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This thesis focuses on developing multivariate quantification methods of cell 

shape to facilitate understanding of physiological processes such as cell 

differentiation and migration. Cell shape reflects complex intracellular and 

extracellular factors affecting cell function. However, analyses associating cell shape 

and cell function need to account for challenges of multivariate interpretation, single-

cell heterogeneity and reproducibility. Specifically, Human Bone Marrow Stromal 

Cells (hBMSCs) population in nanofiber scaffolds can develop osteogenic 

differentiation without chemical cues. I developed a method based on Support Vector 

Machine (SVM) to train classifiers as boundaries in the shape metric spaces to 

identify the day 1 cell shape phenotype of hBMSCs population in nanofiber scaffolds. 

To reduce the effect of single-cell heterogeneity in the population phenotyping, the 

ñsupercellò method was introduced to generate average measurements of small 

groups of cells for SVM training. To overcome the multivariate complexity in 



 

  

biological interpretation, a feature selection process was implemented to select the 

most significant cell shape metrics. The predictive potential of the achieved classifiers 

was validated by subsampling. It was found that in nanofiber scaffolds, hBMSCs 

were narrower with more elongated and dendritic shape and rougher cell boundary. 

Further, I found that increase in nanofiber density enhanced hBMSCs osteogenic 

differentiation potential. The pre-trained classifiers successfully predict the 

modulation of nanofiber density on hBMSCs fates and single-cell shape. 

While much can be learned from cell shapes alone, it is important to note that 

shapes can change with time, especially for migrating cells. The second part of my 

thesis focuses on analysis of shape dynamics. Quantification for cell shape dynamics 

at the subcellular level was developed to understand the coordination of the 

subcellular myosin localization and the cell boundary dynamics in neutrophil 

migration in vivo. The correlation of myosin localization and positive cell boundary 

curvature was identified as a unique in vivo neutrophil migration phenotype. 

Correlations of myosin localization and local cell boundary dynamics in vivo were 

found to be affected by cell motility and polarization. This analysis framework shown 

here can also be used to study the link between other subcellular features and 

neutrophil migration and shape dynamics. 
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Chapter 1: Introduction 

 

Cell shape is influenced by the combination of cell mechanical properties, 

intracellular regulations and the extracellular environment. Thus cell shape reflects 

the integrative effect of many physiological relevant factors in processes such as cell 

differentiation [1-8], cell migration [9-13] and cancer progression [14, 15].  

In the early development of most multicellular organisms, stem and progenitor 

cells can differentiate into cells with specialized functions. In addition to the cell 

function changes, the differentiation also involves morphogenesis of the single cell 

shape, the organization of multiple cells, and the structure of the extracellular matrix. 

Both the cell function change and morphogenesis form the specific functions and 

architectures of tissues and organs [16]. The natural behaviors of cell differentiation 

initiate the idea of tissue engineering and regeneration medicine, thus certain types of 

cells can be artificially controlled to proliferate and differentiate to generate the 

desired specialized cells or tissue. Explorations in this area have led to therapies for 

diseases such as leukemia, lymphoma, osteoporosis, severe skin damages, arthritis, 

and cardiovascular disease. In some of these therapies, cells and tissues developed 

with the controlled differentiation are implanted to the patients. In tissue engineering, 

cells from mature organisms or cultured in vitro may lose the capability and 

environment for self-activation of the desired differentiation. Their capabilities to 

self-organize the desired tissue architecture are also compromised [16]. Therefore, 

suitable artificial biochemical, physical, and structural cues need to be introduced to 

guide the cell function changes and the tissue development. In addition, the 
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differentiation in tissue engineering can also be affected by the source, the 

manufacturing, and the handling of the cells [4]. Biomaterials have been designed in 

order to provide appropriate microenvrionmental cues inducing desired cell function 

changes. The physical and structural properties of biomaterials also customize the 

mechanical and geometrical support for the implant with the developed tissues [3, 17-

19]. As the morphogenesis of cell shape is one of the cell phenotypes during 

differentiation [17, 20], cell shape is probably associated with the cell differentiation 

potential as well as the efficiency of the biomaterials to induce cell differentiation. 

Therefore, cell shape can be utilized in the screening of stem cells and biomaterials to 

improve tissue engineering products [4, 21]. In this thesis, I develop a multivariate 

cell shape quantification method to utilize cell shape as an indicator of Human Bone 

Marrow Stromal Cells (hBMSCs) differentiation induced by nanofiber scaffolds [20] 

and study the association of hBMSCs shape and hBMSCs fates in response to the 

nanofiber scaffolds density. 

Cells need to migrate to appropriate positions to fulfill their functions in many 

physiological processes such as embryonic development [22], wound healing [23], 

and immune response [24]. In the cancer progression, cancer cell migration is also the 

essential behavior resulting in metastasis [25]. Therefore, it is important to study cell 

migration to enhance our understanding of many physiological processes and improve 

the treatment to several diseases. Cell migration is not only the overall locomotion of 

the cell position but also an emergent behavior driven by many factors at scales 

smaller than the single cell. At the molecular level, cell migration involves assembly 

and disassembly of the cytoskeleton networks [26, 27]. Cell migration is also driven 
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by the forces generated by the cytoskeleton associated molecular proteins [28]. These 

processes are regulated by gene expression and intracellular signaling [29-31]. At the 

micron subcellular level, people have observed polarization of the cell [31, 32], local 

cell membrane protrusions such as lamellipodia and filopodia [33], and local cell 

membrane retractions during the locomotion of the cells. The extracellular signals and 

matrices can also guide cell migration [24, 34]. It is important to understand how 

these dynamics at different scales coordinate to determine the overall cell locomotion 

behavior. Recent cutting edge intravital imaging techniques enable us to investigate 

cell migration behavior at the subcellular level in the in vivo physiological conditions 

[35, 36]. In this thesis, I develop the quantification of dynamics of cell shape to 

understand how local cell shape dynamics, myosin localization and overall cell 

locomotion are associated in vivo. 

 

1.1 Cell shape reflects cell function and cell fates 

The cytoskeleton provides the spatial arrangement and mechanical support for 

cell shape [33] (Figure 1.1A). The fundamental scaffolding building blocks [33] of 

the cytoskeleton are actin filaments [26, 27], microtubules [37, 38] and intermediate 

filaments [39]. Actin filaments are branched and crosslinked by binding of proteins 

such as Arp2/3 [27, 40], a-actinin [28, 41, 42] and myosin [26, 28, 33, 43-45]. Local 

configurations of these filamentous proteins and binding proteins induce variety in 

the density, mechanics [28, 33], polarity [46-48] and topology [26, 33] of the 

cytoskeleton (Figure 1.1B, 1.1C, 1.1D, and 1.1E). Cell shape is determined by both 

the property of the cytoskeleton and the connection between cytoskeleton and other 
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organelles of the cell [26, 28]. The cytoskeleton is also dynamic in living cells. 

Dynamics of the cytoskeleton include assembly, disassembly, branching, severing, 

and capping, binding, and unbinding of the crosslinking proteins [27, 49, 50] and 

mechanical motion driven by molecular motors such as myosin [28, 51] and kinesin 

[52, 53] (Figure 1.1F). Cytoskeletal dynamics plays crucial roles in processes 

associated with cell shape changes. Therefore, both cell shape and cell shape 

dynamics are reflections of cytoskeleton properties and dynamics. 

As cytoskeleton properties and dynamics are regulated by gene expression [29, 

54-56], cell shape can be an indicator of cell function. In a multicellular organism, 

different types of cells develop different shapes associated with various functions. 

Neuronal cells grow axons and dendrites containing microtubules that can transport 

signals to distant synapses with other cells [57]. Myocytes commit simple elongated 

cylindrical shapes to generate unidirectional contraction forces with myofibril 

bundles [28], a type of actomyosin cytoskeleton. Epithelial cells and endothelial cells 

form cobble stone shapes and tightly connect to each other to construct barriers on 

surfaces of tissues, organs, and organisms. Compared to them, shapes of cells in 

connective tissue have more irregularity and 3-D features.  
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Figure 1.1 Cell shape is determined by the cytoskeleton with a wide variety of 

structures and dynamics. (A) Cytoskeleton of endothelial cells is stained and imaged 

with  the microscope. The image is reproduced from en.wikipedia.org/wiki/Cytoskeleton 

under the CC BY License. Actin filaments can form a wide variety of structures of the 

cytoskeleton, including (B) branched networks mediated by Arp2/3 complexes to resist 

the compression force loads (red arrows) to push the plasma membrane, (C) bundles 
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combined by fascin to overcome the compression loads (red arrows) from filopodia 

extending tips. (D) non-aligned networks with  crosslinking proteins to resist isotropic 

tensions (green arrows), and (E) stress fibers bundled with myosin to generate 

contraction forces and resist unidirectional tensions (green arrows). B to E are 

reproduced from [33] with permission. (F) Mediated by associated regulatory proteins, 

the cytoskeleton is organized by a wide variety of dynamics such as assembly 

(elongation), disassembly (depolymerization), nucleation and branching, capping, 

binding, and unbinding. The figure is reproduced from [58] with permission. 

 

Cell shape is also associated with cell fates. For example, one identified 

characteristic of Human Mesenchymal Stem Cells (hMSCs) is their spindle-like shape 

[59, 60]. When hMSCs were stimulated to differentiate in several studies, cell shape 

of early time points was found to be associated with differentiation of hMSCs weeks 

later [4, 20, 61, 62] (Figure 1.2A and 1.2B). In other studies, it was also found that 

elongated cell shape appeared in the reprograming of Induced Pluripotent Stem Cells 

(iPSCs) [63] (Figure 1.2C). In cancer progression, cell shape has been used as one of 

the markers evaluating invasiveness of cancer cells. It was recently found that cancer 

cells develop microtubule-based microtentacle protrusions, which might be related to 

cancer metastasis [14, 15]. 
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Figure 1.2 Cell shape is associated with cell fates. (A) hBMSCs can develop both 

osteogenic differentiation and cell shape difference in response to chemical or structural 

cues of the microenvironment. (B) Cell shape on day 3 is a better predictor for day 35 

hMSCs osteogenesis than day 14 staining for alkaline phosphatase (ALP). The figure is 

reproduced and modified from [4] with permission. (C) Reprogramming of cells can be 

controlled by substrate texture while the cell shape is also affected. The figure is 

reproduced and modified from [63] with permission. 

 

Cell shape dynamics characterizes the cell migration processes driven by the 

dynamics of the cytoskeleton. In cell migration, different parts of the cell are driven 

different machineries of local cytoskeleton dynamics to initiate the cell shape 

polarization, drive the cell locomotion, and maintain the directionality of migration 

[31, 64, 65]. Polymerization of actin filaments pushes the cell membrane or cell 

cortex to protrusion structures such as filopodia (Figure 1.3A), lamellipodia (Figure 
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1.3B) or pseudopodia [32, 66, 67]. Local retraction of the cell membrane follows 

either disassembly of the cytoskeleton or contraction of the cytoskeleton driven by 

myosin. Pressures can also drive cell membrane dynamics directly and lead to local 

protrusions that are rounder called blebs of the plasma membrane [66, 67]. In cell 

migration, the cell is usually polarized and different parts of the cell undergo a variety 

of local dynamics at the subcellular level [31] (Figure 1.3C). 

 

Figure 1.3 Cell migration is driv en by various local cytoskeletal dynamics and 

associated pathways. (A) Nucleation and assembly dynamics of the branched actin 

networks and associated regulatory proteins in the protrusion of lamellipodia. (B) 
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Assembly and bundling dynamics of actin filaments and associated regulatory proteins 

generate the protrusion of filopodia. (A) and (B) are reproduced from [32] with 

permission. (C) Cell migration is driven by local protrusions of the lamellipodia and 

filopodia at the leading front and local retractions of the trailing rear by the actomyosin 

networks. The figure is reproduced and modified from [68] with permission. 

 

The dynamics of the cell membrane leading front can be roughly 

characterized with pushing or protrusion activities fostered by cytoskeleton assembly 

or other mechanisms, while the rear of the cell is dominated by retraction activity 

driven by actomyosin activities to follow the leading front (Figure 1.3C). With more 

detailed quantification, cell boundary bumps and actin polymerization activities have 

been found to be generated from the front of the cell and migrate toward the cell rear 

in forms of waves in amoeboid like cell migration mode [9, 69, 70]. The complicated 

spatial-temporal coordination of different types of local cell shape dynamics is 

regulated by associated intracellular molecules [29, 55, 56, 70, 71], cell interactions 

with the extracellular microenvironment through adhesions [29, 31, 72], and gradients 

of extracellular signaling [24, 34, 73]. Therefore, cell shape dynamics in cell 

migration needs to be investigated in conjunction with analysis of subcellular patterns 

of these molecular drivers such as molecular motors. 

1.2 Cell shape can be a response to extracellular signals and environment 

Cell shape is also influenced by extracellular signals and microenvironment 

(Figure 1.4A). Some extracellular chemical signal molecules can be detected by 

receptor proteins and trigger series downstream regulatory effects to alter cell 
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functions. For example, when T cells are activated by signals from the antigen 

presenting cells, T cell will alter their round cell shape to elongated cell shape. This 

process is also associated with the motility and antigen sensitivity polarity of T cells 

[74]. Cell shape usually becomes asymmetric in the onset of chemotaxis. And the 

leading front and trailing rear of the cell can be differentiated based on morphology 

[34, 74]. This geometrical polarization process of the cell shape during chemotaxis is 

associated with the polarity of motion direction, intracellular signaling and 

cytoskeleton compositions [34]. 

Cells also respond to differences in concentrations of ambient nutrients, 

growth factors, and other molecules in media. hMSCs have the ability to undergo 

osteogenesis, adipogenesis and chondrogenesis when treated with different growth 

factors, though each process takes weeks [59, 75-77]. Several recent studies showed 

that early cell shape measurement could be used to predict the differentiation lineage 

of hMSCs in later time points [4, 5, 7, 8, 20, 78] (Figure 1.2A and 1.2B). Both this 

thesis and new work by an FDA team [4, 21] are now demonstrating that early 

predictions of osteogenesis based on cell shape are in good agreement with actual 

observations of calcium mineralization in osteogenesis, which are only possible more 

than one month later. The FDA group further showed that the day 3 cell shape was a 

better predictor than day 14 alkaline phosphatase staining (Figure 1.2B) of the 

osteogenic differentiation potency influenced by passaging and donor variability. 
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Figure 1.4 Cell shape can be a response to extracellular signals and environment. 

(A) A cartoon to illustrate some extracellular matrix properties and extracellular signals. 

The figure is reproduced from [79] with permission. (B) Cell shape is influenced by the 

composition and stiffness of the substrates. The figure is reproduced from [80] with 

permission. (D) The micron scale sawteeth ridges on the substrates can guide cell 

migration and actin waves with unidirectional preference (i.e. esotaxis). All scale bars 

represent 3 mm. The figure is reproduced from [81] with permission. 

 

With adhesions, cytoskeletal tensions and receptors on cytoplasm membrane, 

cells can also sense and respond to some physical, chemical, and structural properties 
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[18, 19, 82-84] of the extracellular matrix such as stiffness [84-86], surface 

topographies [87-89], cell niche sizes [80, 90-92], the order of features [93], contact 

angles [94], ligand densities [95], etc (Figure 1.4B). A lot of the cell responses to the 

extracellular signals and environment are associated with cell shape [20, 63, 88, 96]. 

Therefore, cell shape alterations have been widely observed in biomaterials design to 

direct cell function, cell differentiation, and tissue formation. For example, some 

studies demonstrated that structures such as nanofiber scaffolds [20, 76, 97, 98], 

micro pillars [88] and microridges [89] could induce both hMSCs differentiation and 

alterations of cell shapes. When properties of these structures such as fiber diameter, 

pillar spacing and randomness, or ridge spacing were modified, both hMSCs 

differentiation and shapes would be modulated accordingly. In another study, the 

spacing of microgroves on the substrates was found to modulate the reprogramming 

efficiency of fibroblasts toward iPSCs and elongated the cell shape [63]. 

During cell migration, cell can sense the extracellular chemical signal 

gradients, regulate the cytoskeleton dynamics and steer their shape dynamics 

accordingly to commit chemotactic migration [34]. In chemotaxis, when cells sense 

the gradient and start to respond, the polarization process is usually triggered [31, 46]. 

To adapt to the received signal, the generally accepted simple model is that there are 

more molecules associated with cytoskeletal assembly localized at the leading front 

[32] while reshaping of an existing actomyosin network via myosin is thought to be 

localized to the trailing rear and generate forces of retraction [31] (Figure 1.3C). This 

symmetry breaking of assembly near the front and reorganization at the rear is then 

associated with cell shape changes. For example, neutrophils migrating in the 



 

 13 

 

amoeboid mode are elongated toward the chemoattractant source compared to the 

round shape at resting [34]. During cell migration, some studies demonstrated that 

lamellipodia containing branching proteins and growing actin network [26, 27, 32, 40, 

70] were formed at the leading front facing the likely chemotactic direction. 

Interestingly, the assembly of cytoskeleton itself has been recently shown to 

have intrinsic dynamics ï actin waves [99]. It means the actin filaments and 

associated proteins can assemble locally and then this filamentous region forms the 

nucleation region for a wave that travels in a certain direction at roughly constant 

velocity. Notably, traveling of actin waves involves assembly of new filaments at the 

leading edge of the wave and disassembly of filaments at the rear of the wave. Actin 

waves are intrinsically driven by self-activating positive feedback of actin assembly 

leading to the recruiting of actin monomers and associated proteins for 

polymerization and nucleation, and lagging negative feedback leading to following 

disassembly [70, 100-105]. Actin waves have been found as universal phenomena of 

cytoskeleton dynamics in various types of cells at different conditions and involve 

multiple processes influencing cell shape such as neurite growths of neurons [106, 

107], plasma membrane protrusions [70, 108], and cell polarization [102, 109]. 

