to mediate 

certain intracellular signaling pathways (Friedland et al., 2009). Other important considerations 

include the mechanical stiffness of the substratum material (Discher et al., 2005; Isenberg et al., 

2009) and the degree of clustering of the adhesive ligands (Cavalcanti-Adam et al., 2007; Koo, 

2002; Maheshwari, 2000). In addition, the incorporation of fluorescent beads, which are 

displaced in response to cell-generated traction forces, allows for spatial mapping of those 

forces in the contact zone (Dembo and Wang, 1999; Fournier et al., 2010; Sabass et al., 2008). 

An integrated understanding of cell adhesion and migration will develop in conjunction 

with our ability to connect the aforementioned aspects of the cell−substratum interface with 

the associated intracellular dynamics. A prominent approach for achieving this goal is total 

internal reflection fluorescence (TIRF) microscopy, in which the cell-substratum contact area 

and ≈100 nm of the cytosol above it (i.e., < 10% of the cell volume) are selectively 

illuminated. With the development of genetically encoded, fluorescent protein biosensors, 

this approach has been used to analyze the formation, maturation, and disassembly of 

adhesions (Huang et al., 2003; Nayal, 2006), actin and microtubule polymerization 

(Bretschneider et al., 2004; Krylyshkina et al., 2003), and spatiotemporal dynamics of PI3K 

and Rac signaling (Weiger et al., 2010; Weiger et al., 2009) in migrating cells. A requirement 

for TIRF microscopy is a contrast in refractive index n between the substratum (typically 

glass, n = 1.52) and the aqueous environment (n = 1.33). 

Considering all of these factors, a material that is chemically and mechanically tunable 

and compatible with TIRF microscopy would be highly desirable for cell adhesion and 
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migration studies. Whereas glass or glass with a thin coating is eminently compatible with 

TIRF, it is mechanically stiff; conversely, soft hydrogels mostly contain water and therefore 

lack the optical properties for TIRF. Hydrophobic networks such as the commonly used 

poly(dimethylsiloxane) (PDMS), with n > 1.4, should be compatible with TIRF; however, 

current methods do not allow for chemical modification of PDMS networks without 

compromising their integrity or mechanical properties. Here, we propose the use of 

chemically reactive poly(vinylmethylsiloxane) (PVMS)-based networks as novel functional 

materials for cell migration studies. We demonstrate their compatibility with TIRF to analyze 

the migration and intracellular signaling dynamics of mouse fibroblasts on surfaces grafted 

with different RGD-containing peptides. Future studies are envisioned wherein the 

mechanical compliance and surface topography of the material are also modulated. 

 

4.2. MATERIALS AND METHODS 

4.2.1. Cell Culture and Reagents 

Stable expression of the 3′-phosphoinositide-specific biosensor construct EGFP-AktPH 

(fusion of enhanced green fluorescent protein and the Akt-1 pleckstrin homology domain) in 

NIH 3T3 mouse fibroblasts (American Type Culture Collection) was achieved by retroviral 

infection and puromycin selection, as previously described (Weiger et al., 2010; Weiger et 

al., 2009). The cells were subcultured using Dulbecco’s modified Eagle’s medium 

supplemented with 10% v/v fetal bovine serum (FBS) and 1% v/v 

penicillin/streptomycin/glutamate as the growth medium (all from Invitrogen, Carlsbad, CA). 

Prior to experiments, EGFP-AktPH-expressing cells were serum-starved for 2.5 h, detached 



 

106 
 

with a brief trypsin-EDTA treatment, then washed and resuspended in either low serum 

medium for cell adhesion/spreading measurements [phenol red-free Dulbecco’s modified 

Eagle’s medium supplemented with 1% v/v FBS, 1 mg/mL fatty acid-free bovine serum 

albumin (BSA), and 1% v/v penicillin/streptomycin/glutamate] or imaging buffer for TIRF 

microscopy (20 mM HEPES pH 7.4, 125 mM NaCl, 5 mM KCl, 1.5 mM MgCl2, 1.5 mM 

CaCl2, 10 mM glucose, 1% v/v FBS, 2 mg/mL fatty acid-free BSA]. Human plasma 

fibronectin was obtained from BD Biosciences (San Jose, CA). The two custom-designed 

peptides used in this study, CGRGDSY (RGD) and CSSPHSRNSGSGSGSGSGRGDSP 

(PHSRN-RGD), were obtained from Peptide 2.0, Inc. (Chantilly, VA). 1-Ethyl-3-[3-

dimethylaminopropyl]carbodiimide hydrochloride (EDC) and N-hydroxysulfosuccinimide 

(Sulfo-NHS) were purchased from Thermo Scientific. Except where otherwise noted, all 

other reagents were obtained from Sigma-Aldrich. 

 

4.2.2. Preparation of Peptide-Grafted PVMS Substrates (Performed by Hyun-kwan Yang) 

 

The following procedure is illustrated in Figure 4.1. Hydroxy-terminated PVMS was 

synthesized using the methodology described elsewhere (Efimenko et al., 2005). The 

molecular weight of PVMS used in this study was 35 kDa, as determined by size exclusion 

chromatography (SEC). The silicone elastomer networks were formed by cross-linking 

PVMS with poly(vinylmethoxysiloxane) (PVMES) by means of a Sn-based catalyst. Films of 

the mixture, ≈1 mm thick, were deposited by spin-coating onto 2.5 × 2.5 cm
2
 glass slides and 

cured at 55 °C (Figure 4.1A). A silicone elastomer sheet made of Sylgard-184 with a round 

opening in the center was placed over the PVMS network (Figure 4.1B). The opening was 
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subsequently filled with a solution of carboxyl-terminated thiol in methanol and was sealed 

with a quartz slide (Figure 4.1C,D). Carboxyl-terminated thiols, HS-(CH2)n-COOH (hereafter 

denoted as Cn-COOH), where n = 2, 6, 8, or 10, were attached to the PVMS network by 

thiol−ene addition reaction initiated with a pen-Ray 5.5 W low pressure mercury arc lamp 

(Ultra-Violet Products, Upland, CA) with primary output at 254 nm (Figure 4.1E). No 

photoinitiator was used, and the reaction time was varied.  

 

 

 

Figure 4.1. Schematic depicting the technological steps involved in the preparation of peptide-

coupled substrates. First, a film of poly(vinylmethyl siloxane) (PVMS) is deposited onto a glass 

cover slide (A). The film is covered with a poly(dimethyl siloxane) network-based “well” (B) that is 

used to entrap a solution of a carboxy-terminated thiol in ethanol (C). After covering the “well” with 

a quartz slide (E), the sample is exposed to UV light (E) to graft the thiol to the vinyl group present in 

PVMS. Carboxy-terminated thiol surfaces (F) are subsequently activated by EDC/sulfo-NHS and 

exposed to a solution of peptides (G) that are chemically coupled to the support via peptide bonds (H). 
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After the reaction, the film was washed with pure methanol for 1 day and dried. The 

carboxylic acid in the COOH-terminus on the PVMS-thiol substrate was activated with 

Sulfo-NHS of 0.015 g (7 mM) and EDC of 0.010 g (5 mM) using MES buffer solution of 10 

mL at pH 5−6, resulting in Sulfo-NHS ester (Figure 4.1F,G). The reaction time was 1 day, 

after which the sample was washed with phosphate buffer, pH 7.2−7.5 for 2 h. Finally, the 

peptide was chemically attached to the PVMS-sulfo-NHS ester by contacting the material 

with 10 mL peptide solution (300 μg/mL RGD or 600 μg/mL PHSRN-RGD in phosphate 

buffer) (Figure 4.1H). After 1 day, the sample was washed copiously with methanol and 

dried. A total of 2 h before each experiment, the substrates were sterilized with 70% ethyl 

alcohol followed by preincubation in imaging buffer containing BSA to prevent nonspecific 

cell adhesion. 

 

4.2.3. Chemical Characterization (Performed by Hyun-kwan Yang and Ali E. Ozcam) 

Fourier transform infrared spectroscopy in the attenuated total reflection mode (FTIR-

ATR) was used to characterize chemical changes using a Nicolet 6700 spectrometer 

equipped with germanium ATR crystal (Ge-ATR). All data were recorded for 64 scans under 

extra dry air flux. The chemical composition of samples was determined with a Kratos Axis 

Ultra DLD X-ray photoelectron spectroscopy (XPS) instrument using monochromated Al Kα 

radiation with charge neutralization. Survey and high-resolution spectra were collected with 

pass energies of 80 and 20 eV, respectively, using both electrostatic and magnetic lenses. 

Elemental chemical compositions were determined from spectral regression using Vision and 
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CasaXPS software. Peptide coverages on the surface were estimated from the chemical 

composition data as detailed below. 

 

4.2.4. Total Internal Reflection Fluorescence (TIRF) Microscopy 

Our prism-based TIRF microscope has been described in detail previously (Schneider 

and Haugh, 2005). EGFP was excited using a 60 mW, 488 nm line from a tunable 

wavelength argon ion laser head (Melles Griot, Irvine, CA). A 20× water immersion 

objective (Zeiss Achroplan, 0.5 NA) and 0.63× camera mount were used. Digital images, 

with 2 × 2 binning, were acquired at 2-min intervals using a Hamamatsu ORCA ER cooled 

CCD (Hamamatsu, Bridgewater, NJ), with a fixed exposure time × gain of 1000−1200 ms, 

and Metamorph software (Universal Imaging, West Chester, PA). The imaging buffer recipe 

is given above, and mineral oil was layered on top of the buffer to prevent evaporation during 

experiments, which were performed at 37 °C. 

 

4.2.5. Image Analysis 

During cell spreading experiments, phase contrast images were taken every hour at two 

different locations of each sample. A custom code implemented in MATLAB (Mathworks, 

Natick, MA) was employed to distinguish the cells from the rest of the area. Mean spread 

area per cell was calculated based on a manual count of the number of cells in the field. 

Segmentation of TIRF images was performed as follows. A custom MATLAB code was used 

to read the image files as data matrices and process them using the k-means clustering 

method, which bins pixels by relative intensity, assuming a specified number (k) of peaks in 

the intensity distribution. For our images, k = 4 was found to be optimum. The pixels in the 
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acellular background (lowest intensity) are grouped in bin 1, whereas regions of intense 

fluorescence (hot spots) are found in bin 4. For each cell, masks were generated that define 

regions of interest corresponding to the entire cell contact area (bins 2−4) and hot spot 

regions (bin 4 only). Cell centroid coordinates were determined for every frame using 

another custom MATLAB code. Mean square displacement (MSD) was calculated for all 

cells from the centroid tracking data. 

 

4.3. RESULTS AND DISCUSSION 

4.3.1. Substrate Preparation and Characterization 

PVMS-based networks were prepared and chemically functionalized using carboxyl-

terminated thiol as a linker, to which the adhesive peptides RGD and PHSRN-RGD (Figure 

4.2) were attached by standard chemical cross-linking (Materials and Methods, Figure 4.1).  

 

 

 

Figure 4.2. Structures of RGD and PHSRN-RGD peptide molecules used in this work. 

 



 

111 
 

Peptide coupling to the carboxythiol-modified PVMS substrate was verified by IR 

spectroscopy (Figure 4.3). The presence of C10-COOH in the substrate was confirmed by the 

presence of a strong COOH peak at 1708 cm
−1

, and the coupling of peptide to the substrate is 

accompanied by a reduction of the COOH signal and the concurrent appearance of amide I 

and amide II bands present at 1641 and 1562 cm
−1

, respectively. The amide I band is 

associated primarily with the C−O stretching vibration and is related directly to the backbone 

conformation. Amide II results from the N−H bending vibration and from the C−N stretching 

vibration. The presence of vinyl peaks observed after peptide attachment indicates that only 

surface-proximal vinyl groups were activated during the thiol−ene addition reaction. 

 

 

 

Figure 4.3. IR absorbance of bare PVMS (top), PVMS coupled with C10-COOH (middle), and 

PVMS-S-(CH2)10-COOH coupled with RGD peptide (bottom). 
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To better quantify the thiol−ene addition reaction and peptide coupling, we employed 

X-ray photoelectron spectroscopy (XPS). Table 4.1 compares the coverages of C2-COOH 

and C10-COOH grafted to PVMS, as a function of reaction time, as estimated by XPS. 

Although the longest linker, C10-COOH, ultimately provides the greatest access of the 

carboxyl group for peptide coupling from solution, the coverage of the smaller C2-COOH 

after thiol−ene reaction is much higher (by about 6-fold on average), consistent with 

differential access to reactive groups on the PVMS surface. The thiol−ene reaction time was 

limited to 15 min in subsequent experiments to avoid UV-induced damage to the PVMS 

network. The density of each peptide coupled to C10-COOH-modified substrates was also 

estimated by XPS. The area coverages of RGD and PHSRN-RGD peptides were estimated to 

be 1.3 and 0.23% (or coverages of ≈17 and ≈3% relative to the C10-COOH underlayer), 

respectively; as expected, the coupling of the longer PHSRN-RGD peptide is less efficient 

than that of RGD. Assuming an approximately spherical shape and density of ≈1 g/cm
3
 for 

each peptide molecule, these coverages correspond to estimated peptide densities of roughly 

1×10
4
 and 1×10

3
 molecules/μm

2
, respectively, consistent with the range of adhesive ligand 

densities found by others to be suitable for fibroblast adhesion and migration (Koo, 2002; 

Kuhlman, 2007; Neff et al., 1999; Rajagopalan et al., 2004). 
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Table 4.1.  Concentration of C2-COOH and C10-COOH grafted to PVMS as a function of grafting 

time 
 

 

UV exposure time 

(min) 

Coverage of C2-COOH on PVMS 

(%) 

Coverage of C10-COOH on PVMS 

(%) 

3 10.1 1.1 

6 25.4 3.6 

9 33.3 5.3 

15 44.4 7.5 

 

 

4.3.2. Cell Spreading Behavior on the Substrates 

To assess the biological activity of the peptide-grafted substrata, we allowed NIH 3T3 

fibroblasts to settle, attach, and spread for up to 5 h. Figure 4.4 shows that PVMS and PVMS 

with C10-COOH linker only, with nonspecific adhesion passivated by physisorbed BSA, do 

not support cell spreading. In contrast, PVMS with physisorbed fibronectin promotes rapid 

spreading as expected. As compared with the linker control, both the RGD- and PHSRN-

RGD-grafted surfaces supported peptide-specific fibroblast adhesion and spreading, which 

was nearly complete within ≈3 h (Figure 4.4). Of the two surfaces, PHSRN-RGD supported 

modestly higher extents of spreading, manifest as the fraction of cells that initiated spreading, 

despite having a lower density of peptide on the surface as described above. The similar 

extents of cell spreading suggest that the two peptide surfaces provide for comparable 

adhesion strength, which depends not only on the peptide density but also the affinity and 

compliance of peptide−integrin bonds. 
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Figure 4.4. Adhesion of fibroblasts to PVMS substrates grafted with RGD-containing peptides. 

Phase contrast images indicate the extent of cell spreading 1 and 5 h post plating. Each sample was 

imaged in duplicate, and the results shown are representative of four independent experiments. PVMS 

only and PVMS with C10-COOH linker serve as negative controls, whereas PVMS with physisorbed 

fibronectin (10 μg/mL coating concentration) serves as a positive control (left). PVMS with surface-

grafted peptides, RGD and PHSRN-RGD, support fibroblast adhesion and spreading, as shown by the 

accompanying kinetics of mean spread area per cell (right). 
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4.3.3. Cell Migration on the Substrate 

Whereas both peptide-grafted surfaces support comparable kinetics of fibroblast 

adhesion and spreading, the surface grafted with peptide containing the synergy sequence 

(PHSRN-RGD) was far superior in promoting random fibroblast migration (Figure 4.5). 

TIRF microscopy was used to monitor the morphology of the cell−substratum contact area 

and, thus, track its centroid position as a function of time. A plot of mean-squared 

displacement (MSD) versus time interval, averaged over all cell centroid paths using non-

overlapping intervals and fit using the common persistent random walk model (Gail and 

Boone, 1970), was used to estimate the average cell speed (S) and persistence time (P) for the 

two cell populations (Figure 4.5A). As compared with cells on RGD, the cells migrating on 

PHSRN-RGD exhibited a > 2-fold higher S and a shorter estimated P; these parameters tend 

to be anticorrelated so as to maintain a consistent persistence length SP (Ware et al., 1998). 

At long times, the slope of MSD versus time is 2S
2
P (or 4μ, where μ is the motility 

coefficient), and the value of this quantity is >2-fold higher for the PHSRN-RGD surface. 

Accordingly, when considering the movements of individual cells in each population, half of 

the cells on PHSRN-RGD moved farther than 38 μm in 4 h, compared with only 10 μm for 

RGD (Figure 4.5B). 
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Figure 4.5. Synergy sequence of fibronectin enhances fibroblast migration on PVMS substrates 

grafted with RGD-containing peptides. Populations of EGFP-AktPH-expressing fibroblasts were 

monitored by TIRF microscopy as they migrated on PVMS with C10-COOH linker and surface-

grafted peptide, RGD (n = 25) or PHSRN-RGD (n = 12). (A) The mean squared displacement (MSD) 

of the cell centroid, plotted versus the time interval between observations, was used to estimate the 

average cell speed, S, and persistence time, P, of each population. (B) The maximum displacements, 

dmax, achieved by individual cells within 4 h, are shown as complementary cumulative distribution 

functions for the two peptides. 