Extracellular matrices might influence cell shape dynamics by modulating nucleation 

or propagation of the actin waves. For example, guidance of the actin waves named 

esotaxis can be induced by aligned texture of the extracellular environment. Some 

studies demonstrated that cell migration and cell shape dynamics could be guided by 

microridges [110] on the substrates with bidirectional preference of actin waves [111]. 

When sawteeth structures were constructed instead, cell migration and actin waves 
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were guided in a unidirectional fashion [81] (Figure 1.4C). The physiological 

environment in vivo is comprised of various chemical and physical cues and more 

complicated than in vitro experimental conditions. Cell migration and the associated 

cell shape dynamics in vivo are influenced by a complex variety of different factors. 

 

1.3 Cell shape can regulate cell function 

Cell shape, in addition to indicating cell behavior and extracellular 

environment, can have regulatory effects on gene expressions of cells and modulate 

cell functions. In some studies, cells were forced to assume defined shapes by using 

adhesive regions for cells on the substrate created by micropatterning technologies [1, 

2, 112]. Effect of the cell morphology on cell phenotypic behaviors and gene 

expressions was then studied directly. In one pioneering study, it was found that 

larger square cell spreading area increased osteogenic potential of Human 

Mesenchymal Stem Cells (hMSCs), while smaller square spreading areas led hMSCs 

to adipogenesis [1] (Figure 1.5A). This phenomenon was found to be regulated by the 

RhoA-ROCK pathway (related to the Ras homolog gene family, member A (RhoA) 

and the associated protein kinase (ROCK)), which is associated with the mechanical 

forces generated by myosin [113]. Perturbations on the cytoskeleton and the RhoA-

Rock pathway revealed that this regulation is dependent on the integrity of the 

cytoskeleton and activities of RhoA and ROCK [1]. A related study also 

demonstrated that the interactions of RhoA-ROCK could be regulated by the 

feedback of cell shape [113].  
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Figure 1.5 Cell shape can regulate cell function. (A) Cell shape of hMSCs is forced 

to commit square shapes of different sizes with micropatterning of cell adhesive region. 

Larger cell spreading areas increased hMSCs potential of osteogenesis while 

adipogenesis is preferred by smaller cells. The figure is reproduced from [1] with 

permission. (B) If the spreading area is fixed, elongation and negative boundary 

curvature facilitate hBMSCs osteogenesis. The figure is reproduced from [2] with 

permission. 

 

In another study where the cell spreading area was fixed but the cell shape 

patterns (e.g aspect ratio, roundness) varied, cell boundary curvatures and the cell 

shape elongation were found to be correlated with hMSCsô differentiation tendency to 

either osteogenesis or adipogenesis [2] (Figure 1.5B). Spatial organizations of 

cytoskeletal components and focal adhesions were also found to be influenced by the 

cell shape. Further microarray analyses and pathway inhibition studies suggested that 

the c-Jun N-terminal kinase (JNK) and extracellular related kinase (ERK1/2) cascades 
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as well as wingless-type (Wnt) signaling and mitogen-activated protein kinase 

cascades (MAPK) might mediate the regulation of cell shape upon hMSCs 

differentiation [114-118]. These pathways also regulate expressions of Runt-related 

transcription factor 2 (RUNX2), peroxisome proliferator-activated receptor gamma 

(PPAPg), and Sox9, which are respectively related to osteogenesis, adipogenesis, and 

chondrogenesis [119, 120]. Thus cell shape can regulate cell differentiation through a 

wide range of signaling pathways. 

 

1.4 Overview on cell shape quantification 

As cell shape is associated with cell function and reflects the influence of 

various intracellular processes and extracellular signals, it is important to acquire and 

quantify cell shape. Images of cells are acquired with microscopy. One widely used 

method is fluorescence microscopy [121, 122]. In general, the cell membrane or 

cytoskeleton can be fluorescently labeled with molecular dyes that localize near target 

structures or proteins, immunostaining by target specific antibodies tagged with 

fluorescent molecules, or transgenic labeling by direct expression of fluorescent 

domains (e.g. GFP) with the target proteins [35, 123, 124]. The fluorophores can 

absorb the incident light from nearly monochromic sources such as lamps, LEDs or 

laser beams at suitable excitation wavelengths to emit photons at slightly longer 

wavelengths (lower energy).  
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Figure 1.6 Comparison of confocal laser scanning microscopy and two-photon or 

multi -photon microscopy. (A) Confocal microscopy relies on the single excitation photon 

of shorter wavelengths (higher energy) than the emission photonôs. It excites a volume 

in the optical path and collects only emission light near the focal point with a pinhole. (B) 

two-photon and multi-photon microscopy utilize the simultaneous absorption of two or 

more excitation photons of longer (near-infrared or infrared) wavelengths than the 

emission photonôs. Thus it excites the sample only at the focal point with higher imaging 

depth. Bars in xy views represent 40 mm. Bars in xz views represent 50 mm. The figure is 

reproduced from [35] with permission 

 

There are multiple variations of fluorescence microscopy technologies. For 

example in general confocal laser scanning microscopy [125], the incident laser beam 

is reflected by the dichroic mirror and converged by the objective to illuminate the 

sample. A pinhole is utilized to block the emission photons other than those emitted 

near the focal point to improve the resolution in the optical axial direction (e.g. z 

direction). The emission light is selectively transmitted through the dichroic mirror to 

the photoelectric device such as the photomultiplier (PMT). With the laser scanning 
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(usually by scanning mirrors) through each location in the focal plane, the excitation 

is applied and emission photons are collected to generate information of each pixel in 

the image. With the sample stage motion along the optical axis, the imaging focal 

plane is set to different heights of the sample and the construction of 3-D image 

volumes is achieved by stacking the images of different focal plane heights. In two-

photon and multi-photon microscopy, the fluorophores are excited with the 

simultaneous absorptions of two or more photons [36]. Thus the two-photon 

microscopy allows the excitation wavelengths to be two times larger than the 

fluorescence absorption wavelength, with near-infrared or infrared wavelengths 

which are longer than the emission wavelengths. The probability of simultaneous 

absorptions of two photons depends on the light intensity in a quadratic manner and 

thus is high enough for imaging only near the focal point even with femtosecond 

lasers [35, 126]. In this way, two-photon or multi-photon excitations excite only the 

fluorophores near the focal point but not in planes above or below. In addition, 

incident photons with longer wavelengths carry less energy, undergo less scattering in 

the tissue and cause less background signals. Therefore, the two-photon or multi-

photon excitations reduce photo damage, eliminate photobleaching of regions above 

and below the focal plane, and increase the imaging depth into the tissue from around 

100 mm of single-photon confocal microscopy to 300-500 mm [36, 126] (Figure 1.6). 

In living organisms, the cells of interest are often in depths beyond 100 mm from the 

surfaces (e.g. in the dermis or blood vessels), and many cell activities require 

observations over hundreds of 3-D images. Thus two-photon and multi-photon 

microscopy is a suitable technique for the acquisition of 3-D intravital snapshot 
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images with certain time intervals to capture physiological dynamics in vivo, which is 

also referred as the 4-D intravital imaging (i.e. the time is the fourth dimension). 

In addition to the two-photon and multi-photon excitation, there are several 

other imaging techniques to improve the resolution, frame rate, and depth of imaging 

as well as to reduce the photobleaching and photo damage during 4-D intravital 

imaging. In the light sheet fluorescence microscopy (LSFM), the incident excitation 

beam is set to be orthogonal to the optical axis of imaging to avoid illuminating 

planes above and below the imaging focal plane [127]. It reduces the background 

signals from planes other than the focal plane to improve the imaging depth. With the 

application of cylindrical lenses, the circular laser beam can be expanded to a laser 

sheet to achieve selective/single plane illumination (SPIM) of a thin slice in the 

imaging focal plane [128]. The simultaneous illumination improves the speed of 

acquisition of the 4-D intravital movies and eliminates excessive illumination to 

further reduce photobleaching and photo damage. Sculpting the light waveform 

further with Bessel beams and spatial light modulator (SLM), LSFM has been 

developed into the lattice light-sheet microscopy in which the waveform of the 

excitation laser commits the interference pattern modulated by the SLM [129]. As the 

excitations can be confined to multiple points in the same plane or multiple planes, 

lattice light-sheet microcopy enables not only faster scanning for high-speed imaging 

but also the structured illumination to achieve a resolution of 150 nm [129], with 

reduced photobleaching and photo damage compared to traditional LSFM. In addition 

to the variations of the LSFM, several super-resolution imaging techniques have been 

applied to 4-D intravital imaging, such as stimulated emission depletion microscopy 
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(STED) [130] and structured illumination microscopy (SIM) with resolutions of 

around 50 nm. The developing and expanding applications of 4-D intravital imaging 

techniques bring plenty of new high-quality information about in vivo physiological 

dynamics and demand innovative and efficient image processing and quantification 

methods. 

Cells can be identified from images with multiple methods. The simplest 

thresholding method converts the original 2-D or 3-D images into binary images with 

a threshold value of pixel or voxel brightness to define regions of interest [131, 132]. 

To better overcome the background signals and noise, and to better identify objects 

with complicated shapes, advanced image segmentations such as edge detection, 

clustering, and machine learning can be applied to segment the original images to a 

binary format [133, 134]. Instead of representing the segmentation in a pixel-wise 

manner, some partial differentiation equation based methods identify boundary 

contours represented by boundary points with subpixel spacing [135]. In the cell 

shape analyses in this thesis, the ñsnakeò algorithm is applied to achieve subpixel 

precision of the 2-D cell boundary contour identification and enables more accurate 

calculations of local cell shape attributes such as boundary curvatures [136, 137]. In 

the snake algorithm, the cell boundary contour is assumed as a loop with elasticity 

and bending rigidity, external ñforcesò defined by the image brightness gradient are 

also assumed to be applied to the cell boundary contour. The final cell boundary 

contour is achieved by minimizing the total and ñpotential energyò caused by all 

types of ñforcesò. Further, the 2-D cell shape dynamics can be quantified by tracking 

the cell boundary points of the contour. 
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Many correlated or uncorrelated cell shape metrics can be extracted from the 

cell shape. Multiple metrics together can be used to form a more complete 

multivariate representation of cell shape features. To compare different conditions 

and identify significant cell shape features associated with cell functions, statistical 

hypothesis testing has been widely used to compare each metric individually in 

different conditions and judge whether the mean of the metric changes significantly 

based on p-values [138]. However, usually there is no class boundary defined to 

distinguish different populations. In addition, this method does not take advantages of 

the additional multivariate information such as correlations between metrics. It 

further limits the capability of the statistical hypothesis testing to define clear 

difference between overlapping populations (Figure 1.7A and 1.7B). 

To obtain additional insights from multivariate data, various statistical 

learning methods accounting for correlation between metrics have been applied to the 

multivariate cell shape data to quantify and visualize cell shape differences (Figure 

1.7C). One widely used method is the principal component analysis (PCA) [21, 139, 

140], which identifies metrics that exhibit maximal variances. If the metrics that vary 

most are of interest, we can thus quantify cell phenotypes properly with only a small 

number (e.g. two or three) of the important metrics. Thus PCA has been applied to 

reduce the dimensionality of the representation of single-cell data. Redundant metrics 

are still an issue though, as they might also bring problems such as noise and 

overfitting [141]. Another dimension reduction method is multidimensional scaling 

(MDS) [5], with which high dimensional data are mapped into a 2-D or 3-D 

representation that retains most of the nearest neighbor characteristics of the original 
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data. There are also some other dimension reduction methods such as self-organizing 

map [142] and t-distributed stochastic neighbor embedding (t-SNE) [143]. With these 

methods, however, the dimension of the problem is reduced by merging metrics using 

a complex combination of all the original metrics. For the cell shape metrics of 

interest here, this yields combined metrics that are difficult to be interpreted with 

straightforward geometrical explanations or with the links to cell functions. The 

redundancy of the multivariate metrics [141, 144] and the heterogeneity of single-cell 

data [145] also complicate the applications of these methods. To define cell shape 

phenotypes with straightforward geometrical meaning, this thesis introduces a 

Support Vector Machine (SVM) [146-148] based single-cell data analysis 

methodology to define class boundaries between different cell populations with the 

combination of only a few selected cell shape metrics. A small group averaging 

process named ñsupercellò [149-151] is also implemented to address the single-cell 

heterogeneity of data. 

 

 

Figure 1.7 Illustration of statistical analysis of multivariate single-cell data. 

Statistical hypothesis tests (1-way ANOVA and Tukey multi -comparison test) are 

applied to either (A) metric 1 or (B) metric 2 which are from 22 metrics to test whether 
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the two populations are different with p-values. The boxes denote the 25% to 75% 

percentile of the data. The whiskers denote the range. The cross signs denote the 

outliers. ***: p -value < 0.001 (C) Appropriate quantification might be able to define a 

clear class boundary between two populations in the metric space by combining only the 

two metrics studied individually in (A) and (B) and introducing the information of 

metric correlations. 

 

1.5 Thesis outline 

This thesis is dedicated to developing multivariate analysis of single-cell 

shape data to identify characteristics of cell shape and cell shape dynamics that are 

associated with stem cell differentiation and cell migration. In Chapter 2 and Chapter 

3, I try to identify day 1 cell population shape phenotypes that are associated with 

stem cell differentiation induced by the nanofiber scaffolds, to predict and evaluate 

the differentiation potential of stem cells influenced by varying microenvironmental 

cues. It had been found that Human Bone Marrow Stromal Cells (hBMSCs) 

developed osteogenic differentiation nanofiber scaffolds without any chemical cues. 

The pioneering studies also suggested the connection between differentiation and cell 

shape of hBMSCs. I first come up with an analysis methodology combining SVM, 

supercell averaging, and feature selection to systematically identify the robust cell 

shape phenotype of hBMSCs population in response to the nanofiber scaffolds 

microenvironment accounting for single-cell heterogeneity and interpretation 

convenience. The identified hBMSCs shape phenotype associated with osteogenic 

differentiation and nanofiber scaffolds is successfully applied to predict hBMSCs 
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differentiation potentials in response to varying nanofiber densities in independent 

experiments. In Chapter 4, I aim at developing analysis tools for quantification of the 

subcellular cell shape dynamics to gain insights of cell migration in vivo. Cell 

migration in vivo has been quantified in terms of cell motility and directionality at the 

single-cell or collective levels. In this thesis, in the analysis of neutrophil migration in 

vivo, the cell shape quantification is conducted to connect local cell shape changes 

such as local curvatures and local plasma membrane motions with local actomyosin 

cytoskeleton dynamics to understand the mechanisms of neutrophil migration at the 

subcellular level. 

In the study demonstrated in Chapter 2, to identify cell shape phenotype of 

hBMSCs in response to nanofiber scaffolds microenvironment. hBMSCs are cultured 

on either nanofiber scaffolds or flat substrates with or without osteogenic supplement. 

Cell shapes are imaged with confocal laser scanning microscopy on day 1 and 

quantified with the snake algorithm which achieved multiple 2-D cell shape metrics. 

Cell shape differences of hBMSCs populations in different conditions are identified 

by training linear classifiers with Support Vector Machine (SVM). To reduce the 

redundancy of cell shape metrics, a feature selection procedure is implemented to 

select the most significant combination of cell shape metrics with both accuracy and 

stability of the classifiers. Accounting for heterogeneity of single cells and the 

microenvironment, the analysis is conducted at a multi-cell level, where the supercell 

method uses average shape measurements of small groups of single cells as the 

training data set for SVM. Further, a subsampling validation is applied to the trained 

classifiers of the selected cell shape metrics to test the ranges of supercell sizes and 
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sample sizes needed to achieve classifier stability and generalization capability. With 

the developed SVM/supercell analysis methodology, strong early cell shape based 

classifiers are identified to describe cell shape response of hBMSCs population to 

nanofiber scaffolds. 

As demonstrated in Chapter 3, fiber densities of nanofiber scaffolds are 

systematically varied to investigate cell shape and differentiation response of 

hBMSCs to nanofiber density. With day 50 mineralization assays and day 14/day 1 

RT-PCR assays, the nanofiber density is identified as a structural property of 

nanofiber scaffolds that modulates the hBMSCs osteogenic differentiation potential. 

The pre-trained classifiers comprised of the selected cell shape metrics identified in 

the independent study (of a different hBMSCs donor) demonstrated in Chapter 2 are 

applied to images of hBMSCs on day 1. Predictions made by the independently pre-

trained classifiers agree with the hBMSCs osteogenic differentiation potential 

modulated by the nanofiber density. Further, the SVM/supercell method is applied to 

identify other 2-D and 3-D cell shape indicators of hBMSCs population in varying 

nanofiber scaffolds densities. These indicators for hBMSCs populations are also 

demonstrated to be associated with single-cell shape response to local nanofiber 

densities around each cell. Therefore, this chapter suggests that cell shape phenotype 

quantified with the SVM/supercell methodology can be robust indicators of hBMSCs 

differentiation induced by nanofiber scaffolds. 

Cell migration is important for multiple in vivo physiological and pathological 

processes such as immune response, embryotic development, and cancer metastasis. 

In vivo environment is usually comprised of a wide variety of complex and dynamic 
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structural, physical, and chemical cues, which are difficult to be recapitulated in vitro. 