 

4.3.4. Application of PVMS Substrate in TIRF Microscopy 

It has been appreciated for some time that, for a given adhesive ligand, cell speed is 

optimized at an intermediate level of adhesion strength (Dimilla et al., 1993; Palecek et al., 

1997). Given that the RGD peptide was grafted at a higher density than the PHSRN-RGD 

peptide, one might argue that the lower speed fostered by RGD is attributable to the adhesion 

A 

B 
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strength being higher than optimal, whereas PHSRN-RGD is closer to the optimum 

conditions. In that case, one would expect cells to initiate spreading earlier and achieve a 

higher level of maximum spreading on RGD, which is not observed (Figure 4.4). If the 

adhesion strengths on the two surfaces are in fact comparable, then it must be concluded that 

each adhesive bond formed with the PHSRN-RGD peptide is more efficient in transducing 

intracellular signals or mechanical forces that promote productive cell movement. This 

finding is in accord with other evidence showing the ability of the fibronectin synergy site to 

complement the potency of RGD-mediated adhesion complexes (Friedland et al., 2009).  

The stable cell line used in this study expresses a fluorescent fusion protein (EGFP-

AktPH) that translocates to the plasma membrane in response to intracellular signaling 

through the PI3K pathway. Thus, we simultaneously detect the spatiotemporal dynamics of 

this pathway during cell migration by TIRF microscopy (Figure 4.6). Consistent with our 

previous studies of fibroblast migration on fibronectin-coated glass (Weiger et al., 2010), we 

found that PI3K signaling is enriched in “hot spot” regions corresponding to membrane 

protrusions. The numbers and relative fluorescence intensities of these PI3K hot spots are not 

markedly different for cells on RGD versus PHSRN-RGD, despite the disparity in overall 

cell movement during the 5 h time course. Accordingly, in cells on RGD, hot spots tend to 

remain in roughly the same locations during the experiment, whereas in cells on PHSRN-

RGD, the hot spots move relative to the centroid and exhibit branching associated with 

changes in the overall direction of migration (Figure 4.6). This apparent decoupling of PI3K 

signaling and cell motility is consistent with the results reported in previous studies of 

fibroblast spreading, in which it was found that PI3K activation was not necessarily 

http://pubs.acs.org/doi/full/10.1021/bm101549y#fig5
http://pubs.acs.org/doi/full/10.1021/bm101549y#fig5


 

118 
 

accompanied by hallmarks of integrin activation, such as tyrosine phosphorylation of focal 

adhesion kinase and paxillin (Weiger et al., 2009). More germane to this work, these results 

demonstrate the suitability of PVMS-based networks for studies involving TIRF microscopy. 

 

 

 

Figure 4.6. Live-cell TIRF microscopy reveals spatiotemporal dynamics of PI3K signaling in 

cell protrusions. Representative, EGFP-AktPH-expressing fibroblasts were monitored by TIRF 

microscopy as they migrated on RGD or PHSRN-RGD peptide; the fluorescence intensity 

(pseudocolored from cool to warm) indicates the relative density of EGFP-AktPH translocation (PI3K 

signaling), and the arrows show the directions of cell centroid movement at the indicated times (left). 

Image segmentation was used to identify hot spots of PI3K signaling in these cells, and their 

peripheral locations (angle relative to negative x-axis) during the time course are shown as a heat 

map, with the color code from cool to warm according to the relative fluorescence volume (area × 

intensity) of each hot spot. The corresponding protrusion heat map indicates areas of protrusion 

(warm colors) and retraction (cool colors), identified by comparing successive images and weighted 

according to area; the larger velocity scale (μm/min) for the cell on PHSRN-RGD is indicative of 

more rapid protrusion/retraction. 
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4.4. CONCLUSION 

Contact with a solid matrix or support is a prerequisite for generating traction during 

cell movement, and therefore, synthetic materials with tunable properties have shown great 

promise for studying cell adhesion and migration phenomena. Here we propose the use of 

PVMS-based networks as chemically functional substrata that are especially advantageous 

relative to hydrogels because they do not swell with water (and thus change their mechanical 

properties) and because they offer compatibility with TIRF microscopy. We demonstrated 

surface grafting of two different adhesive peptides containing the RGD tripeptide motif to the 

PVMS networks and, using TIRF microscopy, monitored the movements of living cells and 

the spatiotemporal dynamics of intracellular signaling as they moved. This approach opens 

the door for more detailed studies relating the chemical properties of the substratum to the 

dynamics of molecular processes within the cell contact area, including 

assembly/disassembly of adhesion complexes and cytoskeletal structures and activation of 

various signaling pathways. 

An important property of a soft material is the ability to tune its stiffness. Evidence has 

been mounting for the past decade or so that mechanical compliance of the material affects 

the coupling of adhesion and signaling processes and influences cell fate (Discher et al., 

2005). Although mechanical properties of the PVMS substrata we used were not explored 

here, the elastic moduli of the surfaces were certainly orders of magnitude above the soft-to-

hard transition as perceived by mammalian cells (≈10 kPa). We have previously reported 

approaches for modulating of PVMS network stiffness and making stiffness gradients in 

PVMS (Crowe-Willoughby et al., 2010), and we envision that these approaches might be 
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modified so as to be useful for studying cellular responses to so-called “durotactic” gradients 

(Isenberg et al., 2009; Lo et al., 2000). Another advantageous characteristic of silicone 

elastomer networks for cell biological studies is the ability to mold topographical features 

(Diehl et al., 2005; Kim, 2009). Importantly, silicone elastomer networks maintain their 

shape in aqueous solution, unlike gels that swell with water. Hence, one may stably 

incorporate channels, ridges, bumps, or dimples into or onto the material while also taking 

advantage of chemical functionality and compatibility with TIRF microscopy. 
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CHAPTER 5 

 

SINGLE-CELL ANALYSIS OF ERK ACTIVATION AND 

NUCLEOCYTOPLASMIC SHUTTLING DYNAMICS REVEALS A 

NOVEL MODE OF PATHWAY ADAPTATION 

 

Signal transduction networks regulate diverse cellular processes by actuating the cell’s 

gene-regulatory and cytoskeletal systems. Unraveling the complexities of signaling networks 

is currently of great interest. Among the complicating aspects are (1) adaptation of signaling 

pathways through negative feedback (and incoherent feed-forward) mechanisms and (2) 

subcellular localization/compartmentalization of signaling components; recent progress in 

understanding each of these has been substantial, albeit proceeding along separate tracks. 

Here, we report efforts to integrate the two for the extracellular signal-regulated kinase 

(ERK) signaling pathway, a central player in the control of gene expression governing 

normal and aberrant cell proliferation and differentiation responses. A hallmark of ERK 

signaling is its nucleocytoplasmic shuttling, as ERKs phosphorylate scores of protein 

substrates in the nucleus as well as in the cytosol. Using live-cell imaging of fluorescent 

biosensors, we monitored real-time ERK1/2 activation and nuclear translocation in growth 

factor-stimulated cells, both separately and in the same cells, revealing different kinetics and 

qualitatively distinct adaptation responses. To reconcile these observations, a mathematical 

model was developed. Taken together, the results suggest that nuclear translocation of ERK 

and interactions there play a significant role in shaping the apparent adaptation of the 

pathway. 
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5.1. INTRODUCTION 

The extracellular signal‐regulated kinase (ERK) signaling pathway is a master 

controller of diverse cellular processes, and it's chronic activation is a common occurrence in 

human cancers (Caunt and McArdle, 2010; Yao and Seger, 2009). The pathway is 

characterized by sequential phosphorylation and activation of several protein kinases, with a 

core cascade that includes mitogen-activated protein kinase (MAPK) kinase kinase 

(MAP3K), MAPK kinase (MAPKK), and MAPK. Activated Raf kinases are the point of 

entry into this three-tiered kinase cascade, in which Raf isoforms phosphorylate and activate 

homologous MEK1 and MEK2, which in turn phosphorylate and activates ERK1 and ERK2 

isoforms (Anderson et al., 1990; Dent et al., 1992). This pathway is activated and promotes 

cell cycle progression and cell proliferation in response to growth factors that engage cognate 

protein receptors of the receptor tyrosine kinase (RTK) family. However, the sequential 

pathway concept is challenged by the regulation of signaling through negative feedback and, 

in some cases, reinforcement of signaling through positive feedback (Brandman and Meyer, 

2008; McKay and Morrison, 2008). The localization of ERK is also an important aspect of its 

function, as the translocation of ERK into the nucleus modulates many cellular responses 

(Ramos, 2008; Roskoski Jr, 2012). In quiescent cells, ERK is predominantly found in the 

cytoplasm; once fully phosphorylated by MEK, ERK loses its affinity for cytoplasmic 

protein anchors and rapidly translocates to the nucleus, where it phosphorylates multiple 

nuclear proteins (Lidke et al., 2010; Marchi et al., 2010; Zehorai et al., 2010).  

Two mechanisms of ERK1/2 nuclear translocation have been proposed (Plotnikov et 

al., 2011; Roskoski Jr, 2012). The passive translocation is energy independent and requires a 
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direct interaction between ERK1/2 and nucleoporins (Chuderland et al., 2008; Yazicioglu et 

al., 2007). Energy-dependent transport, on the other hand, involves a nuclear translocation 

signal (NTS) containing either Ser or Thr residues that are phosphorylated upon stimulation 

to allow binding to importin 7, which mediates nuclear shuttling (Chuderland et al., 2008; 

Plotnikov et al., 2011; Zehorai et al., 2010). This active mechanism increases the rate and 

extent of nuclear import of phosphorylated ERK relative to passive translocation (Roskoski 

Jr, 2012). Activated Ran (Ran-GTP), localized specifically in the nucleus, binds and 

selectively dissociate the Importin–ERK complex and liberates active ERK for nuclear 

substrate binding  (Zehorai et al., 2010). Reports suggest that ERK1/2 need to be 

phosphorylated prior to nuclear translocation, whereas ERK rapidly returns to the cytoplasm 

regardless of its phosphorylation state (Horgan and Stork, 2003). Previously, 

homodimerization of ERK1/2 was considered to be a requirement for nuclear translocation; 

however, ample evidence to the contrary has since surfaced (Adachi et al., 1999; Casar et al., 

2008; Lidke et al., 2010). Relative to our understanding of nuclear import, far less is known 

about nuclear export of ERK. As ERK1/2 do not have any export sequence, it is proposed 

that ERK2 can exit from the nucleus by an energy-independent process involving the 

nucleoporins and also by an energy-dependent export process mediated, at least in part, by 

export receptor CRM1 (Ranganathan et al., 2006; Roskoski Jr, 2012). No evidence of a direct 

interaction between ERK2 and CRM1 has been reported yet, however (Ranganathan et al., 

2006). The rate of ERK2 shuttling between nucleus and cytoplasm is reported to be 

accelerated after ERK2 activation and is fast enough not to be rate-limiting for translocation 

(Costa et al., 2006; Marchi et al., 2010).   
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In certain contexts (e.g. Xenopus laevis oocyte maturation), the MAPK cascade exhibits 

a switch-like, all-or-nothing response (Ferrell and Machleder, 1998), whereas ERK activation 

shows a graded response to changes in stimulation in other settings (Caunt and McArdle, 

2010; Mackeigan et al., 2005; Whitehurst et al., 2004). Time-lapse imaging demonstrates that 

nuclear localization of ERK can exhibit a transient peak or oscillate with time (Costa et al., 

2006; Sato et al., 2007); however, such responses are cell- and stimulus-specific (Caunt and 

McArdle, 2010; Shankaran et al., 2009; Weber et al., 2010). Negative feedback regulation in 

ERK signaling has been linked to partial adaptation, rather than oscillation (Asthagiri and 

Lauffenburger, 2001; Marshall, 1995). Active ERK is responsible for desensitization of the 

MEK kinases (Raf) by negative feedback (Dougherty et al., 2005; Wartmann et al., 1997), 

which contributes substantially to the adaptation of pathway (Cirit et al., 2010). 

In addition to the kinases, the ERK signaling network includes other proteins that 

modulate the amplitude, intensity, and spatial specificity of its output. Scaffold proteins 

affect all of these aspects by forming complexes with components of the signaling cascade 

(Calvo et al., 2010; Kolch, 2005). Moreover, ERK has different sets of substrates to bind and 

phosphorylate in the cytosol and in the nucleus (Roux and Blenis, 2004; von Kriegsheim et 

al., 2009; Yoon and Seger, 2006), and it has been suggested that interaction with substrates 

controls localization (Caunt et al., 2006; Lidke et al., 2010) and/or kinase activity (Bardwell 

et al., 2003; Kim et al., 2011; Tanoue et al., 2000). Yet, although, localization of ERK and 

the mechanism of pathway adaptation have been considered important for decades (Brunet et 

al., 1999; Chen et al., 1992; Wartmann et al., 1997), these aspects have been dealt with 

separately, and very little is currently known about the shuttling kinetics and substrate 
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interaction. In this study, real-time ERK2 activity and localization were quantified in cytosol 

and nucleus in the same cells using different fluorescent biosensors. In response to growth 

factor stimulation, ERK2 activation dynamics exhibits distinct kinetics in cytosol and nucleus 

and are strikingly different from nuclear localization kinetics. In conjunction with the 

experimental observations, a mathematical model was developed. Analysis of the model 

suggests a dominant role of ERK2-substrate in shaping adaptation of ERK2 nuclear 

localization and phosphorylation. This model further predicts the responses to varying inputs 

and the differential modification of cytosolic and nuclear substrates. 

 

5.2. MATERIALS AND METHODS 

5.2.1. Reagents, Plasmids, and Cell Culture 

mCherry-ERK2 was cloned into HindIII sites of the pBM-IRES-Puro vector and GFP-

ERK1 plasmid was a gift from Dr. Steven Wiley (Shankaran et al., 2009). Mouse ERK2 

cDNA was obtained from Thermo Scientific Open Biosystems (Waltham, MA). The ecotropic 

φNX packaging cell line was transiently transfected, and virus-containing supernatants were 

used for serial infection of NIH 3T3 cells, as described in detail previously (Kaur et al., 2006), 

which yields greater than 80% infection efficiency as judged by fluorescence microscopy. 

Selection of transfected cells were further performed for 48 h in the regular growth medium 

(Dulbecco’s modified Eagle’s medium supplemented with 10% v/v fetal bovine serum and 

1% v/v penicillin/streptomycin/glutamate) supplemented with 2 μg/ml of puromycin. 

Cytoplasmic-EKAR (Cerulean-Venus) and nuclear-EKAR (Cerulean-Venus) plasmids were 

obtained from Addgene. On the day before the experiments, these plasmids were transiently 
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transfected into NIH 3T3 cells, which are already stably transfected with mCherry-ERK2. All 

tissue culture reagents were purchased from Invitrogen (Carlsbad, CA), and cells were used 

between passages 10-40. Poly-D-lysine was obtained from Sigma Aldrich (St Louis, MO). 

 

5.2.2. Live-cell Microscopy 

mCherry-ERK2 or GFP-ERK1 expressing cells were detached with a brief trypsin-

EDTA treatment and suspended in imaging buffer (20 mM HEPES pH 7.4, 125 mM NaCl, 5 

mM KCl, 1.5 mM MgCl2, 1.5 mM CaCl2, 10 mM glucose and 2 mg/ml fatty-acid-free bovine 

serum albumin). After centrifugation at 100×g for 3 minutes, the cells were resuspended in 

imaging buffer and counted using a Beckman Coulter Counter. Adhesive surfaces were 

prepared on clean, sterile 25×25 mm glass cover slips (Fisher Scientific), which were coated 

with poly-D-lysine (100 μg/ml) for overnight at 4°C, washed with deionized, sterile water 

and dried. A teflon ring was attached to the glass cover slip using vacuum grease, and 1 ml of 

cell suspension (3×10
4 

cells) was added on the cover slip inside that ring. Cells were then 

allowed to spread and were serum-starved for 4 hours prior to imaging experiment. Mineral 

oil was layered on top of the buffer to prevent evaporation during the experiment. Platelet-

derived growth factor-BB (PDGF) and fibroblast growth factor-2 (FGF) were diluted in the 

same buffer before adding to the cells. Growth factors were acquired from Peprotech (Rocky 

Hill, NJ). 

 

5.2.3. Image Acquisition and Analysis 

Images were acquired using epifluorescence microscopy. A 50-W mercury arc lamp 

was used to excite GFP, mCherry and Cerulean protein with 480/20-nm, 572/23-nm and 



 

131 
 

436/20-nm excitation filters, respectively. GFP, mCherry, Cerulean and Venus emissions 

were detected with 515/30-nm, 630/60-nm, 480/40-nm and 540/30-nm filters, respectively. A 

40× water immersion objective (Zeiss Achroplan, 0.8 NA) and 0.63× camera mount were 

used. Digital images were acquired at specific intervals using a Hamamatsu ORCA ER cooled 

charge-coupled device (CCD) (Hamamatsu, Bridgewater, NJ), with a fixed exposure time × 

gain of 1000−1200 ms, and MetaMorph software (Universal Imaging, West Chester, PA).  

All images were background subtracted using MetaMorph imaging software before any 

further analysis was conducted. Binary masks of the nuclear and cytosol-only  regions were 

made and applied to the 8-bit images to calculate intensity values using custom MATLAB 

codes. Ratio of acceptor and donor (venus/celulean) intensities were calculated as a measure 

of Förster resonance energy transfer (FRET) signal for each time point. Another custom 

MATLAB code was used to calculate GFP-ERK1 or mCherry-ERK2 intensity in the nucleus 

using proper nuclear mask (presented in detail in Chapter 2). 