The interactions of these factors determine in vivo cell migration dynamics. Therefore, 

to understand the mechanisms of cell migration in vivo, it is necessary to directly 

quantify cell migration behavior with in vivo studies. In Chapter 4, I develop the 

analysis to quantify cell shape dynamics of mouse neutrophil during migration in vivo 

acquired with two-photon intravital microscopy. The cell boundary of the 2-D 

projections of neutrophils is identified with the snake algorithm and the cell boundary 

dynamics is tracked frame by frame. The subpixel precision of the identified cell 

boundary enables the quantification of the local curvature and motion of the cell 

boundary. Thus the cell migration dynamics and cell shape alterations of the single 

cell are decomposed into and represented by sets of local cell boundary measurements 

at the subcellular level. Further, the analysis identifies the coordination of the local 

cell boundary dynamics and the myosin localization dynamics in vivo at the 

subcellular level. This correlation of myosin localization and cell boundary dynamics 

is associated with cell motility and cell polarity. The correlation of myosin 

localization and the local cell boundary curvature is identified as a unique neutrophil 

migration phenotype in vivo, which is not observed in in vitro assays. In summary, 

the developed cell shape analysis contributes to more accurate understanding of the 

phenotype and the mechanisms of cell migration in vivo at the subcellular level. 
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Chapter 2: Support Vector Machine/ Supercell Based 

Methodology to Identify Shape Phenotype of Cell Population 

Associated with Microenvironmental Cues 

 

This chapter is adapted from Chen, Sarkar, Candia, Florzcyk, Bodhak, 

Driscoll, Simon, Dunkers, and Losert [62] with permission. Text and figures are 

reproduced here with permission. Desu Chen is the lead junior researcher on this 

study and performed experiments, developed and carried out the analysis, and wrote a 

first draft of the manuscript. 

 

2.1 Overview 

Cell shape has been identified as a potential indicator of stem cell response to 

biomaterials. However, determination of cell shape phenotype in biomaterials is 

complicated by heterogeneous cell populations, microenvironment heterogeneity, and 

multivariate definitions of cell shape. To associate cell shape with cell-material 

interactions, in this chapter we develop a shape phenotyping framework based on 

Support Vector Machine (SVM). A feature selection procedure is implemented to 

select the most significant combination of cell shape metrics to build classifiers with 

both accuracy and stability to identify and predict microenvironment-driven cell 

shape differences in heterogeneous cell populations. The analysis is conducted at a 

multi-cell level, where a ñsupercellò method uses average shape measurements of 
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small groups of single cells to account for heterogeneous populations and 

microenvironment. A subsampling validation algorithm reveals the range of supercell 

sizes and sample sizes needed for classifier stability and generalization capability. As 

an example, the responses of Human Bone Marrow Stromal Cells (hBMSCs) to 

nanofiber scaffolds vs. flat substrates were compared on day 1. Our analysis shows 

that 57 cells (grouped into supercells of size 4) are the minimum need for 

phenotyping. The analysis identifies a combination of minor axis length, solidity, and 

mean negative curvature as the strongest early cell shape based indicator of hBMSCs 

response to nanofiber scaffolds microenvironment. 

 

2.2 Background 

Cell shape is influenced by a combination of many intracellular mechanical 

processes, interactions with other cells and the surrounding extracellular matrices [1-3, 

113, 152-154]. Thus cell morphology reflects the integrative effect of many distinct 

processes and signaling pathways across different scales [1, 4, 113] and may be a 

valuable descriptor of cell behaviors in differentiation [4-8, 61, 78], function or 

dysfunction [155], migration, [9, 11, 12] and cancer progression [14, 15]. For 

example, according to a study of Treiser et al., cell shape changes in the first 96 hours 

of human mesenchymal stem cells (hMSCs) demonstrated increasing morphological 

difference with respect to time in response to different conditions associated with 

different lineages of hMSCs differentiation [5]. A recent study by Marklein et al. 

demonstrated over 90% accuracy in the prediction of day 35 mineralization of hMSCs 

cultures of varying donors and passages based on cell shape on day 3 [4]. The 
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accuracy of the shape-based prediction of cell fates even exceeded the prediction 

accuracy based on later time point bioassays (alkaline phosphatase staining on day 

14). In another recent study of Unadkat et al., cell shape was also investigated as an 

indicator of hMSCs gene expressions related to different differentiation lineages such 

as osteogenesis, adipogenesis, and chondrogenesis [6]. Beyond being a possible 

indicator, cell shape has been demonstrated to elicit alterations of stem cell 

differentiation in some studies by either affecting cell shape with surface 

topographical cues [20, 63, 88, 96] or directly manipulating cell morphology through 

geometric constraints of cell adhesive regions [1-3, 156]. Therefore, cell shape may 

contribute to describing, indicating, and even regulating cell-material interactions. 

However, there are several challenges to utilize cell shape to indicate cell 

functions and cell fates. First, high-throughput single-cell bioimaging has enabled the 

cell shape quantification by combining many cell shape features. But these 

multivariate data are also increasingly difficult to be interpreted as the dimension of 

shape features increases. Second, heterogeneity in the cell population causes 

variability in cell shape. In addition, when cells are cultured with biomaterials, the 

complex biomaterial microenvironment can also contribute to the heterogeneity of 

cell shape response. Challenges in both multivariate complexity and heterogeneity in 

cell shape can cause some further problems for cell shape quantification, e.g. 

uncertainty in classification, overfitting problems, or low prediction power. Therefore, 

innovative analytical tools must be developed to sort and combine key cell shape 

features correlated with biological outcome accounting for both multivariate 

complexity and biological heterogeneity. 
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Multivariate single-cell data have been widely used in studies with 

technologies such as bioimaging, single-cell PCR, and flow cytometry. In order to 

associate multivariate single-cell data with cell function, appropriate computational 

and statistical tools are required to quantify the informative content of data and 

characterize different cell populations accounting for the heterogeneity. Common 

statistical methods used to quantify cell population difference are Studentôs t-test and 

ANOVA analysis. These approaches describe differences of the multivariate data by 

comparing the values of each individual metric across different cell populations with 

a statistical hypothesis test which outputs a p-value [138, 157]. These approaches 

have been proven to be valuable to determine individual metrics that may be 

important in characterizing cell-material interactions. However, if we intend to 

describe the cell phenotypes for cell populations with more comprehensive 

representations by combining multiple metrics, these approaches are limited as they 

omit correlations between metrics in describing cell population differences. The 

statistical test approaches are also limited in developing classifications and 

predictions. The statistical hypothesis and p-values are usually designed to determine 

only whether the population means across classes are different but not the class 

boundary, though such misusage has been prevailing in the biological data analyses 

[138]. 

Representations and analyses of multivariate data can also be obtained by 

other statistical methods, such as Principal Component Analysis (PCA) and Singular 

Value Decomposition (SVD) [4, 139, 140]. More recent methods, e.g self-organizing 

maps [142] and multidimensional scaling (MDS) [5], can achieve reduced 
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multidimensional representations of multivariate data of single cells. However, these 

methods bring other limitations. First, they are not designed to separate different 

classes optimally. For example, PCA captures the direction of the maximum variance 

of the data distribution in the multidimensional metric space. But this direction may 

disagree and be even nearly orthogonal to the direction associated with the class 

difference. In addition, the achieved data representations introduce more abstract 

description of system and bring difficulties to determine relevant features in defining 

and interpreting the cell phenotypes. For example, the data representation achieved as 

principle components in PCA or singular-vectors in SVD are linear combinations of 

all included metrics. Self-organizing maps or MDS reduce the data dimension to 2-D 

or 3-D for the visualization, but each achieved coordinate is usually a nonlinear 

function of the original metrics. To address these limitations, I develop an approach 

to overcome several of these limitations by generating multivariate linear classifiers 

in the reduced metric space that allows simple interpretations of classification and 

phenotyping. 

 

Figure 2.1 SEM images of PCL spin-coated film (SC) and nanofiber scaffolds (NF). 



 

 32 

 

In this study, we investigate the cell shape of Human Bone Marrow Stromal 

Cells (hBMSCs) in nanofiber scaffolds compared to cells on flat films (Figure 2.1) in 

presence or absence of osteogenic differentiation media. Fibrous materials are widely 

used in both research and clinical applications of tissue engineering and regeneration 

medicine. Previous studies demonstrated that hBMSCs cultures on nanofiber 

scaffolds developed osteogenic differentiation after 50 days of culturing without any 

osteogenic supplement [20]. Cell shape response of hBMSCs in nanofiber scaffolds 

were investigated as a possible mechanism for osteogenic differentiation observed in 

nanofiber microenvironment [1, 76, 158-160]. This hypothesis was supported by 

several studies describing mechanistic associations between hMSCs shape and 

subsequent differentiation [1-3]. However, only a few arbitrarily selected individual 

cell shape features had been investigated for the association with differentiation in 

these studies, but single-cell shapes vary greatly across a nanofiber scaffolds 

substrate. To address this limitation, I develop an analysis framework illustrated with 

the flowchart in Figure 2.2 for multivariate single-cell data based on Support Vector 

Machines (SVMs) to quantify cell shape difference of hBMSCs populations and 

associate them with different microenvironments. SVM classifiers are designed to 

identify the optimal classification boundary that separates data points in the 

multidimensional shape metric space. A wide range of shape metrics are investigated 

to quantify global and local shape features, including cell size, aspect ratio, 

cytoskeletal branching, and local boundary curvature. Moreover, the resulting SVM 

classifiers provide a selection of reduced shape metrics characterizing the cell shape 

phenotype of the hBMSCs population in specific microenvironment.  
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However, the heterogeneous cell population and the heterogeneous 

microenvironment may cause variability in shape of cells within the same culture 

condition. In the SVM scenario, variability in cell shape can lead to highly 

overlapping cell populations and, thus poorly performing classifiers at the single-cell 

level. In order to address single-cell heterogeneity from different sources, a method of 

averaging shape metrics over a small subset of randomly selected cells known as 

ñsupercellò averaging [149-151] is implemented to improve the training and 

prediction accuracies of SVM. Instead of solely focusing on phenotypes at the single-

cell level, the SVM/supercell paradigm allows consideration of cell shape phenotypes 

rendered by average measurements of small groups of cells, i.e. ñsupercellsò. The 

random sampling used to render supercells can introduce uncertainty in the SVM 

classifier. The tradeoff between prediction accuracy, supercell averaging and 

uncertainty in the classifier are quantitatively analyzed in this chapter. Furthermore, 

by introducing a subsampling validation procedure, the sample size is studied as 

another important limiting factor in the construction of shape phenotypes at the 

single-cell or supercell levels and I investigate whether the sample size affects 

prediction accuracy of the identified SVM classifiers. By combining multiple metrics 

and learning at small cell group levels, the SVM/supercell paradigm quantitatively 

identified changes in population behavior of cell shape for four different conditions. 

Building on this approach, a systematic analysis of the cell response to the physics 

and chemistry of their surrounding biomaterial microenvironment can be carried out. 
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Figure 2.2 Schematic flowchart of the SVM/supercell based analysis procedure and 

outcomes of the analysis approach developed in this chapter. 
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2.3 Analysis and Results 

2.3.1 Image processing and cell shape measurement with individual metrics 

On both NF and SC, the dimension of cells in the z direction is much smaller 

compared to their dimension in the xy plane. Therefore, as a first step, we analyze 2-

D cell shapes based on z-projections to the xy plane (Figure 2.3A). 2-D maximum 

intensity z-projections are made and analyzed with an active contour model (snake 

algorithm) implemented by a custom MATLAB script based on a package created by 

Xu et al. [136], which defines cell outlines represented by positions of a set of cell 

boundary points, i.e., ñsnakesò. Snakes are initiated with the convex hulls of the 

hBMSCs and converged to fit the cell boundary in an energy minimization process 

driven by force fields assumed according to the brightness gradient of Alex Fluor 546 

phalloidin channel (Figure 2.3B). The mechanical parameters are arbitrarily defined 

for the snake outlines. Particularly, the parameters used to identify outlines of 

hBMSCs are the snake elasticity parameter Ŭ (2Ĭ10
-5
), the snake bending rigidity ɓ 

(5×10
-5
), the viscosity parameter ɔ (0.2), the external force weight (1Ĭ10

-3
), and the 

distance range between two consecutive cell boundary points (two to three pixels). 

Once snake representations of each cell are obtained, the snake outlines and the 

original images are automatically overlaid to generate new images for visual 

inspections to get rid of the objects not well defined. Tiny protrusions on the cell 

boundary are identified with a custom MATLAB script by locating local high positive 

curvature regions, which are smoothed with a Gaussian filter to neglect features 

smaller than 1 ɛm. The branching topology of the dendritic cell shape is analyzed by 

pinching the points of the local maximum curvatures of the tiny protrusions and 
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skeletonizing the cell boundary with a custom MATLAB script implementing the 

level-set method [135] that keeps the connectivity of all the tiny protrusions. 

 

Figure 2.3 Quantification of cell shapes in different microenvironment (NF and SC 

with or without OS). (A) Maximum intensity z-projections of the confocal z-stack 

images (red: actin, blue: nucleus). (B) Outlines of hBMSCs are obtained with snake 

algorithm which allows calculation of local curvatures. Boundary regions are colored 

differently according to local curvatures. (C) 22 metrics are quantified to describe 

hBMSCs cell shape and sorted into 3 categories about different aspects of cell shape. 12 
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metrics are obtained with the snake outlines (without asterisks) and 10 metrics are 

obtained from the branch analysis (with asterisks). The correlations between shape 

metrics are measured with Pearson correlation coefficients. 

 

Based on the quantified cell boundary and the branching topology, cell shapes of 

hBMSCs in different microenvironments are characterized with 22 shape metrics of 

2-D cell shape (Figure 2.3C) explained in Appendix A3. Individual shape metrics are 

compared with 1-way ANOVA and associated Tukey multi-comparison test in 

pairwise comparisons (Appendix A Figure A3.1 and Table A3.1). The Pearsonôs 

correlation coefficients of any two of metrics are also calculated. The correlations 

between shape metrics imply that it would be redundant to use all shape metrics to 

analyze cell shape differences (Figure 2.3C). Thus the approach in this chapter is 

dedicated to identifying which combinations of shape metrics best represent the cell 

shape difference between two cell populations. 

2.3.2 SVM/supercell paradigm to classify shape phenotypes of cell 

populations 

A 22-D Cartesian coordinate system of cell shape, in which each axis 

represents one shape metric, is developed with the 22 shape metrics achieved by cell 

boundary quantification described in Chapter 2.3.1. Within this representation, each 

cell or supercell is described as a 22-D shape metric vector, i.e., as a point in the 

multidimensional space, of which position conveys information of that cellôs shape. 

In pairwise comparisons of cell populations grown in different microenvironments 

(NF, SC, NF+OS and SC+OS), each shape metric is normalized to Z-scores, so that 
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the distribution of each metric has zero mean and unit variance. The Z-score 

transformation of a variable X is defined by 

()X

XX
Z

s

-
=

                                                             (Eq 2.1) 

where X  and ()Xs  are the mean and standard deviation of the distribution of X for 

all data points in the comparison, respectively.  

After being transformed to Z-scores, the multivariate cell shape metric data  

from cell populations cultured in two different conditions are taken as the learning 

datasets on which Support Vector Machines (SVMs) are trained with the kernlab 

package in R language. Linear-kernel SVM is a supervised machine learning method 

designed to find the optimal (maximum margin) hyperplane that separates two classes 

of data points. Because usually the datasets are not linearly separable, this process has 

some degree of tolerance to data points within the margin or misclassified data points, 

which are defined as support vectors as they affect the position of the class boundary. 

The degree of tolerance is quantified with a cost function. Depending on the choice of 

the cost parameter, the tradeoff between margin size and training classification 

accuracy can be tuned in the cost function which is minimized by the SVM algorithm 

(Appendix A1) [146]. Here, I define the training classification accuracy as the 

percentage of cells correctly classified by the SVM hyperplane, summing all correctly 

classified cells from both culturing conditions. Although non-linear-kernel SVMs 

introduce non-linear mappings of the data to allow more flexible class boundary 

representations and, therefore, may improve the training classification accuracy, such 

added flexibility comes at the risk of incurring overfitting [141], i.e., obtaining 
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solutions with artifacts that misrepresent the true boundaries between the classes. 

Moreover, the linear-kernel SVM allows us to obtain a straightforward interpretation 

of the machine-learned parameters in terms of the original shape metrics. Indeed, the 

components of the unit normal vector n of the classifier hyperplane indicate the 

relative importance of the different shape metrics to separate the two cell populations. 

A challenge in the classification of biological samples is the single-cell 

heterogeneity [145]. Highly overlapping cell populations lead to poorly performing 

and unreliable machine learning classification boundaries, since the maximum margin 

optimization process becomes ill-defined. To improve the robustness of the 

classification scheme, Candia et al. proposed the ñsupercellò approach as a pre-

processing method that improves phenotyping under conditions of high heterogeneity 

at the single-cell level [149-151]. In order to capture cell phenotypes in 

multidimensional metric space, a ñsupercell of size Nò is defined as the average of the 

individual measurement vectors of a group of N randomly picked cells. By repeatedly 

taking different random subsets of N cells, the supercell samples can be built with the 

original single-cell datasets. Since the single-cell sample size, Ns, is usually small, 

supercell averaging is typically performed by picking cells randomly with 

replacement. That is, allowing the same single cell to be taken more than once. This 

procedure is similar to the more commonly known method of bootstrapping [148]. By 

iterating this procedure, we obtain a representative sample of Nsupercell supercells out 

of the original sample of Ns single cells. 

In this work, the number of single cells measured under each condition (NF, 

SC, NF+OS, and SC+OS) is Ns ~120. Since the supercell averaging method is 
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stochastic, the randomly generation of a supercell sample consisting of 120 supercells 

is repeated for 100 times with different supercell sets generated. For each of these 100 

repeating procedures, SVM is used to train a classification boundary between two 

conditions. The final classifier hyperplane orientation is defined by the average 

normal vector n  over all unit normal vectors n  of each machine learning repeat, i.e.,  

ää=
allall

nnn                                                     (Eq 2.2) 

The average training classification accuracy is calculated by averaging over 

all repeating SVM training procedures with different supercell sets. The classifier 

hyperplane stability is then measured as the average cosine function qcos  (inner 

product) of the angle between the normal vector determined by each SVM training 

procedure and the average classifier normal vector. 

nnÖ=qcos                                                     (Eq 2.3) 

And the average classifier hyperplane fluctuation is quantified by the equivalent 

average angular deviation 'q defined as 

( )qq coscos' 1-=                                                 (Eq 2.4) 
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Figure 2.4 Influence of the supercell method on SVM training. (A) The schematic 

demonstration of the influence of supercells on SVM of a linear kernel in 2-D metric 

space. The instant classifier hyperplanes are demonstrated with the solid straight line. 