 

5.2.4. Development of the Kinetic Model and Analysis 

Three simple mathematical models were constructed based on known or plausible 

signaling mechanisms, with appropriate simplifications, as described in detail in Appendix A. 

Briefly, cell stimulation is modeled as a step increase in MEK phosphorylation rate, and 

MEK and ERK are sequentially activated by dual phosphorylations. Activated ERK governs 

negative feedback through desensitization of MEK phosphorylation. 

Only activated(dually-phosphorylated) ERK goes to nucleus and nuclear ERK returns to 

cytosol irrespective of its phosphorylation state.  The basic model was formulated with 9 state 
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variables and 14 adjustable parameters, and it does not consider any substrate in cytosol or in 

nucleus. The 'importin' model has a slight modification over the 'basic' model, where active 

ERK binds importin7 (imp7) in cytosol and goes to the nucleus as a complex before getting 

liberated in the nucleus. This model was formulated with 10 state variables and 15 adjustable 

parameters. The substrate model is also a modified version of basic model that includes 

substrates in nucleus and cytosol. Part of dually phosphorylated ERK bind and phosphorylate 

substrates in cytosol and rest of it go to nucleus and bind and phosphorylate nuclear substrates. 

This model was formulated with 13 state variables and 24 adjustable parameters.  

Model parameters were specified using a computational scheme based on the 

Metropolis algorithm, which is well suited for kinetic parameter estimation constrained by 

biochemical and imaging data (Brown and Sethna, 2003; Wang et al., 2009). Our variation of 

the method, implemented in MATLAB (MathWorks), works as follows (see Appendix B for 

details). Starting with initial parameter values, the model output is computed and aligned 

with the data, and the quality of fit is evaluated. Next, new values are chosen according to 

normal distributions centered on the previous values; the width of the distribution is a 

parameter of the algorithm. If specified error criteria are met, the new parameter set is 

accepted and used as the nexus for choosing the next parameter values; otherwise, the 

procedure is repeated with the previous parameter set. If the starting parameter set 

(determined based on initial trials) is nearly optimal, then the parameter sets generated in this 

manner constitute an ensemble (n =10000) that fit the data almost equally well. After 

compiling the ensemble, the model output is recalculated for each parameter set, and at each 

time point, an ensemble mean and standard deviation are calculated. 
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5.3. RESULTS AND DISCUSSION 

5.3.1. PDGF-stimulated ERK Activation Kinetics in Nucleus and Cytosol are Distinct 

and Strikingly Different from those of ERK Nuclear Localization  

Ample studies have been reported on activation and nuclear localization of  ERK1/2 

using fluorescent biosensor-based approach, however, those studies dealt with whole-cell 

ERK activation instead of localized ERK activation in nucleus or cytosol (Caunt and 

McArdle, 2010; Costa et al., 2006; Horgan and Stork, 2003; Lidke et al., 2010; Marchi et al., 

2010). It is known that presence of the fluorescent tag does not alter either the subcellular 

localization or the activation patterns of ERK (Lidke et al., 2010). Here, ERK catalytic 

activity and nuclear translocation were measured simultaneously in live cells using a FRET-

based ERK activity reporter (EKAR) probe and mCherry-ERK2 probe, respectively (Figure 

5.1). EKAR probe contains an ERK-docking domain, a substrate sequence and a phospho-

binding domain. Active ERK binds EKAR and phosphorylate the substrate sequence, which 

subsequently bind the phospho-binding domain. This causes a conformational rearrangement 

of EKAR and triggers a change in FRET between the donor and acceptor fluorophores (Harvey 

et al., 2008). Two EKAR-FRET probes are used, which are restricted to the either nucleus or 

cytosol, and will be referred as cyto-EKAR and nuclear-EKAR hereafter. FRET images are 

shown as a ratio of acceptor to donor intensity (Figures 5.1 A,D). Nuclear localization kinetics 

of ERK2 increase rapidly, reach the maximum at 10-12 min and then decrease slowly to a 

steady-state value upon 1 nM PDGF stimulation (Figures 5.1 B,E). This is consistent with the 

previous observations in different cell lines (Caunt and McArdle, 2010; Costa et al., 2006; 

Horgan and Stork, 2003). Transient kinetics of ERK2 nuclear localization are also qualitatively 
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similar to the whole-cell ERK phosphorylation kinetics reported in earlier studies (Caunt and 

McArdle, 2010; Cirit et al., 2010). We also confirmed that nuclear localization kinetics of the 

ERK1 isoform, observed using GFP-tagged ERK1, exhibits the same qualitative trend (Figure 

5.6 of the Appendix C). As our cell lines have greater expression of ERK2 than of ERK1 (data 

not shown), further experiments were performed with mCherry-ERK2.  

 

 

 

Figure 5.1: Nuclear localization and activation kinetics of ERK2 upon PDGF stimulation. 

Representative cell responses upon 1 nM PDGF stimulation are shown (A, D). Nuclear localization 

was detected by mCherry-ERK2 signals (top) and activation of ERK was detected by FRET signal 

ratio (bottom). Average nuclear localization kinetics (B) and cytosolic ERK activation kinetics (C) 

upon 1nM PDGF stimulation are shown (n=8). Average nuclear localization kinetics (E) and nuclear 

ERK activation kinetics (F) upon 1nM PDGF stimulation (n=6) are shown. The grey regions 

represent 95% confidence intervals. Scale bar = 20 µm. 
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Localized ERK activity was tracked in parallel with nuclear translocation in the same 

individual cells. ERK activity reported by cyto-EKAR in cytosol shows a rapid initial rise 

and then a modest decrease before settling to a steady state (Figure 5.1C). In contrast, ERK 

activity in the nucleus exhibits a slow rise toward the steady-state value as tracked by 

nuclear-EKAR (Figures 5.1 F). Time courses for each cell confirms that individual cells 

show qualitatively similar kinetics (Figure 5.7 of Appendix C). Together these results 

indicate that PDGF-stimulated ERK activation kinetics in nucleus and cytosol are distinct 

and strikingly different from those of ERK nuclear localization. Most notably, ERK catalytic 

activities as measured by EKAR-FRET do not show the dramatic adaptation exhibited by 

ERK nuclear translocation and whole cell ERK phosphorylation responses. 

 

5.3.2. EKAR-FRET Kinetics Report the Availability of Free, Active ERK 

Given the apparently disparate kinetics of ERK nuclear translocation and ERK 

catalytic activity, we sought to confirm the stability of the EKAR-FRET probe for 

quantitative studies. If the phosphatase activity in the nucleus were not high enough, for 

example,  then the accumulation of phosphorylated nuclear-EKAR might be sluggish relative 

to the increase in active, nuclear ERK. To test this, we used a drug inhibitor, U0126, which 

blocks MEK kinase activity and subsequently the phosphorylation of ERK (Duncia et al., 

1998; Favata et al., 1998). Cells were treated with 1 nM PDGF for a certain period so that the 

nuclear- and cyto-EKAR signals reach a steady-state level, and then treated with of 20 µM 

U0126 drug. Cytosolic and nuclear EKAR, after 1 nM PDGF stimulation are exactly same as 

before, however, the signal drops immediately after addition of U0126, and almost 
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diminishes in 2 minutes (temporal resolution of the imaging) (Figures 5.2 A,B). As EKAR 

pohosphorylation reflects a balance between ERK-catalyzed phosphorylation and 

phosphatase-catalyzed dephosphorylation, these results indicate that phosphatase activities in 

both cytosol and nucleus are sufficiently high, such that ERK is rapidly deactivated and 

EKAR is rapidly dephosphorylated. This is consistent with previous observations that ERK 

activation and consequent nuclear accumulation requires continuous activation of the MEK-

ERK pathway (Caunt and McArdle, 2010; Costa et al., 2006). The plateau of the nuclear-

EKAR response could alternatively be caused by the complete phosphorylation of EKAR.  

To rule out this possibility, we used okadaic acid, a strong inhibitor of multiple phosphatases 

(PP1, PP2A) and a weak inhibitor of PP2B (Cohen et al., 1989; Maynes et al., 2001). Cells 

were treated with 1 nM PDGF for sufficient time to reach a steady nuclear-EKAR signal and 

then treated with 20 nM okadaic acid. The nuclear-EKAR signal increased further after 

okadaic acid treatment and reached a higher plateau value over time. These results indicate 

that the EKAR-FRET probes respond rapidly to changes in ERK activation, without 

saturation. 
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Figure 5.2: ERK2 activity in response to PDGF stimulation followed by MEK and phosphatase 

inhibitors. Average activation responses of cytosolic ERK2 (A, n=10) and nuclear ERK2 (B, n=9) 

upon 1nM PDGF stimulation, followed by 20 µM U0126 treatment that inhibits MEK. (C) Average 

nuclear EKAR  responses upon 1 nM PDGF stimulation followed by 20 nM Okadaic acid treatment 

that inhibits phosphatase activity (n=9). The grey regions represent 95% confidence intervals. 
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5.3.3. Development of Data-driven Kinetic Models  

 

Based on the above observations, we have formulated a basic kinetic model of ERK 

phosphorylation and translocation and two refined versions of that basic model (Figure 5.3). 

The assumptions upon which the models are based are explained in full in Appendix A. For 

simplicity, all three versions of the model consider activities upstream of MEK as a single 

input signal (S), modeling the catalytic efficiencies of MEK phosphorylation as a step 

change. This treatment is justified based on a fuller consideration of the pathways that 

converge upstream of MEK activation (Cirit et al., 2010).  Based on earlier reports (Fukuda 

et al., 1996; Zehorai et al., 2010), it is also assumed that MEK is confined in the cytosol, and 

it needs to be phosphorylated dually to be active. Dually phosphorylated MEK 

phosphorylates ERK, and dual phosphorylation of ERK activates ERK catalytic activity and 

releases it from cytoplasmic anchors, thus increasing the free pool of active ERK available to 

enter the nucleus (Anderson et al., 1990; Dent et al., 1992). Once translocated to the nucleus, 

active ERK is dephosphorylated by nuclear phosphatases and shuttles back to cytosol 

irrespective of its activation state (Fujioka et al., 2006; Horgan and Stork, 2003). Active ERK 

is also known to desensitize MEK activation through a negative feedback loop (Dougherty et 

al., 2005; Wartmann et al., 1997). 

One refinement of basic model is inclusion of the shuttling protein, Importin7 (Imp7)  

(Figure 5.3B). It has been shown that upon cell stimulation, dually phosphorylated ERK 

binds to Imp7, and this complex  shuttles to the nucleus via nuclear pore complex (NPC) 

(Chuderland et al., 2008; Stewart, 2007). Activated Ran is localized specifically in the 

nucleus, where it selectively binds the Imp7–ERK complex and releases active ERK from the 
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complex (Stewart, 2007; Zehorai et al., 2010). This model refinement is implemented with 

the assumption that release from the Imp7-bound ERK might control the slow accumulation 

rate of free active ERK in nucleus.  

 

      
 

 

 

Figure 5.3: Schematics of three proposed models. (A) Basic model considers only ERK activation 

by MEK and ERK translocation to and from nucleus. (B) This model considers Importin7-mediated 

shuttling as an intermediate step in ERK translocation. (C) This model includes substrates that bind 

and are phosphorylated by active ERK, in the cytosol and nucleus. 
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A number of computational models of MAPK activation have been formulated without 

inclusion of MAPK-substrate interactions, and those models have proven to be at least 

partially consistent with experimental data (Cirit et al., 2010; Fujioka et al., 2006; Hirashima, 

2012; Huang and Ferrell, 1996; Schöberl et al., 2002). Yet, ERK1/2 are known to have more 

than hundred substrates that they encounter in the nucleus and cytosol (Roux and Blenis, 

2004; von Kriegsheim et al., 2009; Yoon and Seger, 2006). Moreover, in certain context it 

has been shown that interaction with substrates can control ERK localization (Caunt et al., 

2006; Lidke et al., 2010) and/or kinase activity (Bardwell et al., 2003; Kim et al., 2011; 

Tanoue et al., 2000). With that in mind, we built another model including substrates that 

form complexes with active ERK in both cytosol and nucleus (Figure 5.3C). Once 

phosphorylated, substrates are released, ERK becomes free to activate more substrates, and it 

can be dephosphorylated. All three models were used to fit the experimental data; as shown 

in Figures 5.4 and 5.8, 5.9 of Appendix C, substrate model yields the best fit. As shown in 

Table 5.1, other models were built by modifying or combining these three models. For 

example, a model variation was tested in which the assumption of a single nuclear export rate 

constant was relaxed, with distinct rate constant for the three phosphorylation states of ERK. 

Another variation is to incorporate Imp7 in the substrate model. Full details of all the models 

and the corresponding mathematical equations are shown in Appendices A-C. 

 

5.3.4. Computational Modeling Suggests that Availability of Active ERK is Limited by 

Interactions with Substrates 

 

A Monte Carlo approach (Brown and Sethna, 2003; Hao et al., 2012; Wang et al., 

2009) was implemented to fit the aforementioned models to the live-cell measurements, 
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along with other data. This method generates an ensemble of parameter that nearly minimize 

the sum of the squared differences (SSD) between the model output and experimental data. 

The basic, importin, and substrate models have 9 state variables and 14 adjustable 

parameters, 10 state variables and 15 adjustable parameters, and 13 state variables and 24 

adjustable parameters, respectively.  The algorithm generates a family of parameter sets (n = 

10000) that perform almost equally well in fitting the data, rather than a best set of 

parameters. This feature allows confidence intervals to be placed on model predictions. The 

substrate model clearly performed the best, as judges by visual inspection and SSD statistics. 

The global fit of the substrate model is shown in Figure 5.4 (the quality of fit for the basic 

and importin models are shown in Appendix C, Figures 5.8 & 5.9). In addition to the live-cell 

data shown above, we used total MEK phosphrylation data published previously (Cirit et al., 

2010) along with data for mono- and dually- phosphorylated ERK obtained from mass-

spectrometry measurements to constrain the model fit. All experimental values are 

normalized, and the model outputs are aligned to fit the range of experimental data, as 

discussed in detail under Appendix A.  

The substrate model accurately captures the kinetics of nuclear accumulation of total 

ERK2 upon 1 nM PDGF stimulation, with the rapid increase and peak at ~10 minutes before 

decaying to the steady-state value (Figure 5.4 A). The basic model fails to reconcile these 

kinetics with those of the EKAR responses (Figure 5.7A of the Appendix C). The substrate 

model successfully parses these disparate kinetics (Figures 5.4 B,E). As described above, 

responses to MEK inhibitor are rapid for both cytosolic and nuclear ERK activity, which 

further constrains the substrate model fit (Figures 5.4 C,F). The assumption that EKAR 
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probes faithfully report free ERK activity (Harvey et al., 2008) is temporally consistent with 

the experimental data and model fit. As with the basic model, the importin model also fails to 

identify the distinct kinetics of total ERK2 accumulation and free ERK activity in the nucleus 

(Figure 5.8). The importin model tries to fit the data by making the release of free active 

ERK2 in the nucleus a two-step process.  

 

 

 

Figure 5.4: Output of the substrate model. Experimental results are shown in black circles. The 

global average of the model outputs calculated from the ensemble of parameter sets are in black solid 

lines. Dotted lines represent mean ± s.d. of the model output.  

 

The fit of the substrate model also aligns nicely with the total phosphorylation of MEK 

(Figure 5.4 D), and total ERK phospho-proteomic data (Figures 5.4G,H). ERK1/2 do not 
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have a nuclear localization or export signal, and it is widely believed that ERK 

compartmentalization is controlled by interactions with substrate and scaffold proteins 

(Blackwell et al., 2007; Caunt et al., 2006; Lidke et al., 2010). The success of the substrate 

model in capturing all features of the ERK activation and nuclear translocation kinetics 

resonates with that concept.  

Apart from the three main models, we tested variations of those. A version of the 

substrate model including also the importin step did not noticeably improve the quality of the 

fits (data not shown). Likewise, no qualitative change was observed when nuclear export rate 

constants were allowed to vary according to the ERK phosphorylation status (data not shown). 

 

5.3.5. Computational Modeling Predicts Desensitization and Adaptation of the Pathway 

So far, we have shown the ERK activation and nuclear translocation behaviors at single 

stimulation condition (1 nM PDGF), which is sufficient to saturate PDGF-receptor mediated 

activation of the pathway. Hence, we planned to test the ability of the model to predict the 

responses at different stimulation conditions. To investigate the effects of different 

stimulation doses on nuclear translocation of ERK2, we performed a dose-response 

experiment with 30 pM and 1 nM PDGF, concentrations that yield roughly half-maximal and 

maximal ERK activation, respectively, in NIH 3T3 cells (Wang et al., 2009). In the control 

experiment, cells were treated with buffer for 30 minutes followed by 1 nM PDGF (Figure 

5.5A). These cells showed no perceptible basal level of ERK localization during the buffer 

treatment and a transient peak of localization upon 1 nM PDGF stimulation, as in the 

previous experiments. In contrast, when cells were initially treated with 30 pM PDGF, the 
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peak in ERK2 localization was minimal or absent (Figure 5.5B). ERK2 translocation 

increased and reached a plateau value within 20 minutes; and most strikingly the steady-state 

level was roughly same as that of the control experiments. There was no further accumulation 

of ERK2 translocation upon subsequent addition of 1 nM PDGF. The interpretation that 

emerges for 30 pM PDGF stimulation is that the time scale of ERK phosphorylation and 

nuclear translocation is more closely matched with the time scale associated with ERK-

catalyzed phosphorylation of nuclear substrates. Then, with the substrate pool already 

equilibrated, subsequent addition of 1 nM PDGF does not elicit a perceptible peak. 