The margin between two classes is defined with the black dash lines. (B) Supercells 

populations are randomly generated from the original single cells for 100 times (only 

supercells of one loop is plotted). The average classifier hyperplane is demonstrated 

with the solid straight line. Randomness of supercell generation perturbs the classifier 

hyperplane. The average fluctuation of the classifier hyperplane 'q is denoted with the 

black dash lines. 

The application of SVM/supercell paradigm increases the training accuracy of the 

classification on supercells generated from the original single-cell population and 
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reduces the number of support vectors for SVM (Figure 2.4A). It should be noted, 

however, that as the supercell size is increased, the classifier hyperplane stability 

decreases as well (Figure 2.4B). For small supercell size, an increase in supercell size 

causes a decrease in the number of support vectors and a decrease in the margin size, 

leading to a decrease in the classifier stability.  

2.3.3 Selection of significant shape metrics with SVM/supercell paradigm 

Bioimaging analysis approaches typically begin with computing a large 

number of features, although it is well known that many of these features may be 

redundant or irrelevant [144]. Feature selection methods are then applied to select a 

small set of representative features that are most relevant to characterize the objects 

or regions of interest [161]. The 22 shape metrics extracted here from the image of a 

single cell can be broadly grouped into 3 categories: cell size measures, global shape 

pattern features, and local features. As expected, some of these shape metrics are 

redundant and highly correlated, while others may be irrelevant to the goal of 

characterizing the difference between cell culture conditions (Figure 2.3C). 

The approach proposed in this chapter first implements a ñfilteringò step [141], 

in which shape metrics showing statistically significant differences (p<0.01) between 

microenvironments, are preselected based on 1-way ANOVA and Tukey multi-

comparison test (Appendix A Figure A3.1 and Table A3.1). Then, a feature selection 

method based on the SVM/supercell paradigm is used to investigate the optimal 

combination of shape metrics for classification. All combinations of 3 shape metrics 

are used to build different metric spaces. The subsequent SVM analysis uses a 

ñwrappingò step in which features are selected according to the performance of the 
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classifier [141, 162, 163]. In general, the combination of 3 shape metrics with the 

highest training classification accuracy among those that satisfy a certain classifier 

hyperplane stability criterion ( o1.8'<q , qcos >0.99). is finally selected to represent 

the cell shape difference between populations. 

 

Figure 2.5 Results of SVM/supercell analysis to select 3 shape metrics to compare 

morphological difference of hBMSCs populations of NF and SC. (A) At different 

supercell sizes, Shape metric combinations of 3 shape metrics with the highest training 

classification accuracy are selected if the average classifier hyperplane fluctuation 

o1.8'<q  ( qcos >0.99). The figure shows the training accuracies of SVMs built with 

these selected combinations for all supercell size, if 
o1.8'<q  ( qcos >0.99).                

(B) Training classification accuracy and average classifier hyperplane fluctuation 'q of 

the selected shape metric combination in SVM training with supercell implementation. 

All error bars in ( A) and (B) represent standard deviations of 100 training processes. 
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For the comparison of NF vs. SC, increasing supercell size can affect the 

feature selection of the most significant 3 metrics, as demonstrated in Figure 2.5A. At 

supercell size = 1, the selected metrics include mean major branch width, circularity, 

and mean negative curvature. At supercell size = 2, 3, 4, the selected metrics include 

area, circularity, and mean negative curvature. At supercell size = 5, 6, 7, the selected 

metrics include minor axis length, circularity, and mean negative curvature. At 

supercell size = 8, 9, the selected metrics include area, solidity, and mean negative 

curvature. There is an overlap in metric combinations identified at different supercell 

sizes. All of the metrics identified by the SVM might be considered important. By 

increasing supercell size, the training classification accuracy can reach 100 %. 

However, there is a concurrent decrease in classifier hyperplane stability (Figure 

2.5B). Therefore, a balance must be drawn between accuracy and classifier 

hyperplane stability when selecting an appropriate supercell size for analysis. In 

Table 2.1, we report the selection of 3 representative features which satisfied a 

classifier hyperplane stability threshold of o1.8'<q  ( 9 9.0co s ²q ) at supercell size 

of N = 5 to distinguish cell shapes between 2 different microenvironments 

(differences between NF, NF+OS, SC, SC+OS, All NF, All SC, All OS, All w/o OS 

are described). 

To distinguish cell shapes of hBMSCs populations in NF and SC, at supercell size N 

= 5, the optimal combination of 3 shape metrics is identified as minor axis length, 

solidity, and mean negative curvature. The accuracy of the classifier training is 

(99±1) % (Figure 2.5A and 2.5B, and Table 2.1), indicating a high correlation of the 

classification and the hBMSCs population difference associated with 
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microenvironmental difference. The average normal vector of the classifier 

hyperplane is (-0.86±0.04, -0.43±0.06, 0.24±0.08). According to the normal vector of 

the classifier hyperplane, hBMSCs in NF have smaller width, lower cell to convex 

hull area ratio and higher concavity along the boundary. The average classifier 

normal vector suggests that in order to distinguish hBMSCs cell shapes in NF and SC 

with the classifier hyperplane, difference in minor axis length is the most distinct 

shape metric followed by solidity. Mean negative curvature is the least distinct shape 

metric among the three selected shape metrics. 

2.3.4 Subsampling validation of the shape phenotypes of cell population 

quantified by the SVM/supercell paradigm 

With the selected shape metrics, a subsampling validation procedure is 

employed to decide which training data size and supercell size are appropriate to 

build the classifier hyperplane. In this procedure, a training subsample of a certain 

size is randomly picked from the original cell population and then randomly generates 

120 supercells of a certain supercell size. The SVM/supercell paradigm is applied to 

these data sets to train a classifier hyperplane. 120 supercells of the same size are also 

randomly made with the remaining sample to form a test subsample. The hyperplane 

achieved with the training subsample is utilized to predict the test subsample. The 

percentage of correctly classified supercells (containing the correct classifications in 

both culturing conditions) in the test subsample is defined as prediction accuracy of 

the classifier hyperplane. 



 

 46 

 

 

Figure 2.6 Illustration of the subsampling procedure to test appropriate data size 

and supercell size to build the classifier hyperplane with stability and predictive 

potential. Classifiers are built with the training subsamples of the original cells. And the 

fluctuation of the classifier hyperplane orientation 'q caused by random subsampling is 

measured (the scatterplots showing original cells or supercells of only 1 loop). Achieved 

classifier hyperplanes are then tested with the test subsamples comprised of cells in the 

rest of the total sample. Percentage of the accurate classification is taken as the 

measurement of the prediction potential. 
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This subsampling validation procedure is repeated for multiple times (number 

of subsampling tests repeats = 200) for a certain training sample size and supercell 

size. For each repeat, the classifier hyperplane normal vector is calculated. The 

average cosine function of the angle between the instant classifier normal vector and 

the average classifier normal vector again is calculated as a measure of classifier 

hyperplane stability. Both prediction accuracy and the classifier hyperplane stability 

are taken into account to decide the appropriate training sample size and supercell 

size. 

With the application of SVM/supercell paradigm, the accuracy of predicting 

supercells can be increased (Figure 2.6). Thus the level of supercell averaging (as 

implied by the chosen supercell size N) determines the trade-off between training 

classification accuracy, prediction accuracy and the classifier hyperplane stability. As 

revealed by the subsampling validation, the sample size to build the classifier also 

affects the classifier hyperplane stability (Figure 2.6). 

Specifically, the subsampling validation procedure is implemented to test the 

robustness of the classifiers built with the selected shape metric combination of minor 

axis length, solidity, and mean negative curvature in terms of classifier hyperplane 

stability and predictive accuracy (Figure 2.7). Here, both the training subsample size 

and the supercell size to build the classifier vary. I find that the classifier hyperplane 

stability is improved with increasing number of cells in the training set to build the 

classifier. The classifier stability threshold of o1.8'<q  ( 9 9.0co s ²q ) is still assumed 

to define stable classifications as demonstrated with the red dash line in Figure 2.7A. 
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Figure 2.7 Results of the subsampling validation of the 3 cell shape metrics selected 

by the SVM/supercell method. (A) In subsampling validation, classifier hyperplanes are 

built with different random subsample sizes and supercells sizes for 200 random 

repeating subsampling processes. Average classifier hyperplane fluctuation is quantified 

with  'q . A threshold of 
o1.8'<q  ( qcos >0.99) is set to define stable classifier 

hyperplanes (red dotted line). (B) Prediction accuracies of the classifier hyperplanes in 

the subsampling validation when the built classifiers are tested with the rest of the total 

sample at different supercell sizes. The dark region represented combinations of 

training data size and supercell size causing unstable classifier hyperplane (
o1.8'>q  

qcos  < 0.99). In the region of stable classifiers, combinations of the training data size 

and supercell size are colored according to the prediction accuracy. 

 

In Figure 2.7B, classifier hyperplane stability and prediction accuracy are 

combined to quantify effect of data size and supercell size on the classifiers with 
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selected shape metrics. To summarize the subsampling validation, in order to 

maintain stability and prediction accuracy of the classifier hyperplane, cell shape 

difference should be quantified with appropriate selections of the supercell size and 

the training data size. Selecting 95% as the desired prediction accuracy, supercell size 

of at least 4 is appropriate and the associated minimal number of single cells in the 

training set is 57 (Figure 2.7). This result supports the efficacy to train a stable 

classifier hyperplane with the selected shape metrics at supercell size of N = 5 (which 

requires the training data size to be larger than 74 from each population) and current 

data size (121 hBMSCs of NF and 114 hBMSCs of SC). 

2.3.5 Shape phenotypes of cell populations identified in other comparisons of 

microenvironment 

In addition to comparison of NF and SC which is associated with hBMSCs 

response to different material structures, I also investigate the hBMSCs cell shape 

difference in pairwise comparisons of other microenvironment. The comparison of 

NF vs. NF+OS and the comparison of SC vs. SC+OS are associated with osteogenic 

supplementôs effect on cell-material response in different material structures. 

Distinguishing hBMSCs cell shapes of NF+OS and SC+OS is associated with 

hBMSCs response to the material structure in presence of OS. It is also interesting to 

compare cell shapes of hBMSCs of NF and SC+OS because they both induce 

osteogenic differentiation in later stages of cell culture through either material 

properties or chemical treatment. Cell populations are also defined by mixing cell 

populations in the same materials or the same chemical treatment and compared in a 

pairwise manner. The same feature selection and subsampling test procedure based on 
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SVM/supercell paradigm are applied to all these comparisons. Table 2.1 lists the 

results of involved metrics, average normal vector and metric importance, training 

classification accuracy and prediction accuracy of the optimal metric combination 

comprised of 3 shape metrics. This enables identification of hBMSCsô various cell 

shape responses to either structural difference of substrate or chemical treatment and 

to estimate whether structural factor or chemical induction is more efficient to 

determine hBMSCs morphology after 24 h of culture. The results demonstrate that 

after 24 hours of culturing, higher perimeter to area ratio and smaller cell size are the 

leading difference induced by fiber structure. On the other hand, increasing boundary 

concavity and roughness are identified as the most distinct cell shape change induced 

with osteogenic supplement. In the subsampling validation, the classifiers achieve 

prediction accuracy of more than 96 % at supercell size N = 5 and training sample 

size = 90 in comparison of all NF vs. all SC, however classifiers for all OS vs. all no 

OS fail to maintain classifier hyperplane stability. On the other hand, in order to reach 

o1.8'<q  ( 99.0cos >q )and prediction accuracy of 95 %, the least supercell size and 

least training sample size of all NF vs. all SC are smaller than that of the comparison 

of all OS and all no OS (Table 2.1). These results suggest that cell shape of hBMSCs 

populations in different microenvironments on day 1 is more influenced by the 

scaffolds structural differences than the chemical stimulus. 
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Table 2.1 Selected three shape metrics with the highest training classification accuracy (values are indicated with ± standard 

deviation). In the subsampling validation part b, NA (not applicable) means there is no combination of training sample size and supercell 

size that achieves prediction accuracy > 95% and at the same time 
o1.8'<q  ( qcos > 0.99.) 
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To visualize the population cell shape difference of the two classes defined by 

the 3 selected features and associated classifier in each pairwise comparison, I 

selected ñcanonical cellsò with the representative cell shapes (Figure 2.8). Subsequent 

to each loop of the SVM training on supercells at supercell size of 5 with the selected 

features, the trained classifier is employed to classify the original single cells. Single 

cells with the decision function higher than 1 or lower than -1 are defined as well 

classified single cells respectively for the two classes. The analysis then selects those 

single cells which are always well classified by the classifier of each training 

procedure. In the next step, for each well classified group of cells I calculate the total 

Euclidean distance from each selected single cell to all the other selected single cells 

in the selected metric space established with only the selected features. Those single 

cells with the lowest total Euclidean distances to other cells are identified as the 

ñcanonical cellsò of each class to represent the typical cell shape responses to 

different microenvironment. 
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Figure 2.8 Shapes of ñcanonical cellsò representing the cell shape difference 

between hBMSCs populations cultured in different microenvironments. 
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2.4 Discussion 

2.4.1 SVM/supercell paradigm associates cell shape with microenvironment 

In this chapter, in order to address challenges in associating the cell shape of 

hBMSCs with the cell-material response, I design an analytical approach based on a 

SVM/supercell paradigm to facilitate multivariate cell shape quantification while 

accounting for the high variability in cell shape in each cell population. First, the 

proposed approach identifies combinations of 3 shape metrics (from an original set of 

22 metrics) that clearly discriminate the cell population in one microenvironment 

from another in pairwise comparisons. With the reduced metric space, the occurrence 

of redundant shape metrics is decreased while redundancy of the shape metrics can 

bring not only interpretation difficulties but also noise and overfitting problems [141]. 

The feature selection procedure directly selects a subset of the original metrics with 

straightforward geometrical and biological interpretations to describe the shape 

difference between two classes. In contrast, other remapping methods for metric 

redundancy reduction, such as principal component analysis [4, 139, 140] and 

multidimensional scaling [5], output abstract functions of the original metrics. 

Additionally, simplicity of the linear kernel for SVM enables the usage of a single 

normal vector for the class boundary to quantify the population cell shape difference 

and obtain the shape metric importance ranking within the classifier. These properties 

of this analysis technique bring convenience of interpretation about cell shape 

responses to biomaterials and facilitate the targeting of future studies on biological 

mechanisms that may be associated with particular cell shape features. 
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Figure 2.9 Number of support vectors required for the SVM classifier of different 

sample sizes and supercell sizes in subsampling validation of selecting 3 shape metrics to 

compare morphological difference of hBMSCs populations on NF and SC. Error bars 

represent the standard deviations. 

Variability in single-cell shape within each cell population can bring outliers 

and population overlaps reducing the training accuracy of linear SVMs, as a large 

portion of the training data set perform as the support vectors (i.e., cells within the 
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margin or misclassified cells) of SVM [146]. A large fraction of support vectors is a 

sign of low training accuracy and subsequently low generalization capability of the 

trained classifiers [164, 165]. As demonstrated with single cells in the subsampling 

validation procedure, the number of support vectors increases linearly with respect to 

the training data size (i.e., the number of cells imaged) (Figure 2.9). Thus SVM 

training with single cells does not benefit, in terms of training and prediction 

accuracies on single cells, from an increase in the training data size. Upon the 

application of the supercell method however, the number of support vectors decreases 

as the supercell size increases and both training and prediction accuracies of SVMs 

are improved (Figure 2.4A and Figure 2.9). 

In addition, the number of support vectors reaches a plateau as the training 

data size increases (Figure 2.9). This implies that given a certain population of cells, 

we can establish a data set of finite data size that is sufficient to generalize cell 

population difference and is sufficient for reliable predictions of small groups of cells 

(supercells). In contrast, at the single-cell level even with larger data set sizes, SVMs 

may not be sufficient to directly generalize information about cell population 

difference to predict new single cells well. Training accuracies can be improved by 

non-linear classifier kernels or including more metrics in the metric space in SVM. 

However, these approaches may suffer from higher number of support vectors that 

compromise generalization capability in addition to the interpretation and overfitting 

difficulties described previously [141]. 

In the SVM/supercell paradigm, the influence of variability in cell shape and 

the number of support vectors can be reduced to generate classifiers that have higher 
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generalization capability as evidenced by increased prediction accuracy for 

investigating cell population phenotype. As an example, if we attempt to train a 

classifier based on single cells, the highest accuracy of that classifier is 86 % and the 

prediction accuracy that can be achieved for each individual cell is approximately         

80 % across the population (Figure 2.5A and Figure 2.7B). These results cannot be 

significantly improved by increasing the training set size due to the increasing 

number of support vectors required to build the classifier. Alternatively, if we train a 

classifier on supercells, training accuracy can reach % accuracy values over 99 %. In 

the application the SVM/supercell paradigm in the prediction of cell class, we can 

image a small number of cells from the new sample and calculate the average shape 

metrics across these cells (generating a supercell) then apply the classifier trained at 

the same supercell size, resulting in prediction accuracies that can be over 95 % 

(Figure 2.5A, Figure 2.7B, and Table 2.1). This provides greater confidence in the 

prediction of biomaterial-induced cell shape population behavior. 

However, in both training and subsampling validation procedures, it is found 

that the randomness of supercell generation also brings uncertainty of the classifier 

orientation (Figure 2.5B and Figure 2.7). Therefore, the selected supercell size should 

be tested for reliable cell shape phenotyping and shape metric importance 

comparison. Furthermore, in the subsampling validation procedure it is found that the 

classifier stability can be improved by increase in training data size. Thus sufficient 

data size is required to generalize the cell shape complexity introduced by both 

single-cell heterogeneity and randomness of supercells. In this chapter the appropriate 

combination of training sample data size and supercell size is determined to assure 
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both reproducibility of the shape metric importance information (i.e. higher classifier 

hyperplane stability) and the usefulness of the classifier in future predictions (i.e. 

prediction accuracy) (Figure 2.7B and Table 2.1). 