 

 
 

Figure 5.5: Effect of dose responses on MEK activation and nuclear localization of ERK2. (A) 

Nuclear localization of ERK2 after addition of buffer followed by 1nM PDGF treatment (n=8). (B) 

Nuclear localization of ERK2 after 30pM PDGF treatment followed by 1nM PDGF treatment (n=8).  

(C) Dose-response output of MEK activation and (D) nuclear localization of ERK2 simulated by the 

model. Global averages of the model outputs are calculated from the ensemble of parameter sets. The 

grey regions represent 95% confidence intervals. 
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Our substrate model successfully predicted, at least qualitatively, the outcome of this 

experiment with no additional parameter fitting. The stimulation factor (S) in the model was 

varied as a proxy for PDGF dose, with S = 1 corresponding to 1 nM PDGF stimulation from 

the model fit. As the stimulation level was reduced, the rapid MEK activation peak becomes 

less prominent (Figure 5.5C). Absent of higher MEK activation peak after subsequent 

stimulation is because of ERK-mediated negative feedback loop, which desensitizes MEK 

activation and also affects magnitude of ERK activation, but not the apparent adaptation of 

ERK phosphorylation. Consistent with the experiment, initial nuclear localization kinetics do 

not exhibit a peak at lower values of S, and a subsequent shift to S = 1 fails to elicit a 

substantially higher level of nuclear localization (Figure 5.5D). As expected, higher initial 

doses result in less of a peak after the shift to S = 1. At an intermediate stimulation level, e.g. 

S = 0.4, the model yields roughly the same kinetics as seen during experiments (Figure 

5.5D). These results at least partially validate the predictive power of this simple model, 

which is capable of capturing the dose-responsiveness and adaptation behavior of the 

pathway and the role of nucleocytoplasmic shuttling in shaping those kinetics. 

 

5.4. CONCLUSION 

Adaptation of signaling pathways, through negative feedback and other mechanisms, 

and subcellular localization of signaling components are two important and complex aspects 

of signal transduction networks. Compartmentalization of signaling molecules leads to 

distinct cellular responses based on their localization, while adaptation controls the kinetics 

and magnitudes of cellular responses. Although there has been significant progress recently 
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in elucidating these processes, they have not been investigated in tandem. The ERK signaling 

pathway controls a host of cellular responses and is a prominent example of 

compartmentalized signaling, as ERK phosphorylates distinct sets of substrates in the cytosol 

and in the nucleus. Here, we have analyzed compartment-specific ERK activity and nuclear 

translocation kinetics using live-cell fluorescence microscopy. Consistent with previous 

observations (Costa et al., 2006; Horgan and Stork, 2003), growth factor-stimulated nuclear 

translocation of ERK is transient, showing a high degree of adaptation much like the whole-

cell ERK phosphorylation response. In stark contrast, ERK2 activity in the cytosol and 

nucleus show little adaptation. However, adaptation has been reported in nuclear ERK 

activity for different cell type and stimuli (Herbst et al., 2011). Analysis of a simple 

mathematical model reconciles these observations by allowing the nuclear substrates to 

sequester ERK while those substrates approach a quasi-steady stoichiometry of 

phosphorylation. This work shows that adaptation and compartmentalization of the ERK 

pathway are intertwined. We suggest that the well-known adaptation at the level of ERK 

phosphorylation is, in a way, an artifact of competitive ERK-substrate interactions, which 

have a strong buffering effect. The prominence of such interaction has been reported in the 

context of developmental patterning in Drosophila melanogaster (Kim et al., 2011). The free 

ERK activities in the two compartments exhibit relatively simple kinetics, with time scales 

tuned by the properties of the compartment-specific substrates. 
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APPENDIX A (Kinetic Model) 

a) Activation of MEK by Upstream Stimulation 

This model is based on a few simple assumptions as follows. 

 MEK and ERK are serially activated in the cytosol by distributive, double 

phosphorylation. 

 ERK must be dually phosphorylated to translocate from cytosol to nucleus. 

 ERK is dephosphorylated at different rates in the cytosol and nucleus. 

 ERK translocation from nucleus to cytosol does not depend on its 

phosphorylation status (Fujioka et al., 2006; Horgan and Stork, 2003). 

 MEK phosphorylation rates are desensitized by cytosolic ERK activity 

(Dougherty et al., 2005; Wartmann et al., 1997). 

The starting point of this kinetic model is the activation of MEK by upstream 

stimulation. MEK is strictly cytosolic, either unphosphorylated (fraction m), mono-

phosphorylated (fraction mp) or di-phosphorylated (fraction mpp), and its total expression 

level is conserved.  The rates of MEK phosphorylation are modulated by an input signal S 

(set to 1 for maximal PDGF stimulation) and reduced by negative feedback, the latter 

mediated by active ERK in the cytosol (cpp).  Definitions of the relevant rate constants are 

listed in Table 5.3. The conservation equations and initial conditions for the MEK species are 

thus 
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For MEK and upstream signal (i.e. Raf) interaction,   ,    ,   ,     are rate constants 

characterizing the first site phosphorylation, pMEK dephosphorylation, second site 

phosphorylation, and ppMEK dephosphorylation, respectively.    characterizes the 

magnitude of Raf desensitization by ERK. 

Total phosphorylated MEK data from Western blot (Cirit et al., 2010) was fit by the 

model so that, 

ppp mmMEKatedphosphorylTotal 
 

 

This reflects the fact that the phospho-specific antibody recognizes both the pMEK and 

ppMEK phospho-forms. 

 

b) Activation of Cytosolic ERK by Activated MEK 

ERK is phosphorylated by MEK in the cytosol and must be dually-phosphorylated to i) 

translocate into the nucleus and ii) interact with either cytosolic or nuclear substrates.  ERK 

is dephosphorylated in both the cytosol and nucleus, but with potentially different rates.  

Thus, ERK is found in unphosphorylated, mono-phosphorylated, di-phosphorylated, and 

substrate-bound forms in each compartment.  It is assumed that export from the nucleus does 
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not depend on phosphorylation status.  The conservations equations for the remaining 

cytosolic species in the model are as follows. 
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In each compartment, all substrates of ERK are lumped into a single, dominant 

substrate.  Implicitly, it is assumed that neither the upstream activator(s) of MEK nor the 

cytosolic EKAR biosensor (where applicable) affect the saturation of active ERK. 

 

c) Nucleocytoplasmic Shuttling and Substrate Phosphorylation 

The conservation equations for the corresponding nuclear species are 
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The sum of the nuclear ERK species, Tn , is fit to the nuclear translocation data: 
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nT  n  np  npp  ns 

 

Cytosolic and nuclear EKAR data are fit to cpp and npp, respectively.  Total mono- and 

dually-phosphorylated ERK (pERK and ppERK, respectively) are also fit to the mass 

spectrometry data: 

pp ncpERK   

nsncscppERK pppp 
 

 

d) Variations of the Model 

The basic model was designed with the same equations, where substrate concentrations 

(ScT, SnT) were assigned zero values. 

For the importin model, a new state variable npp* was introduced, representing 

importin-bound active ERK. A new rate constant krel was used to characterize the release of 

active ERK from the complex in the nucleus. 

The conservation equations for the corresponding nuclear species are: 
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The sum of the nuclear ERK species, 
Tn , is fit to the nuclear translocation data: 

nsnnnnn pppppT  *

 

 

Total mono- and dually-phosphorylated ERK are also defined as follows. 

pp ncpERK   

nsnncscppERK pppppp  *  
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APPENDIX B (Parameter Estimation) 

a) Metropolis Algorithm 

i. Description of the Algorithm 

The values of all 24 parameters listed in Table 5.3 were subject to a Monte Carlo 

estimation routine based on the Metropolis algorithm (Metropolis et al., 1953).  The 

algorithm was implemented in MATLAB (MathWorks), adapted from code used in one of 

the recent publications of Haugh lab (Cirit and Haugh, 2012). The following eight data 

sets were used to constrain the model: dually-phosphorylated free ERK in cytosol and 

nucleus at 1nM PDGF treatment and also PDGF treatment followed by MEK inhibition, 

total ERK in nucleus, dually-phosphorylated total ERK, mono-phosphorylated total ERK 

and total phosphorylated MEK.  In order to set all of the data on a similar scale, the mean 

of the normalized data values under different conditions were set to 1.   

The algorithm works as follows. 

1) An initial set of parameters is chosen.  

2) The dimensionless model output is computed using the stiff solver ode15s. 