Several factors can contribute to the variability of cell shape. Since cell shape 

is usually identified at a snapshot in time, cells in the same population can be in 

different states of attachment, migration and cell cycle [166]. Due to the disordered 

properties of the biomaterial topography, a variety of different niches may exist in a 

single culture and play roles in the overall functional outcome of the population [20, 

96]. In addition, stem cell cultures are inherently heterogeneous and may contain 

different subsets of cells based on their source, isolation and expansion history [167]. 

Since the majority of osteogenic differentiation assays are based on population 

responses from the culture (i.e., RT-PCR, mineral staining, alkaline phosphatase 

activity, and proliferation assays) and not the single-cell responses, cell shape data 

obtained at the single-cell level may not be reflective for overall cell culture response 

because of single-cell heterogeneity. As discussed above, the proposed method 

successfully deals with single-cell heterogeneity by implementing a supercell method 

and subsequent SVM analysis, which reduces the effect of variability in cell shape 

and improves the capability of SVM classifiers to quantify and predict cell population 

response to different microenvironments. 

Quantifying differences in cell behaviors is crucial for estimating effect of 

biomaterials. By combining multiple metrics and learning at supercell levels, the 

proposed SVM/supercell paradigm is well suited to reveal even subtle difference in 

cell population behavior upon changing of the chemistry or physics of biomaterials. 
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In the quantitative phenotyping of cell population behaviors, the selected metric 

combinations and classifiers quantify the way that cells change behaviors in response 

to various conditions. The subsampling validation quantifies not only the strength of 

the phenotype but also sufficiency of data for phenotyping. In a systematic screen of 

biomaterials, our approach toward quantification and validation of the classifiers 

could be used for pairwise comparison of cells in all conditions, i.e. revealing a 

matrix of comparisons. 

2.4.2 Cell-material interactions reflected by cell shape 

Cell shape has gained attention from researchers studying several cellular 

functions including proliferation [156], differentiation [1-8, 20, 61, 78, 96] and 

migration [9, 11, 12]. It has been demonstrated that global cell shape control such as 

control in spreading area and elongation may affect properties of the cytoskeleton and 

cell adhesions to regulate cell proliferation or differentiation [1, 2, 156]. Local 

morphological changes such as protrusions and invaginations have also been 

associated with the enrichment or activity of intracellular signaling [12, 168]. By 

identifying cell shape phenotype with multivariate analysis, we can better understand 

the role of cell shape in directing global functional outcomes and the 

microenvironmental cues that may induce the regulation. 

In this chapter, cell shape phenotypes associated with nanofiber scaffolds and 

osteogenic supplement are specifically examined. Both nanofiber scaffolds and 

osteogenic supplement have been demonstrated to promote osteogenic differentiation 

[20]. However, the mechanisms behind these interactions are not well understood and 

might vary. Previous studies also suggested that the fiber environment may promote 
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cell morphological responses that are associated with osteogenic differentiation [20, 

76, 158-160]. With the SVM/supercell paradigm, we have identified specific cell 

shape metrics that distinguish cells in nanofiber scaffolds from those on the control 

flat surfaces. The distinguishing metrics include minor axis length, major branch 

width, area, solidity, circularity, and mean negative curvature. The major cell shape 

response of hBMSCs to nanofiber scaffolds is identified as the narrower width of the 

cell. Changes in solidity and circularity suggested that the cell shape in nanofiber 

scaffolds is also more dendritic. Membranes of cells in nanofiber scaffolds are also 

rougher than those on the flat substrate. These changes are visualized with the 

selected representative cell shapes in Figure 2.8. 

We have also identified cell shape metrics associated with the nanofiber 

scaffolds environment regardless of chemical supplement treatment and metrics 

associated with chemical supplement treatment regardless of scaffold type. These 

comparisons identify the cell shape metrics that may be most important to cellular 

response to either the nanofiber scaffolds or osteogenic supplement. For example, in 

all NF group regardless of OS treatment conditions, circularity and mean boundary 

distance and mean negative curvature become important to distinguish them from 

those on flat control surfaces. In all OS environments regardless of the substrate 

types, the shape metrics related to boundary roughness such as mean negative 

curvature and perimeter and number of tiny protrusions are found to be more 

important to distinguish these cells from those without OS treatment. NF environment 

is more influential than OS treatment in determination of cell morphology on day 1, 

according to the training accuracy and subsampling validation results of the 
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classifiers and the visualization of the selected representative cell shape (Table 2.1 

and Figure 2.8). 

Traditional shape features such as area, perimeter and cell elongation that we 

call ñglobalò are measured by metrics that are not particularly sensitive to local cell 

membrane curvatures or protrusions. This chapter shows that ñlocalò shape metrics 

that emphasize local curvatures or protrusions are also important in describing 

morphological response of cells to nanofiber scaffolds. Branching features are found 

to be important in elucidating some differences in cell shape. A possibly related 

phenomenon is that dendritic branching may have important biological significance 

for cell signaling where the global phosphorylation level of some messenger proteins 

can be enhanced by subcellular protrusions structures [168]. Another local shape 

feature that is prominent in distinguishing cells of different microenvironments is 

boundary curvature. Curvature around the cell boundary has been associated with 

cytoskeletal force generation and intracellular mechanotransduction [1, 117]. 

Interestingly, in studies where human mesenchymal stem cells (hMSCs) are 

forced to assume artificial geometries with shape features associated with metrics 

identified in the current study, differences in osteogenic potential are observed. For 

example, in a study by Kilian et al.[2], cell elongation of cell shape and cell boundary 

curvature (similar to metrics of minor axis length, solidity and mean negative 

curvature in our study) were found to be relevant to not only cytoskeleton and focal 

adhesion spatial organizations but also hMSCsô potential of osteogenesis and 

adipogenesis. Further analysis suggested that the c-Jun N-terminal kinase (JNK) and 

extracellular related kinase (ERK1/2) cascades as well as the wingless-type (Wnt) 
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signaling and mitogen-activated protein kinase cascades (MAPK) might mediate the 

regulation of cell shape on hMSCs differentiation [2]. These pathways associated 

with RhA-ROCK pathways [1, 113] were also found to regulate expressions of Runt-

related transcription factor 2 (RUNX2), peroxisome proliferator-activated receptor 

gamma (PPAPɔ), and Sox-9 which are closely related to osteogenesis, adipogenesis 

and chondrogenesis [118, 119]. These studies shed light on the mechanisms with 

which cells could have functional changes in response to surrounding 

microenvironment. 

In many biomaterial scaffolds, the interactions of the heterogeneous cell 

population and the heterogeneous microenvironment are complex and increase 

variability in cell shape. Approaches to correlate cell shape with cell function, 

however, have utilized artificial cell shape constraints, often via micropatterning 

techniques, to investigate influence of cell shape features on cell function [1, 2], and 

constrained geometries are not generally representative of the wide variety of cell 

shapes found in the complex biomaterial environments (i.e. Appendix A Figure A3.1 

and Table A3.1). Therefore, it is difficult to apply cell shape related observations 

from these types of studies when trying to investigate cell shape-function interactions 

in more complex microenvironments. By identifying cell shape phenotypes and 

representative cell shapes for different microenvironments we may be able to target 

microenvironment relevant cell shapes in micropatterning studies. To facilitate this, 

we have developed an approach to identify representative cell shapes that may 

represent each cell population. This allows us to gain systematic visualization for the 

morphological differences observed in different microenvironments (Figure 2.8), in 
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spite of the variability in cell morphology from cell to cell. These cell shapes may 

also serve as candidate templates for the future investigation of the effects of cell 

shape on cell function with micropatterning techniques. 

 

2.5 Materials and Methods 

2.5.1 Preparation of substrates 

PCL films (SC) were prepared by spin-coating PCL solution (0.7 mL, 0.1 

g/mL in glacial acetic acid) on tissue-culture polystyrene dishes at 1100 rpm for 30 s. 

Films were air dried at room temperature overnight and heated above 60 °C for 4 to 5 

times until a reproducible cobblestone pattern of the film was achieved. Films were 

punched into disks of 0.95 cm
2
. The surface roughness of the SC is (92.76 ± 10.69) 

nm determined by atomic force microscopy. 

To fabricate poly(Ů-caprolactone) nanofiber scaffolds (NF), PCL solution 

(0.15 g/mL in 5: 1 volume ratio of chloroform: methanol) was dispensed by a 3 mL 

syringe and pump (0.5 mL/h) through a 21 gauge 1ò shaft, flat tip, dispensing needle 

over an array of 0.95 cm
2
 tissue-culture polystyrene (TCPS) disks arranged on a 

grounded aluminum foil over a 6 h period. The distance between the syringe needle 

and the target TCPS disk array was 20.4 cm. The needle was connected to a positive 

lead of 13.5 kV. To help the adhesion of PCL fibers over the target TCPS disk array, 

the disks were sprayed with 70 % by mass ethanol solution every 10 min to enhance 

fiber deposition to the disks. The diameter of fabricated PCL fibers was (589 ± 116) 
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nm (n=151) as determined by scanning electron microscopy imaging (2.00 kV, 

5000x). 

NF and SC disks were placed in 48-well tissue-culture polystyrene plates. 

Plates were sterilized by ethylene oxide for 12 h and then purged under vacuum for 2 

days. Before cell seeding, each well was fully wetted with media (Ŭ-minimum 

essential media from Invitrogen supplemented with 16.6 % by volume fetal bovine 

serum from Atlanta Biologicals, 4 mmol/L L-glutamine and penicillin-streptomycin) 

and incubated at 37 °C with 5 % CO2 for 48 h [20]. 

2.5.2 Cell Culture and Confocal Imaging 

Primary human bone marrow stromal cells (hBMSCs, donor 7038, Tulane 

Center for Gene Therapy) at passage 4 were cultured with media and dissociated with 

0.25 % mass fraction trypsin and then re-suspended in media. Cell concentration was 

calculated with a hemocytometer. Cells were then diluted with regular cell culture 

media or media with osteogenic supplement (OS) of dexamethasone (10 nmol/L), ɓ-

glycerophosphate (20 mmol/L) and ascorbic acid (0.05 mmol/L) to the desired cell 

concentration (5,000 cells/mL or 2,500 cells/cm
2
) for both media types [169]. 0.5 mL 

hBMSCs suspension was seeded to each well in four conditions (NF, SC, NF+OS and 

SC+OS). hBMSCs were then cultured at 37 °C with 5 % CO2 for 24 h. The seeding 

density of 1,000-3,000 cells/cm
2
 had been used for in vitro studies to investigate 

hBMSCs osteogenesis with different bioassays, as well as studies correlating 

hBMSCsô early morphology with later differentiation fates [1, 4-8, 170, 171]. This 

seeding density results in many isolated cells after 24 hours. While cell-cell contact 

could be a factor in many contexts, affecting both cell behavior and cell shape, prior 
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studies had identified single cell shape as a possible early marker of differentiation [5, 

20, 61]. Therefore, in this study, we focused on single-cell shape as a model system to 

validate our method. 

hBMSCs were fixed with 3.7 % by volume formaldehyde in Dulbeccoôs 

phosphate-buffered saline (PBS) and then washed with PBS for 3 times. 0.1 % by 

volume Triton-X in PBS was used to permeabilize hBMSCs for 10 min. Samples 

were washed with PBS 3 times, then soaked in blocking buffer (50 mg/mL bovine 

serum albumin in PBS) for 30 min. Alexa Fluor 546 phalloidin (0.33 ɛM in blocking 

buffer) was added to stain F-actin of hBMSCs for 1h at room temperature and then 

washed away with washing buffer (10 mg/mL bovine serum albumin in PBS). Nuclei 

were stained by 4', 6-diamidino-2-phenylindole (DAPI, 0.3 ɛɀ) for 5 min. All 

samples were then rinsed with washing buffer and PBS. Stained samples were store at 

4 °C in PBS protected from light before imaging. 

3-D cell shape was imaged with confocal microscopy (Leica SP5). Samples 

were immersed in PBS. High-resolution 3-D z-stack images were captured by a 63x 

water immersion objective with the numerical aperture of 1 AU and the z-step size of 

700 nm. The z depth of each stack is determined by the expansion of each cell in z 

direction. Alexa Fluor 546 phalloidin staining demonstrated the cell cytoskeletal 

boundary and DAPI staining of nucleus was used to identify single cells manually for 

the analysis. Cells touching the edges of field of view of each image were omitted. 

121 cells of NF, 114 cells of SC, 125 cells of NF+OS and 116 cells of SC+OS were 

imaged and analyzed (Figure 2.3, Appendix A2, and Appendix A Figure A3.1).  
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Chapter 3: Stem Cell Fates Can be Modulated by Nanofiber 

Scaffolds Density and Indicated by Early Cell Shape 

 

This chapter is adapted from the manuscript of Chen, Sarkar, Dunkers and 

Losert in preparation. Desu Chen is the lead junior researcher on this study and 

performed experiments, developed and carried out the analysis, and wrote a first draft 

of the manuscript. 

 

3.1 Overview 

Human Bone Marrow Stromal Cells (hBMSCs) have been found to develop 

osteogenic differentiation and cell shape alterations in nanofiber scaffolds without 

any chemical cues. It is important to investigate which structural property of 

nanofiber scaffolds is correlated with hBMSCs osteogenic differentiation and whether 

the hBMSCs differentiation response to nanofiber scaffolds (NF) can be indicated by 

the cell shape. In this chapter, assays of the day 50 calcium mineralization and assays 

of the day 14 osteogenic marker expression demonstrate that hBMSCs osteogenic 

differentiation potential are modulated by systematically varying nanofiber densities. 

The day 1 cell shape classifiers pre-trained in the independent analysis with a 

different donor in Chapter 2 successfully predict the hBMSCs differentiation fates 

modulated by varying nanofiber densities. Next, the SVM/supercell method is applied 

to identify cell population shape phenotypes with both 2-D and 3-D cell shape metrics 

in response to the critical nanofiber density where hBMSCs commit the transition to 



 

 67 

 

develop osteogenic differentiation. Some achieved cell shape indicators of hBMSCs 

population response to the global nanofiber density identified by the SVM/supercell 

method are found to be more efficient to correlate single-cell shape and local 

nanofiber density properties than individual cell shape metrics. Therefore, hBMSCs 

differentiation can be modulated by nanofiber density and indicated with day 1 cell 

shape phenotypes quantified with the SVM/supercell method. 

 

3.2 Background 

Biomaterials are widely used to provide microenvironment to promote desired 

changes of cell functions such as migration [9, 11, 12], proliferation [156], 

differentiation [20, 88, 96, 172, 173] and reprogramming [63, 174]. Multiple physical, 

chemical and structural properties of biomaterials can be modulated to design the 

optimal microenvironmental cues based on understanding of cell-material interactions 

[17-19, 82, 83, 175]. It is interesting that in some circumstances cell shape can also be 

affected by modulation of microenvironmental cues which induce the desired cell 

function alterations. Basic mechanical properties such as the stiffness and the 

viscoelasticity of biomaterials determine not only the mechanical support provided by 

the device at the bulk level but also local cell function and cell shape [80, 85, 176, 

177]. Some studies demonstrated that 2-D topographical cues (e.g. density or order of 

the substrate surface topography) could influence differentiation of Human 

Mesenchymal Stem Cells (hMSCs) [88, 89, 93], reprograming of Induced Pluripotent 

Stem Cells (iPSCs) [63, 174] as well as cell shapes of them. 3-D scaffolds materials 

were also found to induce osteogenic differentiation of hMSCs, while cell shape was 
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found to be substantially different from that of cells cultured on the flat 2-D surfaces 

[20, 61, 62]. However, it is not clear whether these cell shape changes can indicate 

and predict the concurrent or subsequent cell functional changes induced by the 

biomaterials. 

Specifically, Human Bone Marrow Stromal Cells (hBMSCs) have been 

demonstrated to develop osteogenic differentiation after 50 days of culture in densely 

covered nanofiber scaffolds without osteogenic supplement (OS) and the cell shape in 

nanofiber scaffolds of hBMSCs were observed to be different compared to those on 

flat substrates as early as day 1 [20]. In Chapter 2 of this article, with the 

SVM/supercell method [62], I find that hBMSCs in nanofiber scaffolds are narrower 

and more dendritic in 2-D cell shape quantified with the z-projections of confocal 

images. In another study, by fitting the 3-D cell shape to ellipsoid, it was found that 

hBMSCs in nanofiber scaffolds had more momentum in the smallest gyration tensor 

compared to those on flat substrates, maintaining more 3-D cell shape in the 

nanofiber scaffolds [61]. These identified 2-D and 3-D shape metrics or metric 

combinations quantify day 1 cell shape phenotypes of hBMSCs in densely covered 

nanofiber scaffolds that might be associated with hBMSCs osteogenesis. However, it 

is unclear which structural properties of nanofiber scaffolds determine hBMSCs early 

shape phenotypes and induce later osteogenic differentiation. The mechanisms of the 

correlation between the identified shape features and later hBMSCs differentiation 

also remain to be further investigated. 

In this chapter to investigate whether nanofiber density as a structural property 

of nanofiber scaffolds can modulate hBMSCs differentiation at later time point and 
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cell shape on the early stage, nanofiber density of nanofiber scaffolds systematically 

varies for hBMSCs culture, transitioning the microenvironment from 2-D flat 

substrate to densely covered 3-D nanofiber scaffolds. Further, to test whether early 

stage cell shape measurement indicates later hBMSCs differentiation, day 1 cell shape 

data in different nanofiber densities are scored to measure the hBMSCs shape 

response to nanofiber densities by the cell shape classifiers trained in Chapter 2 in the 

independent experiments with a different donor. The predictions made by the pre-

trained classifiers are compared to hBMSCs differentiation assayed by day 14 

transcription level of genetic markers related to osteogenesis and day 50 

mineralization activities. To further understand how nanofiber density determined 

hBMSCs shapes, combinations of 2-D and 3-D cell shape metrics in response to the 

varying nanofiber densities are identified with the SVM/supercell method. The 

single-cell shape response to local nanofiber density is also gauged with these 

identified cell shape metric combinations. 

 

3.3 Analysis and Results 

3.3.1 Quantification of nanofiber density and grouping of nanofiber scaffolds 

samples of different fiber densities 

To quantify the topographical properties of poly(Ů-caprolactone) nanofiber 

scaffolds (NF) fabricated with different electrospinning time (see Chapter 3.5.1), all 

NF samples are imaged by non-destructive bright field imaging (Figure 3.1B) so that 

they we can know the actual nanofiber density of each nanofiber scaffolds sample 

used in the cell culture and bioassays. Samples are illuminated with 405 nm laser. 



 

 70 

 

Both the reflection and transmission signals are imaged in the confocal mode of a 

Leica SP5 system. The imaging depth from the top of the nanofiber mat varies for 

different samples and the z-step size is 2.0 mm. I utilize the tiling imaging function of 

the microscope to cover a larger area on the nanofiber mat. As the nanofiber densities 

vary a lot across all NF samples, different magnifications are applied to image enough 

field of view in each frame of each NF sample. The lengths of side of each tile 

imaged are 258.2 mm, 387.5 mm or 1550.8 mm in length. The size of the full tiles is 3 

by 3. 

Images of substrates samples are processed and the properties of regions 

encompassed by fibers in 2-D max z-projections (Figure 3.1B) are measured. In the 

imaging processing (Appendix B Figure B1.1), the max intensity projections of the z-

stacks are processed with bandpass filters to reduce the noise and remove 

backgrounds. In the next step, either reflection or inverted transmission images of 

each NF samples are processed by anisotropic filters [178] to enhance the contrast of 

fibrous objects. The results are inspected with eyes to select the best enhancement of 

the images nanofiber images. The segmentations of the selected results are then 

achieved to generate binary images distinguishing fibers with white and pores with 

black. Because the limit of the spatial resolution of optical microscopy, it is not 

expected that the fiber diameter can be measured. Watershed processing is applied to 

the binary images assuming the fibers are the boundaries with no width between 

pores. The pores are then identified as the regions encompassed by the watersheds 

representing fibers and areas of all pores are calculated (Figure 3.1B). For each NF 

sample, the distribution of pore areas is binned in histograms and the normalized 
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frequency of each bin was defined and calculated as the number frequency of each 

bin over the total number of pores (Figure 3.1C). The normalized frequencies of all 

pore area bins are taken as the components of a vector that characterize each NF 

sample. 
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Figure 3.1 Nanofiber scaffolds (NF) fabricated with different  electrospinning time 

are quantified with non-destructive imaging and then clustered to form NF groups of 

different  fiber densities. (A) SEM images of flat PCL film (SC) and PCL nanofiber 

scaffolds (NF). (B) 2-D max projections of non-destructive bright field images of NF of 

different fiber densities. The red shaded polygon indicates a pore encompassed by 

surrounding PCL fibers quantified. (C) According to the similarity of distribution  

histograms of pore area, NF samples fabricated with different electrospinning time are 

clustered with k-means clustering into 4 groups (NF1 to NF4) of different fiber densities. 

(D) From NF1 to NF4, the average pore area decreases and the nanofiber length per 

unit area increases. In all box plots, the bottom and top of the box indicate the 25% and 

75% percentiles and the central line indicates the median. The whiskers data range 

excludes outliers. Outliers are represented by the cross symbols. 

 

Further, according to the pore area distributions characterized with the vectors 

of normalized pore area frequencies of each NF sample, k-means clustering is applied 

and identifies 4 groups of NF samples (NF1, NF2, NF3 and NF4) according to the 

Euclidean distances of the pore area distribution vectors regardless of the duration 

time of electrospinning (Figure 3.1C). This grouping method based on the nanofiber 

density measurement addresses the variability in fabrication that cannot be accurately 

controlled by the electrospinning fabrication time. In each group, Euclidean distance 

of each sample to the geometrical center of the group in the space of the pore area 

distribution vectors is calculated and sorted. For cell cultures, NF samples are 

selected from the one closest to the group center to farther ones and the outlier 

samples are excluded. Thus the variability of nanofiber density in each defined NF 
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group is reduced. To keep similar in-sample variability for different assays of each 

NF sample group, NF samples in the same group are sorted into assays in a way that 

it minimizes the difference of different assays in terms of the average distance of 

replicates to the group center. As a result, this grouping systematically sorts the NF 

samples to 4 groups NF1, NF2 NF3, and NF4 with significant gradual increases and 

relatively low in-group variations in nanofiber densities quantified by the average 

pore area and the nanofiber length per unit area per NF sample (Figure 3.1D). This 

procedure is non-destructive so that the quantified and classified NF samples are next 

used in the cell culture of hBMSCs. 

3.3.2 hBMSCs osteogenic differentiation is modulated by nanofiber density 

On day 50, densely covered nanofiber scaffolds in NF4 induce deposition of 

calcium minerals by hBMSCs on the substrates without osteogenic supplement (OS) 

and the alizarin staining of hBMSCs on the flat spin-coated PCL (SC) substrates is 

not positive (Figure 3.2A). This result agrees with the observation in previous studies 

with a different hBMSCs donor [20]. Further, by increasing the nanofiber density 

from null on the SC substrates, the potential of hBMSCs osteogenesis is enhanced 

without osteogenic supplement. hBMSCs also undergo a transition of osteogenesis at 

the nanofiber density of NF2 to initially deposit calcium minerals on the substrate, 

though the nanofiber density increases gradually. Even in cultures with osteogenic 

supplement, the potential of osteogenesis of hBMSCs is also enhanced by the 

increase in nanofiber density on the substrates (Figure 3.2B). These results suggest 

that hBMSCs osteogenic differentiation on nanofiber scaffolds is modulated by the 

nanofiber density and there is a transition of hBMSCs osteogenesis from NF1 to NF2. 



 

 74 

 

To further investigate the effect of nanofiber density on early hBMSCs 

differentiation behavior, fold changes of the transcription levels from day 1 to day 14 

of some gene markers are measured with RT-PCR. The transcription level fold 

changes of an early marker for osteogenesis, alkaline phosphatase (ALPL), are higher 

in hBMSCs cultures on nanofiber scaffolds of higher nanofiber densities (NF2, NF3, 

NF4) compared to substrates with none or sparse nanofibers (SC and NF1) with or 

without OS. There is a significant critical increase in ALPL transcription level fold 

change from NF1 to NF2 with or without OS (p-value <0.0001 with the 1-way 

ANOVA and Tukey multi-comparison tests). It agrees with the day 50 alizarin red 

staining results and indicates that higher nanofiber densities enhance expression of 

ALPL in the first two weeks of hBMSCs culture in NF2, NF3, and NF4 with or 

without OS. Meanwhile, transcription level fold changes of myosin light chain kinase 

(MYLK) related to cytoskeleton tension generation and mechanosensing is inhibited 

by increasing nanofiber density of NF substrates in the absence of OS. Further, it is 

found that with OS, transcription level fold change of the osteogenesis specific 

marker runt-related transcription factor 2 (RUNX2) is also higher in NF4+OS 

compared to SC+OS. These results suggest that nanofiber density is associated with 

early stage gene expression related to osteogenic differentiation and mechanosensing. 

The increase in nanofiber density from NF1 to NF2 induces critical transition of 

hBMSCs osteogenesis in both early stage gene expression and later mineralization. 
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Figure 3.2 Differentiation assays at the population level to estimate effects of 

nanofiber density on hBMSCs osteogenic differentiation. Alizarin red staining is applied 

to hBMSCs cultured for 50 days on SC and NF samples of different fiber density groups 

in (A) regular media or (B) media supplemented with OS. The red staining compared to 

no cell control indicates mineralization of calcium. (C) Fold changes of transcription 

levels from Day 1 to Day 14 measured by RT-PCR of ALPL RUNX2, and MYLK. 

Number of biological replicates = 3, in each biological replicate, number of technical 

replicates = 4. Each error bar represents the propagated standard deviations of 3 

biological replicates and each biological replicate contains 4 technical replicates [179]. 1-

way ANOVA and Tukey multi -comparison tests are applied to no OS (demonstrated 

with blue asterisks) and with OS (demonstrated with red asterisks) media conditions 

respectively on different fiber densities. ns: p-value>0.01, *: p-value < 0.01, **: p-value 

< 0.001, ***: p-value < 0.0001. 
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3.3.3 2-D and 3-D quantifications of day 1 cell shape 

To measure 2-D cell shape, the 2-D maximum intensity z-projections of the 

day 1 hBMSCs images are made in the channel of the Alexa Fluor 647 phalloidin and 

analyzed with the ñsnakeò algorithm [136] as described in Chapter 2.3.1 (Figure 

3.3A). Snake contours are initiated with the convex hulls of the hBMSCs and 

converge to fit the cell boundary in energy minimization iterations driven by force 

fields assumed with the brightness gradient of the Alexa Fluor 647 phalloidin channel. 

Parameters used to identify outlines of hBMSCs are the snake elasticity parameter Ŭ 

(2×10
-5

), the snake bending rigidity ɓ (5×10
-5

), the viscosity parameter ɔ (0.2), the 

external force weight (1×10
-3

), and the range of distance between two consecutive 

representative points (2 to 3 pixels). Once the 2-D snake outline of each cell is 

obtained, the outline and the original image are automatically overlaid to for visual 

inspections (Figure 3.3A). Based on the quantified cell boundary, 2-D cell shape of 

hBMSCs in different microenvironments is characterized with 12 2-D shape metrics 

(Figure 3.3A, Figure 3.3C, and Appendix B Table B2.1).  
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Figure 3.3 2-D and 3-D shape quantification and metrics of single-cell shape. (A) 

Max projections of 3-D stack images of single hBMSCs (donor 8004L) in the xy plane 

are analyzed with the snake algorithm to identify 2-D cell boundaries (red) and 2-D cell 

shape features, e.g. convex hull (white), major axis (yellow) and minor axis (cyan). (B) 3-

D thresholding and image processing algorithm are applied to hBMSCs 3-D stack 

images for reconstruction the 3-D shape in the demonstrated alpha shape and 

measurement of 3-D cell shape. (C) List of the cell shape metrics and their metric types. 

 

3-D cell shape are segmented with the image processing and thresholding 

algorithm introduced by Bajcsy et al., [132]. 3-D cell segmentations are assumed to 
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be solid bodies and fitted to ellipsoids for calculation of moments of gyration tensor. 

Briefly, the gyration tensor S is defined as, 

Ὓ  В ὶ ὶ ὶ ὶ                      (Eq 3.1) 

╢  

Ὓ Ὓ Ὓ

Ὓ Ὓ Ὓ

Ὓ Ὓ Ὓ
                                        (Eq 3.2) 

N is the total number of voxels in the 3-D segmentation of the cell. i and j denote x, y 

or z directions. ὶ  and ὶ  are the coordinates in the denoted axes of the kth voxel. 

ὶ  is the coordinate in the denoted axis of the center of mass of the 3-D 

segmentation of the cell, thus ὶ  В ὶ . The 3 eigenvalues of ╢ are 

calculated and defined as the principal moments of the gyration tensor (L1<L2<L3). 

The associated eigenvectors demonstrate the directions of the 3 principal axes of the 

3-D cell shape. 

The 3-D cell shape of hBMSCs is quantified with 29 shape metrics (Figure 

3.3C and Appendix B Table B2.1). As hBMSCs spread more in the xy plane on the 

nanofiber scaffolds, the L1 direction is usually closely aligned near the z direction, 

thus cell shape information related to only L1-projections of cells is similar to 2-D cell 

shape information and does not bring a lot of additional information about hBMSCs 

cell shape in the third dimension. Therefore the 29 cell shape metrics from the 3-D 

analysis are sorted in two categories. 9 L1 shape metrics are only related to L1-

projections and the other 20 metrics involving information in L1 directions are sorted 

in the category of 3-D shape metrics (Figure 3.3C). Detail descriptions of all 2-D and 

3-D shape metrics are listed in Appendix B Table B2.1. Barplots of all shape metrics 
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of different substrate groups with or without OS are presented in Appendix B Figure 

B2.1. 

3.3.4 Early cell shape indicates later differentiation induced by nanofiber 

scaffolds 

As described in Chapter 2, cell shape difference of hBMSCs populations on 

densely covered NF and flat SC of hBMSCs from another donor (donor 7038, Tulane 

Center for Gene Therapy) have been quantified with selected optimal classifiers 

trained by SVM/supercell method to classify hBMSCs to either osteogenic NF class 

or non-differentiation SC class. In specific, the selected shape metrics are minor axis 

length, solidity and mean negative curvature. The trained classifier average normal 

vector is (-0.86±0.04, -0.43±0.06, 0.24±0.08). In this chapter, I test whether these pre-

trained classifiers are robust to predict hBMSCs responses to different nanofiber 

densities with day 1 cell shape in the current independent experiments with hBMSCs 

from a different donor of hBMSCs (donor 8004L). As curvature calculation is 

influenced by the change in magnification of the microscope objective between these 

two independent studies, only the first two components of the classifier normal 

vectors corresponding to minor axis length and solidity are applied to shape 

measurements of hBMSCs (donor 8004L) in different nanofiber densities in the 

current study.  

In detail, the current shape measurement of hBMSCs (donor 8004L) in each 

condition is denoted as a set of vectors Xpredict. The 2 elements of each Xpredict are 

minor axis length and solidity of either a single-cell or a supercell (supercell size=5) 

generated with the supercell method described in the Chapter 2. For each metric, the 
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elements are subtracted by the mean of the elements of training data Xtrain and then 

divided by the standard deviation of the corresponding elements of Xtrain for 

normalization. Here, training data Xtrain are the supercell data of hBMSCs (donor 

7038) at supercell size=5 which have been optimized to train the classifier 

quantifying cell shape difference of hBMSCs populations in densely covered NF and 

SC in Chapter 2. Shape measurements of the current study are normalized as,  

ὤ ȟ ὢ ȟ ὢ ȟȾ„ὢ ȟ                     (Eq 3.3) 

Here i = 1 for minor axis length or i = 2 for solidity. ὢ ȟ and „ὢ ȟ  are the 

mean and the standard deviation of the train data set of the metric i. Thus Zpredict = 

(Zpredict,1, Zpredict,2) is the normalized shape measurement.  

Each of the 100 pre-trained shape classifiers (see Chapter 2.3.2) with unit 

normal vector nj and intercept bj (j = 1, 2,é, 100) are applied to each normalized 

shape measurement Zpredict respectively. The decision (target) function yi quantified 

by each classifier is calculated as, 

jjj by +Ö= predictZn                                                  (Eq 3.4) 

And the projection of Zpredict to the perpendicular direction of nj (projection to the 

plane of the classifier), 

)()( bajjw nnZn predict ³Ö³=                                         (Eq 3.5) 

Where na and nb are the unit normal vectors along the 2 shape metrics. 

For each single cell or supercell in the prediction data, average target function 

of yj is then calculated as the SVM decision function y. 
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There is also the average of wj, 
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jww                                                      (Eq 3.7) 

which is the cell shape information of each single cell or supercell redundant to the 

classifier. 

 

Figure 3.4 Illustration of the classification and prediction of cell shape. The pre-

trained classifiers are applied to the single-cell shape data to be predicted. The decision 

function y > 1 is taken as the criterion to define a single cell or supercell of 8004L 

hBMSCs as the same cell shape class of 7038 hBMSCs in fully covered PCL nanofiber 

scaffolds inducing osteogenic differentiat ion. The predictions on single cells of 8004L 

hBMSCs on SC, NF1, NF2, NF3, and NF4 with the decision function are demonstrated 

as an example. 
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Decision function y>1 is taken as the criterion to classify whether one single 

cell or supercell from donor 8004L is in the osteogenic NF class defined by the 

independent training results of hBMSCs from donor 7038 in the Chapter 2. The 

average tangential projection to the plane of the classifier w is calculated by 

averaging wj (Eq 3.7). In Figure 3.4, the distribution of decision functions y of single 

cells demonstrate that hBMSCs (donor 8004L) on NF4 have lower minor axis length 

and lower solidity and shift to the side of decision function y > 1 labeled by the red 

dashed line, compared to those on SC. As the nanofiber density increases from SC to 

NF4, the distribution of y shifts from the left to the right of the red dash line denoting 

y = 1, which corresponds to the decrease in minor axis length and solidity. It suggests 

that the pre-trained shape classifiers reflect cell shape alterations in minor axis length 

and solidity induced by varying nanofiber densities. 

Fractions of single cells or supercells at supercell size = 5 with decision 

function y > 1 are calculated and presented with respect to the nanofiber density 

measures in Figure 3.5A. These fractions are taken as the cell shape prediction scores 

of day 1 hBMSCs population differentiation behavior in each culture condition. The 

fractions qualitatively agree with the day 50 alizarin red staining. As the fraction of y > 

1 increases along with the increase in nanofiber density, if the fractions of y > 1 is 

higher in a certain condition, the chance to observe positive alizarin red staining is 

higher in that condition on day 50 (Figure 3.2A and B). As the nanofiber density 

increases from NF1 to NF2, there is a transition of the day 50 alizarin red staining 

results: no samples in NF1 and NF1+OS demonstrates positive staining, and in NF2 

and NF2+OS there are part of the samples demonstrating positive alizarin red staining. 
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The fractions of y > 1 also agree with the transition of the day 50 alizarin red staining 

results from NF1 to NF2, as there is a critical increase in the fraction y > 1 from 

around 0.5 in NF1 to close to 1 in NF2 without OS. From NF1+OS to NF2+OS with 

OS, there is also a noticeable increase in the fraction of y > 1 and the scores for 

NF2+OS get close to 1. These results suggest that the pre-trained day 1 cell shape 

classifiers comparing only 2 extreme culture conditions have robust capability to 

successfully predict hBMSCs differentiation and cell shape alterations influenced by 

much finer difference in the nanofiber density in the independent study with a 

different hBMSCs donor. 