3) The model outputs based on the current parameter set are modified by alignment 

factors to directly compare with data.  The values of these factors, aj, are chosen 

such that the sum of squared deviations (SSD) for each of the these data types 

jcomparing measured and calculated values at each data point i, 
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is minimized. SSDs for individual set were weighted equally (wj=5) except for the 

inhibition data (wj=1). As the inhibition data were used mainly to capture the rapid 

response to MEK inhibition rather than whole experimental period, it was weighted 

less. Minimum SSD was achieved by systematically subdividing the range of 

possible values until each SSDj can no longer be reduced by more than 0.1%.  For 

example, for a dimensionless variable between 0 and 1 and corresponding data with 

a peak value greater than 1 in arbitrary units, we know that aj > 1, in which case we 

know that  0 < 1/aj < 1. The minimum SSD values thus obtained are saved and used 

to evaluate the closeness of fit, as described in the following section. 

4) A new set of parameters is determined from the old set as follows. 

                        , 

where ki is one of the model parameters, and randn is a random number drawn for 

each parameter from a normal distribution centered on zero with σ = 1.  Thus, α is a 

parameter of the algorithm that governs how much the parameter values tend to 

change between iterations. Its value affects the efficiency of the algorithm, and after 

extensive experimentation we concluded that a value of α = 0.03 is close to optimal 

for this application.  That value was used throughout the analysis reported here.  If 

any of the new parameters is below 10
-4

 or greater than 10
4
, the new value is thrown 

out, and another value is drawn based on the old value.  
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5) Steps 2-4 are repeated using the new parameter set, and its SSDj are evaluated.  If 

defined criteria are satisfied (see section ii below), the new parameter set is 

accepted; otherwise, it is thrown out, and the previous set is used again. 

6) The procedure is repeated until the desired number of accepted parameter sets is 

achieved. All of the accepted parameter sets are saved in a matrix for further 

analysis. 

 

ii. Generation of a Parameter Ensemble 

The strategy for using the algorithm was as follows.  First, we established a suitable 

initial parameter set.  This was done by randomly varying the parameters as described 

above until a weighted sum of SSD values converged to a near-minimal value; in this 

exercise, it was confirmed that different starting guesses resulted in approximately the 

same value of the weighted SSD.  Once a reference parameter set was established, it was 

used as the starting point for an extensive search of the parameter space, with the goal of 

collecting parameter sets that fit the data nearly as well as or better than the initial 

parameter set.  A parameter set was selected if it produced a SSD value less than 1.75 for 

the inhibitor data set and less than 1 for all six other data sets. Statistics for this ensemble, 

representing 10,000 of the “best” parameter sets (out of > 50,000 initially chosen), are 

summarized in Table 5.3. 

 

b) Ensemble Averaging and Analysis 

With the ensemble of parameter sets saved as a matrix, MATLAB was used to 

recalculate the model output for each parameter set and store those values in a larger matrix.  
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For each experimental condition and time point, an ensemble mean and standard deviation (n 

= 10,000) were computed, and these values were used to compare the model with the 

experimental data in Figure 5.4.  To predict the outcomes of certain perturbations, namely the 

change in stimulation (Figure 5.5), the corresponding changes in the parameter values were 

made in each of the 10,000 parameter sets, and the mean and standard deviation of the model 

output were recomputed. 
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APPENDIX C (Supplemental Experimental and Modeling Results) 

 

 

 

Figure 5.6: Nuclear localization of ERK1 upon PDGF stimulation. A representative cell response 

is shown upon 1 nM PDGF stimulation. (A, top) Nuclear localization of ERK1 over time; (bottom) 

Nuclear marker showing the region of interest of the same cells as in top panel. (B) Average 

responses of nuclear localization of ERK1 upon 1nM PDGF stimulation (n=10). The grey regions 

represent 95% confidence intervals. Scale bar = 20 µm. 
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Figure 5.7: Individual cell traces for nuclear localization and activation kinetics of ERK2 upon 

PDGF stimulation. Individual cell responses of the figure 5.1B for nuclear localization (A) and 

cytosolic ERK2 activation (B) upon 1nM PDGF stimulation. Individual cell responses of figure 5.1D 

for nuclear localization (C) and nuclear ERK2 activation (D) upon 1nM PDGF stimulation. 

 

 
Table 5.1: List of models built to fit the experimental data 

 

 Substrate Importin 
Nuclear Export 

rate of ERKs 

Basic model No No Same 

Substrate model Yes No Same 

Importin model No Yes Same 

Combined model Yes Yes Same 

 

* Instead of keeping the ERK nuclear export rates same, those were considered as adjustable 

parameters and tested for four models. However, there was no noticeable improvement  of the quality 

of fit compared to corresponding models with same nuclear export rate. 

A                                                        B                        

 

 

 

 

 

C                                                        D 
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Figure 5.8: Output of the basic model. Experimental results are shown in red circles and the global 

average of the model outputs calculated from the ensemble of parameter sets are in black solid lines. 

Dotted lines represent mean ± s.d. of the model output.  
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Figure 5.9: Output of the importin model. Experimental results are shown in red circles and the 

global average of the model outputs calculated from the ensemble of parameter sets are in black solid 

lines. Dotted lines represent mean ± s.d. of the model output.  

 

 

Table 5.2: Estimation of Ensemble Parameter set for the substrate model 

 

cSSD (×5) 14.200 ± 0.397 SSDphosphoMEK (×5) 2.331 ± 0.227 

SSDcyto_ppERK (×5) 2.936 ± 0.405 SSDTotal_pERK (×5) 1.367 ± 0.379 

SSDNu_ppERK (×5) 3.369 ± 0.365 SSDTotal_ppERK (×5) 0.223 ± 0.138 

SSDTotal_nuERK (×5) 1.757 ± 0.475 Parameters  24  

SSDcyto_ppERK_inhibit  0.923 ± 0.056 Variables  13  

SSDNu_ppERK_inhibit  1.296 ± 0.104 Parameter set  10,000  
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Table 5.3: Ensemble Parameter set for the substrate model 

 

Parameter Definition Minimum Q1 Median Q3 Maximum 

k
1
 Rate constant, MEK phosphorylation 10.152 45.68425 64.1615 91.102 366.3 

k
-1

 Rate constant, pMEK dephosphorylation 4.4809 30.49175 45.652 63.88825 141.19 

k
2
 Rate constant, pMEK phosphorylation 4.8057 22.544 33.8445 80.41875 213.61 

k
-2

 Rate constant, ppMEK dephosphorylation 0.35384 0.44878 0.472335 0.50003 0.59182 

K
i
 Rate constant, MEK kinase desensitization 2219.7 5637.95 7241 8517.8 9999.8 

S
cT

 Total substrate in cytosol 54.178 130.355 165.77 257.4225 457.91 

k
3
 Rate constant, cytosolic ERK phosphorylation 0.53638 1.34735 1.72845 2.203975 5.0914 

k
-3

 Rate constant, cytosolic pERK dephosphorylation 0.022668 0.042592 0.053389 0.067845 0.19965 

k
4
 Rate constant, cytosolic pERK phosphorylation 228.37 1638.25 2630.1 4261.4 9990.2 

k
-4

 Rate constant, cytosolic ppERK dephosphorylation 15.774 70.66375 96.1085 144.985 258.92 

k
n
 ppERK nuclear import rate constant 0.11412 0.34327 0.458235 0.615475 1.1009 

k
-n

 ERK nuclear export rate constant 0.38396 0.60283 0.682365 0.83229 1.4117 

k
on,c

 Rate constant, ppERK-substrate association in cytosol 2.2891 5.2353 6.43985 7.67915 14.656 

k
off,c Rate constant, ppERK-substrate dissociation in cytosol 1.601 35.074 51.275 75.829 127.72 
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Table 5.3 Continued 

 

k
cat,c

 Catalytic rate constant in cytosol, substrate --> product 4.4555 14.98175 19.732 25.88375 42.82 

k
-pc

 Rate constant, product degradation in cytosol 0.0001 0.000154 0.000293 0.000485 0.00128 

S
nT

 Total substrate in nucleus 1.7037 4.6172 7.61455 12.0615 27.37 

k
-5

 Rate constant, pERK dephosphorylation 0.000101 0.000533 0.00516 0.013691 0.022584 

k
 -6

 Rate constant, ppERK dephosphorylation 0.000181 0.050591 0.09701 0.289243 3.5292 

k
on,n

 Rate constant, ppERK-substrate association in nucleus 24.473 66.09775 91.5405 125.7225 295.22 

k
off,n

 Rate constant, ppERK-substrate association in nucleus 17.804 114.7575 157.495 188.2225 319.56 

k
cat,n

 Catalytic rate constant in nucleus, substrate --> product 1.128 5.3422 9.11875 13.54775 27.105 

k
-pn

 Rate constant, product degradation in nucleus 0.000301 0.0024 0.003479 0.005691 0.017096 

α/(1+ α) Fraction of mono-phosphorylated in total 

phosphorylated MEK 

0.000118 0.005636 0.057922 0.093322 0.1665 
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