Similarly, the pre-trained classifiers also successfully predict the increase in 

ALPL transcription level associated with the increase in nanofiber density, and 

further predict the significant critical increase of ALPL transcription level from NF1 

to NF2. Fractions of hBMSCs with decision function y > 1 of different nanofiber 

densities are also fitted to the transcription level fold changes from Day 1 to Day 14 

with linear regression models (Figure 3.5B). Fractions of hBMSCs with decision 

function y >1 in SC, NF1, NF2, NF3 and NF4 without OS are associated with Day 1 

to Day 14 transcription level fold changes of ALPL with a positive slope (R
2
 = 0.87, 

p-value < 0.05) and MYLK with a negative slope (R
2
 = 0.81, p-value <0.05). In 

conditions with OS, ALPL transcription fold changes also are fit ted to the fractions of 

hBMSCs with y > 1. The fitting result (R
2
 = 0.71, p-value < 0.05) agrees with the 

trend that higher nanofiber density causes both enhanced osteogenesis potential and 

higher fraction of hBMSCs with y > 1. In conditions with OS, the MYLK 

transcription level fold change with respect to the fraction of hBMSCs with y > 1 
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cannot be fitted to a linear model (p-value >0.05). It may suggest that with OS, 

hBMSCs responses to the varying nanofiber densities in terms of MYLK 

transcription have a different manner than the responses in conditions without OS. 

These results demonstrate that predictions made with the independently pre-trained 

cell shape classifiers are also associated with day 14 gene expressions of hBMSCs in 

response to changes in nanofiber density. 

 

Figure 3.5 Differentiation of hBMSCs population modulated by nanofiber density 

can be predicted by independently pre-trained cell shape classifiers. (A) The fractions of 
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single cells or supercells at supercell size=5 with decision function y > 1 is taken as the 

resulting prediction score associated with hBMSCs differentiation potential on 

substrates of a certain NF fiber density group. The prediction scores are plotted with 

respect to the average pore area and the nanofiber length per unit area per NF sample. 

The error bars represent the standard deviations in each NF density groups. (B) Linear 

regression fitting results of fold changes of transcription levels of ALPL and MYLK to 

prediction scores on single cells in response to NF fiber densities, for conditions with or 

without OS. 

 

3.3.5 Influence of nanofiber density on cell shape of hBMSCs population 

2-D cell shape analysis is achieved with the method based on snake 

algorithms used in Chapter 2. 3-D cell shape analysis is achieved with the 3-D cell 

imaging processing algorithms introduced by Bajcsy et al. [132]. Cell shapes of 

hBMSCs in different conditions are measured with 12 2-D shape metrics and 29 3-D 

shape metrics. Cell shape alterations in response to the nanofiber density changes are 

demonstrated with single-cell shape metrics explained in Appendix B Table B2.1 and 

the associated statistical tests are presented in Appendix B Table B2.2. It is noticed 

that varying nanofiber density influences both 2-D and 3-D cell shape features 

(Figure 3.6). For example, as nanofiber density increases, the width of hBMSCs 

measured by 2-D minor axis length decreases (Figure 3.6A). Meanwhile the least 

gyration tensor component L1 which measured the 3-D thickness of cells increases as 

nanofiber density increases (Figure 3.6B). It suggests that while hBMSCs commit 

narrower and more elongated shapes in 2-D z-projections in response to the nanofiber 
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scaffolds, they expand more in the third principle axis and become thicker. 

Quantitative dimensionality of hBMSCs are measured with the square roots of 

gyration tensor components ratios 13 / LL and 23 / LL  [61, 180] demonstrated in Figure 

3.6C. It is found that as nanofiber density increases, the L3 to L1 ratio increases and 

the L3 to L2 ratio decreases. Thus the increasing nanofiber density altered hBMSCs 

cell shape from shapes similar to a 2-D flat pan toward the more elongated and 

thicker 3-D spindle-like shape once described by Farooque et al. [61]. 

To understand how hBMSCs cell shape are influenced by nanofiber density 

and to identify all the significant shape metrics that respond to difference in nanofiber 

density, I apply the SVM/supercell method described in Chapter 2 to identify shape 

metric combinations that are associated with hBMSCs population shape difference of 

two conditions. 120 supercells (supercell size = 5) of each condition are randomly 

generated each time and the SVM is applied to train a classifier with linear kernel. 

This supercell generation and training procedure are repeated for 100 times for all 

combinations of shape metric pairs of the quantified cell shape metrics. The optimal 

shape metric pairs assumed to describe cell shape difference of two conditions are 

selected based on training accuracy, classifier hyperplane stability and prediction 

accuracy [62]. 



 

 87 

 

 

Figure 3.6 Varying nanofiber density affects both 2-D and 3-D cell shape features. 

(A) Minor axis length of hBMSCs decreases as the nanofiber density increases. (B) L1 

increases as the nanofiber density increases. (C) Dimensionality measurement of 

hBMSCs in varying nanofiber densities. In (A) and (B) the asterisks demonstrate 

significance levels of 1-way ANOVA and Tukey multi -comparison tests.                         

ns: p-value>0.01, *: p -value < 0.01, **: p -value < 0.001, ***: p-value < 0.0001. In (C) the 

whiskers demonstrate the standard errors of the means. 

 

 

Because of the observed transition in osteogenesis of hBMSCs from NF1 to 

NF2 reflected by the day 50 alizarin red staining and the day 14/day 1 ALPL 

transcription level fold change, cell shape difference of hBMSCs populations in NF1 

and NF2 may be associated with this transition. Classifiers pre-trained with minor 

axis length and solidity have successfully predict and this transition. However, there 

might be alterations in other cell shape features associated with different biological 

processes involving the transition in osteogenesis from NF1 to NF2. Cell shape 

difference of hBMSCs influenced by the nanofiber density increase from NF1 to NF2 

is compared with the SVM/supercell method (Chapter 2) to capture the day 1 
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hBMSCs shape transition from non-differentiation environment to osteogenic 

environment modulated by nanofiber densities. The criterion to select shape metric 

combinations at supercell size = 5 are: (1) average training accuracy > 90%, (2) 

classifier hyperplane stability (defined in Chapter 2.3.2 Eq 2.3 and Eq 2.4) cos qô > 

0.99 (qô < 8.1°) , (3) prediction accuracies > 99% to distinguish hBMSCs in SC and 

NF4 and to distinguish hBMSCs in SC+OS and NF4+OS. 8 shape metric pairs are 

identified by the SVM/supercell method to construct classifiers representing the cell 

shape difference of hBMSCs in NF1 and NF2. The 8 shape metric pairs and the 

average normal vector component of each cell shape metric in the classifiers are 

reported in Table 3.1. The positive sign of a certain component means hBMSCs in 

NF2 have higher value of the corresponding metric and vice versa. The absolute 

values of the component measure the importance of the metrics in the selected 

classifiers to distinguish hBMSCs shapes in NF1 and NF2. 

Metric 1 Metric 2 

Average 

Normal 

Vector 

Component 1 

Average 

Normal 

Vector 

Component 2 

Training 

Accuracy (%) 
qô 

L2 Aspect Ratio Circularity -0.75 0.66 94.4 2.9° 

Circularity (L3/L1)
0.5 0.71 -0.70 92.7 3.1° 

Area Surface Area -0.89 0.45 91.8 2.2° 

Area Circularity -0.91 0.41 90.9 3.7° 

Area L1 -0.93 0.37 90.8 3.3° 

L1 Area L1 -0.92 0.38 90.6 3.3° 

L1 Area Surface Area -0.90 0.44 90.4 2.3° 

L1 Area Circularity -0.91 0.42 90.4 3.7° 

Table 3.1 Identified cell shape metrics pairs with the SVM/supercell method 

indicating cell shape difference of hBMSCs in NF1 and NF2. At supercell size = 5, shape 

metric pairs are selected from all metric pairs by good training accuracies (higher than 
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90%), stability (qô <8.1°, cos qô >0.99) and high prediction accuracies (higher than 99%) 

to distinguish NF4 vs. SC with and without OS with SVM/supercell method. The 

recruited shape metrics and the corresponding average normal vector component are 

listed. Metric type color labels: red: 3-D cell shape metrics, blue: 2-D cell shape metrics, 

yellow: L1 cell shape metrics. 

 

Several metrics appear in the selected metric pairs more than once. To 

compare the importance of all the shape metrics comprising the classifiers selected by 

the SVM/supercell method, in Table 3.2 metrics shown in Table 3.1 are listed and 

sorted according to the absolute values of the mean of the component values reported 

in Table 3.1. It is found that compared to those in NF1, hBMSCs in NF2 have smaller 

2-D areas and more elongated shapes of their z-projections. There is also 3-D cell 

shape difference of hBMSCs in NF1 and NF2. Compared to hBMSCs in NF1, 

hBMSCs in NF2 are thicker measured by L1 and thus less elongated in their L2 

projections. Though the z-projected and L1-projected areas of hBMSCs in NF2 are 

smaller than those in NF1, the surface areas of hBMSCs in NF2 are also higher than 

those in NF1 while the 2-D areas of hBMSCs are smaller in the z-projections. These 

results illustrate that the increasing nanofiber densities makes hBMSCs smaller and 

more elongated in their z-projections, and increasing nanofiber affects hBMSCs to 

commit more 3-D shapes with more spreading in the third principal axis. 
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Selected Metrics Metric Category 

Mean of the Average 

Component in Selected 

Metric Pairs 

Area 2-D -0.91 

L1 Area L1 -0.91 

L2 Aspect Ratio 3-D -0.75 

(L3/L1)
0.5 3-D -0.70 

Circularity 2-D 0.55 

Surface Area 3-D 0.45 

L1 3-D 0.38 

Table 3.2 Selected shape metrics in the identified shape metric combination by 

SVM/supercell method, sorted by the mean of the average components in all appearing 

metric pairs. Metrics type color labels: red: 3-D cell shape metrics, blue: 2-D cell shape 

metrics, yellow: L1 cell shape metrics. 

 

Among the 8 identified cell shape metric pairs there are 2 pairs included only 

2-D and L1 shape metrics. The other 6 pairs included both 2-D or L1 metrics and 3-D 

metrics. As discussed in Chapter 3.3.4, classifiers with only 2-D shape metrics have 

been tested to be enough to indicate later hBMSCs behavior. However, cell shape 

alterations in 3-D are also identified to be associated with varying nanofiber density 

and modulated hBMSCs differentiation. 3-D information can also bring more 

information of cell shape based classification and prediction with SVM/supercell 

method. Classifiers comprised of these shape metric pairs quantifying hBMSCs cell 

shape difference in NF1 to NF2 are applied to other conditions to compare the 

fractions of hBMSCs or supercells with decision function y>1 in Table 3.3. The 

results suggest that by looking into the transition behavior of hBMSCs cell shape, 

when the nanofiber density varies with a finer magnitude between NF1 and NF2, the 

achieved cell shape indicator (classifiers) can also be extrapolated to qualitatively 
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predict hBMSCs behaviors of nanofiber density even higher than NF2 or lower than 

NF1. In addition, 3-D cell shape metrics are also useful to indicating later hBMSCs 

differentiation induced by nanofiber scaffolds. 

Metric 1 Metric 2 
Fraction of Single Cells with Decision Function y > 1 

SC SC+OS NF1 NF1+OS NF2 NF2+OS NF3 NF3+OS NF4 NF4+OS 

L2 Aspect Ratio Circularity 0.01 0.07 0.15 0.46 0.61 0.40 0.61 0.87 0.87 0.83 

Circularity (L3/L1)
0.5

 0.02 0.04 0.17 0.46 0.63 0.43 0.68 0.84 0.82 0.83 

Area Surface Area 0.02 0.03 0.17 0.39 0.63 0.47 0.70 0.64 0.88 0.82 

Area Circularity 0.02 0.08 0.16 0.45 0.60 0.55 0.61 0.75 0.80 0.81 

Area L1 0.07 0.09 0.20 0.41 0.62 0.50 0.78 0.80 0.94 0.83 

L1 Area L1 0.07 0.08 0.22 0.41 0.62 0.50 0.76 0.82 0.94 0.87 

L1 Area Surface Area 0.05 0.01 0.19 0.42 0.65 0.51 0.65 0.61 0.80 0.70 

L1 Area Circularity 0.02 0.08 0.18 0.45 0.60 0.55 0.59 0.75 0.74 0.81 

Metric 1 Metric 2 
Fraction of Supercells with Decision Function y > 1 

SC SC+OS NF1 NF1+OS NF2 NF2+OS NF3 NF3+OS NF4 NF4+OS 

L2 Aspect Ratio Circularity 0.00 0.00 0.03 0.38 0.80 0.29 0.79 1.00 0.99 0.96 

Circularity (L3/L1)
0.5

 0.00 0.00 0.00 0.41 0.73 0.40 0.81 0.99 0.95 0.98 

Area Surface Area 0.00 0.00 0.01 0.10 0.66 0.18 0.78 0.67 0.94 0.93 

Area Circularity 0.00 0.01 0.02 0.27 0.67 0.42 0.78 0.94 0.95 0.99 

Area L1 0.00 0.00 0.02 0.24 0.69 0.34 0.98 1.00 1.00 0.99 

L1 Area L1 0.00 0.00 0.02 0.24 0.69 0.37 0.98 1.00 1.00 0.99 

L1 Area Surface Area 0.00 0.00 0.00 0.08 0.64 0.25 0.72 0.54 0.89 0.80 

L1 Area Circularity 0.00 0.01 0.02 0.28 0.66 0.47 0.78 0.94 0.91 0.99 

Table 3.3 Predictions made by shape classifiers to distinguish hBMSCs in NF1 and. 

NF2. Predictions are made for single cells in the first part and supercells in the second 

part. Metrics type color labels: red: 3-D cell shape metrics, blue: 2-D cell shape metrics, 

yellow: L1 cell shape metrics. 

 

3.3.6 SVM/supercell method can identify single-cell shape response to local 

nanofiber structural properties 

In Chapter 3.3.3 and Chapter 3.3.5, the SVM/supercell method is utilized to 

investigate cell shape with supercells and describe cell shape difference at the 
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population level reflecting the influence of the global average nanofiber density and 

indicating later cell population function alterations. To further understand how local 

nanofiber properties affect 2-D and 3-D cell shape at the single-cell level, I analyze 

the imaging channel of the local substrates for each imaged hBMSC. During confocal 

imaging, for each cell, the surrounding fibers in the same view are imaged with the 

transmission and reflection light. The local fiber images of each single cell are then 

processed with the same method described in Chapter 3.3.1. Thus the fibers are 

segmented as line objects with no width. Local nanofiber properties for each cell are 

quantified with several types of fiber density measures derived from 2-D max 

projections of the substrate images (Appendix Table B4.1). The Pearsonôs correlation 

coefficients of the local nanofiber density measures and the shape metrics are 

calculated. The correlations of the local nanofiber density measures and the cell shape 

measured by decision functions of the classifiers selected with SVM/supercell method 

or Principal Component Analysis (PCA) are also investigated (Appendix Table B4.2 

and Table B4.3).  

 

Figure 3.7 Response of single-cell shape to local fiber density can be detected with 

shape indictors identified by SVM/supercell method to describe population difference. 

(A) and (B) The single-cell metrics L2 aspect ratio and circularity of single hBMSCs 
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without OS with respect to nanofiber density under the cell. The Pearson correlation 

coefficients are calculated. (C) Decision function y of single hBMSCs without OS given 

by the classifiers combining L2 aspect ratio and circularity trained by SVM/supercell 

method on NF1 vs. NF2. The shaded region represents the margin of SVM, where the 

predictions of single cells are uncertain defined in SVM model. The Pearson correlation 

coefficient is calculated. 

 

The single-cell shape response of hBMSCs to the local nanofiber density 

agrees with the trend reflected by the association between population cell shape and 

global fiber densities. For example, single hBMSC become narrower, more elongated, 

and thicker in response to the increasing local nanofiber density (Figure 3.7C). It is 

also noticed that the absolute values of the linear correlation coefficients are not high 

(Appendix B Table B4.2 and Table B4.3). It is possibly because the current image-

based 2-D quantification of local nanofiber densities does not quantify and generalize 

all the properties of the local nanofiber microenvironment that might affect single-cell 

shape. Meanwhile single-cell variability of the cell-material response might also 

cause randomness in determination of cell shape. However, single-cell shape 

quantification by some classifiers selected and trained by SVM/supercell method is 

more linearly correlated with some local nanofiber density measures compared to the 

individual cell shape metrics included in each classifier and the PCA principal 

components (Appendix B Table B4.2 and Table B4.3). This observation suggests that 

SVM/supercell method might not only more efficiently associate cell shape of 

hBMSCs populations, the global nanofiber density difference, and later cell function 

alterations, but also perform as better shape quantification of single-cell shape 
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response to local nanofiber density (Figure 3.7 and Appendix B Table B4.2 and Table 

B4.3). 

 

3.4 Discussion 

3.4.1 Modulation with nanofiber density on hBMSCs osteogenic 

differentiation in nanofiber scaffolds 

In previous studies, it had been found that densely fabricated nanofiber 

scaffolds induced osteogenic differentiation of hBMSCs without chemical cues [20]. 

However, it remains a question which structural properties of the heterogeneous 

nanofiber scaffolds microenvironment can influence hBMSCs differentiation with 

only 2-state comparisons of the densely fabricated scaffolds and the flat surfaces. In 

this chapter, by varying nanofiber density and clustering nanofiber scaffolds samples 

according to nanofiber densities quantified by 2-D pore area distributions, different 

nanofiber densities are interpolated between the 2 extreme states of the flat substrates 

and the densely covered nanofiber scaffolds with gradual difference. I investigate 

whether the gradually increasing nanofiber density is a factor modulating hBMSCs 

osteogenic differentiation. It turns out that increasing nanofiber density can enhance 

hBMSCs potential to develop osteogenic differentiation with or without osteogenic 

supplement. By comparing day 1 to day 14 fold change of transcription level of 

ALPL and RUNX2, it is also found that the nanofiber density starts to be a factor 

affecting cell differentiation behaviors on early stages of hBMSCs cultures. In 

addition, hBMSCs osteogenic differentiation can be induced without OS by even less 

densely covered nanofiber fiber scaffolds (with shorter electrospinning fabrication 
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time), e.g. NF2 and NF3, with lower nanofiber densities compared to those used in 

the previous studies [20, 61, 62]. However, nanofiber scaffolds with even lower 

nanofiber density than NF2, e.g. NF1, cannot trigger osteogenesis behavior. A critical 

significant increase in ALPL expression is also noticed from NF1 to NF2. Therefore, 

in this study design, not only the hBMSCs osteogenesis modulated by gradual 

changes in nanofiber density but also the transition behaviors of hBMSCs from NF1 

to NF2 allow us to understand association of hBMSCs differentiation to 

microenvironmental cues and early stage cell shape with finer precisions. It is also 

important that the characteristic nanofiber densities inducing variation in hBMSCs 

osteogenesis provide important length scale for biomaterial design of osteogenic 

fibrous biomaterials [80, 97]. 

Though quantification of the 2-D pore area distributions is used as a non-

destructive method to group similar nanofiber scaffolds samples, varying nanofiber 

density of nanofiber scaffolds can result in changes in several other 

microenvironmental cues. First, increasing nanofiber density resulted in smaller pore 

size between nanofibers which directly influences the sizes of stem cell niches. The 

sizes of the stem cell niches and the material porosity have been found to be an 

important cue for stem cell differentiation in biomaterials [90, 92, 181]. Density of 

nanofiber may also influence the density of sites for cell-material adhesions which 

have been demonstrated to influence stem cell differentiation [18]. It should also be 

noted that as nanofiber density of nanofiber scaffolds increases, nanofibers start to 

stack on each other and the microenvironment is more 3-D. It has also been 

demonstrated that stem cells may alter their behaviors in more 3-D 
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microenvironments compared to cell behaviors on flat substrates [182, 183]. In 

addition, surface roughness and topography influenced by the nanofiber density may 

be factors causing behavioral alterations of hBMSCs adhering on the top of the 

nanofiber scaffolds [88, 171, 172].  

In addition to cell function alterations of hBMSCs in response to these 

microenvironmental cues, 2-D and 3-D cell shape responses of hBMSCs are also 

integrated reflections of these microenvironmental cues correlated with nanofiber 

density. Therefore, cell shape may perform as a measurement of the nanofiber density 

reflecting combined effect of several microenvironmental cues [180]. In this study, 

we manage to quantify association between the cell population shape phenotype and 

global nanofiber densities, and then zoom in to quantify correlation of the single-cell 

shape and local nanofiber scaffolds microenvironment, with the SVM/supercell 

method. It facilitates the understanding about how microenvironmental cues 

associated with nanofiber densities modulate hBMSCs differentiation (Appendix B4). 

3.4.2 hBMSCs osteogenic differentiation potential in response to nanofiber 

density can be indicated by early cell shape 

Early stage cell shape has been found to be a useful and sensitive marker to 

predict hMSCsô differentiation [4] and immunosuppression functions [21] influenced 

by variability in donor and passaging conditions. As structural properties of 

biomaterials may affect cell shape directly, it has been suggested that cell shape 

regulated by biomaterials could be correlated with cell function alterations [20, 63, 

184]. Thus early stage cell shape may be able to indicate later cell function alterations 

regulated by structural properties of biomaterials. To test whether day 1 cell shape 
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can indicate later hBMSCs differentiation induced by nanofiber scaffolds, nanofiber 

density is varied to modulate both day 1 hBMSCs cell shape and later hBMSCs 

osteogenesis in this chapter. 

The first potential cell shape indicator tested in this study is the pre-trained 

classifiers set built with minor axis length and solidity selected and trained by the 

SVM/supercell method to compare day 1 cell shape difference of non-differentiation 

hBMSCs (donor 7038) on flat substrates and hBMSCs developing osteogenic 

differentiation on densely covered nanofiber scaffolds in the independent study in 

Chapter 2. These pre-trained cell shape classifiers are applied to predict osteogenic 

differentiation of hBMSCs from a different donor (8004L) in response to the 

interpolated gradually varying nanofiber densities. It turns out that the fractions of 

single cells or supercells classified to the osteogenic NF class qualitatively agree with 

the day 50 alizarin red staining results and the day 14/day 1 fold change of ALPL 

transcription with respect to the changes in nanofiber density. It is important to notice 

that there is no modification of the intercepts of the pre-trained classifiers when they 

are applied to the current data. In addition, the data to be predicted is normalized to 

the training data. It means that there is no adjustment of the classifiers selected and 

pre-trained with SVM/supercell method to fit bias of different independent 

experiments and studies. In addition, though the classifiers are trained with the 

comparison of two extreme nanofiber densities (flat substrates with no nanofiber vs. 

densely covered nanofiber scaffolds with high nanofiber density), the classifiers 

successfully predict the transition of hBMSCs osteogenesis at the interpolated 

intermediate nanofiber densities at NF1 and NF2 with finer difference in nanofiber 
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density. Therefore, the set of cell shape classifiers trained with the SVM/supercell 

method is a robust predictor indicating hBMSCs differentiation modulated by 

nanofiber densities with good generalization and sensitivity. It further suggests that 

the selected cell shape combination (minor axis length and solidity), the normal 

vector of the classifiers, and the bias (class boundary position) identified by 

SVM/supercell methods are associated with hBMSCs differentiation induced by 

nanofiber scaffolds. 

As there are only 2-D cell shape metrics (minor axis and solidity) included in 

the pre-trained cell shape classifiers, only 2-D shape features might be enough to 

predict hBMSCs differentiation in response to nanofiber density. In this chapter, cell 

shape classifiers with both 2-D and 3-D shape metrics are also trained with the 

SVM/supercell method to compare cell shapes in NF1 vs. NF2 (Chapter 3.3.5) or SC 

vs. NF4 (Appendix B3). I apply these classifiers to quantify cell shape of hBMSCs in 

response to the other nanofiber densities and find that 3-D shape features are 

optionally useful to indicate hBMSCs differentiation as well (Table 3.3). It further 

suggests that the nanofiber density changes have 3-D effects on cell shape which are 

associated later hBMSCs differentiation in nanofiber scaffolds. 

3.4.3 Both 2-D and 3-D cell shape responses of hBMSCs are associated with 

nanofiber density 

In the Chapter 2, with SVM/supercell method, we identified 2-D cell shape 

features that describe cell shape difference of hBMSCs populations on flat substrate 

and densely covered nanofiber scaffolds. For example, hBMSCs on densely covered 

nanofiber scaffolds have smaller width in z-projections quantified by minor axis 
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length. It is also found that hBMSCs are more dendritic. In this chapter, as nanofiber 

density varies, 2-D and 3-D cell hBMSCs cell shape responses to nanofiber scaffolds 

are studied to associate them with the gradually increasing nanofiber density from SC 

to NF4. The results are demonstrated in Appendix B Figure B2.1 and Appendix B 

Table B2.2. Alterations of hBMSCs behaviors between 2-D and 3-D 

microenvironments affect 3-D cell shape. Quantification of hBMSCs cell shape with 

3-D cell shape features reveals that increase in nanofiber density results in more 3-D 

cell shapes of hBMSCs quantified by more spreading in z and L1 directions and the 

ratios of the gyration tensor moments. 

To identify the cell shape features that best describe hBMSCs population 

shape alterations associated with the transition of hBMSCs differentiation modulated 

by nanofiber densities, the SVM/supercell method is applied to select shape metric 

pairs that distinguished hBMSCs in NF1 and NF2. With the criterion mentioned in 

Chapter 3.3.5, 8 shape metric pairs are selected, 2-D metrics appear in every pair and 

3-D metrics appear in 6 metric combinations (Table 3.1). There is also one metric pair 

comprised of only 2-D shape metrics. This result suggested that both 2-D and 3-D 

cell shape alterations are associated with the cell response to changes in nanofiber 

density. It also suggests that it may require only 2-D cell shape metrics to distinguish 

hBMSCs in NF1 and NF2. 
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3.5 Materials and Methods 

3.5.1 Sample Preparation 

Poly(e-caprolactone) (PCL) spin-coated films (SC) were prepared by spin-

coating PCL solution (0.1 mL, 0.1 g/mL in chloroform) on 12 mm diameter glass 

coverslips at 2000 rpm for 30 s. Films were dried at room temperature and heated to 

60° C for 4 to 5 times until formation of the reproducible cobble-stone pattern on the 

films. To fabricate poly(e-caprolactone) nanofiber scaffolds (NF), 0.15 g/mL PCL in 

5: 1 volume ratio of chloroform: methanol was dispensed by a 3 mL syringe with a 21 

gauge 1ò shaft flat tip needle. Solution was pumped at the rate of 0.5 mL/h and 

electrospun over an array of SC disks arranged on the grounded aluminum foil. To 

vary the nanofiber density of NF, the duration time of the dispensation was controlled 

(5 min, 15 min, 30 min, 60 min, 120 min or 240 min). The distance between the 

syringe needle and the target was 20.4 cm. The needle was connected to a positive 

lead of 13.5 kV. The diameter of fabricated PCL nanofibers was (589 ± 116) nm 

(n=151) as determined by scanning electron microscopy imaging 

3.5.2 Cell Culture 

SC samples and NF samples of each NF group were placed in 24-well tissue-

culture polystyrene plates. Each well of plates are soaked with 1 mL 70% ethanol for 

10 min and then exposed to UV radiation for 2 h in the biosafety cabinet for 

sterilization. Before seeding of the cells, each well was fully wetted with 1 mL cell 

culture media (a-minimum essential media from Invitrogen supplemented with 16.6% 
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by volume fetal bovine serum from Atlanta Biologicals, 4 mmol/L L-glutamine and 

penicillin-streptomycin) and incubated at 37° C with 5% CO2 for 48 h. 

Primary human bone marrow stromal cells (hBMSCs, donor 8004L) at 

passage 3 were cultured with media and dissociated from the flask with 0.25 % mass 

fraction trypsin and then suspended in media. Cell concentration was calculated with 

a hemocytometer. Cells were then diluted with regular cell culture media or media 

with osteogenic supplement (OS) of dexamethasone (10 nmol/L), b-glycerophosphate 

(4 mmol/L) and L-ascorbic acid 2-phosphate (0.05 mmol/L) to reach the desired cell 

concentration (10,000/mL) for both media types. 1 mL suspension of hBMSCs or no 

cell control was seeded to each well. Plates were then cultured at 37 °C with 5 % CO2 

for desired period of time for each assay in 10 conditions (SC, NF1, NF2, NF3, NF4, 

SC+OS, NF1+OS, NF2+OS, NF3+OS, NF4+OS). 

3.5.3 Confocal microscopy 

On day 1, hBMSCs were fixed with 3.7% by volume formaldehyde in 

Dulbeccoôs phosphate-buffered saline (PBS) and then washed with PBS for 3 times. 

0.1% by volume Triton-X in PBS is used to permeabilize hBMSCs for 10 min. The 

samples were then washed with PBS for 3 times. Samples were soaked in blocking 

buffer (50 mg/mL bovine serum albumin in PBS) for 30 min. Alexa Fluor 647 

phalloidin (0.33mM in blocking buffer) was added to stain F-actin of hBMSCs for 1h 

at room temperature and then washed away with washing buffer (10 mg/mL bovine 

serum albumin in PBS). Nuclei were stained by 4', 6-diamidino-2-phenylindole 
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(DAPI, 0.3 mM) for 5 min. All samples were then rinsed with washing buffer and 

PBS. Stained samples were store at 4° C in PBS protected from light prior to imaging. 

3-D cell shape was imaged with confocal microscopy (Leica SP5). Samples 

were immersed in PBS. 3-D z-stack images were captured by a 40x water immersion 

objective with the numerical aperture of 1 AU and the z-step size of 500 nm. The z 

depth of each stack was determined by the spreading of each cell in z direction 

therefore the whole 3-D cell shape could be captured. DAPI staining of nuclei was 

used to identify single cells manually for the analysis. In addition, we set up a channel 

to collect reflection of nanofibers at wavelength of 633 nm or signals of transmitted 

light, to image local nanofiber scaffolds. Analysis of the local fiber density also 

followed the image processing method described in supplementary information. Cells 

touching the edges of field of view or top and bottom of the z-stacks were omitted in 

later analysis. 

3.5.4 hBMSCs differentiation assays 

We measured Day 1 to Day 14 transcription level fold changes of RUNX2, 

ALPL and MYLK with reversed transcription polymerase chain reaction (RT-PCR) 

to measure the genotypic response of hBMSCs to nanofiber scaffolds with different 

fiber density. Total RNA from samples were isolated with RNeasy mini kit (Qiagen) 

and digested with DNase 1 set (Qiagen) to remove genomic DNA. Isolated RNA 

were then reversely transcribed into cDNA with high capacity RNA-to-cDNA kit 

(Applied Biosystems) and SimpliAmp thermal cycler (Applied Biosystems). cDNA 

concentrations were measured with Qbit ssDNA assays and the samples were diluted 

that the amount of cDNA in each well was 10 ng in RT-PCR. RT-PCR assays were 
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conducted with primers of TaqMan Gene Expression Assays (Applied Biosystems) 

and TaqMan Universal Master Mix II with UNG (Applied Biosystems) on ViiA 7 

PCR systems. The included TaqMan gene expression assays are ALPL 

(Hs01029144_m1), RUNX2 (Hs01047973_m1), MYLK (Hs00364926_m1), and the 

reference GAPDH (Hs03929097_g1). For each time point and sample group there are 

3 biological replicate samples and for each primer, there are 4 technical replicates 

wells. The propagated standard deviations were calculated over the biological 

replicates. 

At the late stage of cell culture (day 50), alizarin red staining is applied to 

detect the calcium mineralization. In detail, 1 mg/mL alizarin red solution was made 

from the stock solution diluted in deionized water. The pH of the solution was 

adjusted to 4.1 to 4.3 with diluted NH4OH or HCl. Samples were fixed with 3.7% 

formaldehyde in PBS for 1 h at room temperature. Upon finishing removing the 

fixation solution and washing with deionized water, I stained the samples with 

alizarin red staining working solution for 1 h at room temperature and placed the 

samples on the rotor to facilitate staining. Samples were then washed 3 times and 

rinsed for 1 h with deionized water on rotor to remove excess staining. 
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Chapter 4: Phenotyping Neutrophil Migration Dynamics in vivo 

with Subcellular Cell Shape Quantification  

 

This chapter is based on the collaboration with Dr. Nicholas Melis, Center for 

Cancer Research (CCR), National Cancer Institute (NCI) and Dr. Roberto Weigert, 

CCR, NCI. All experiments for the analysis shown in this chapter are conducted by 

Dr.  Melis. 

4.1 Overview 

Cell migration in vivo is important for multiple physiological processes and 

driven by intricate cytoskeleton dynamics, regulatory pathways, energy consumptions, 

and complex extracellular chemical and physical cues. One important question about 

in vivo cell migration is how the different drivers of migration - intracellular and 

extracellular signals, as well as mechanical and chemical factors, are coordinated to 

achieve cell migration and function. Cell migration in vivo is difficult to recapitulate 

in vitro, due to the complexity and overlap of the pathways which are all 

simultaneously present at least to some degree for in vivo cell migration.  Furthermore, 

chemical and mechanical signals in vivo are quite heterogeneous. This Chapter 

develops an analysis procedure to quantify multivariate cell shape dynamics at the 

subcellular level for 3-D movies of neutrophil migration in mice ear tissues ï tissues 

that are close enough to the surface of the mouse that subcellular resolution images 

can be acquired with Intravital Subcellular Microscopy (ISMic). Compared to 

traditional microscopy technologies, ISMic with 2-photon excitation reduces 
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photobleaching and photodamage, improves the imaging depth and resolution in the z 

direction, and enables imaging of 4-D movies of subcellular dynamics of in vivo cell 

migration with fast frame rate. 

The local cell shape is quantified based on measurements of cell boundary 

points with the snake algorithms as discussed in chapter 2. Expanding the analysis 

toolset beyond chapters 2 and 3, we focus here on the dynamics of the boundary, 

which can be obtained by tracking boundary points from frame to frame, since frames 

are acquired at a fast frame rate. The spatial localization of non-muscle myosin IIA 

(NMIIA) along and near the cell boundary is also measured based on the local 

NMIIA -GFP intensity.  

The interplay (or more specifically correlation) between NMIIA localization, 

cell boundary curvature, and cell boundary protrusion/retraction are measured both in 

vivo and in vitro to assess similarities and differences of the dynamic cytoskeleton in 

vitro and in vivo. I find that correlations between some quantities are similar, but 

some are uniquely observed only in vivo, indicating an emergent phenotype that 

cannot be easily dissected in simple in vitro models. 

NMIIA localization and cell boundary retraction are correlated in vivo, in 

agreement with observations in vitro. In contrast, NMIIA localization and positive 

cell boundary curvatures are only correlated in vivo but not in vitro, thus this 

correlation characterizes a unique dynamic phenotype of in vivo cell migration. Both 

of these correlations are found to depend on both cell speed and differ between front, 

sides, and back of a cell. This analysis method can be applied to investigate 

correlation of the cell shape dynamics with other drivers of in vivo cell migration. 
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4.2 Background 

Many physiological processes involve cell migration. For example, in 

embryotic development, cells migrate to the programmed positions to form structures 

of the organism [22, 185]. In wound healing, cells migrate collectively to recover the 

original tissue [186, 187]. In immune response, neutrophils can be stimulated and 

migrate to get close to the sites of infections and inflammations [188, 189]. Cell 

migration can also be a pathological phenomenon. Cancer cell migration during 

metastasis is harmful to the organism [190].  

In living organisms, cell migration is driven by a complex set of pathways that 

lead to multiple types of migratory driving forces. The assembly of the cytoskeleton 

can push the cell membrane forward and the contraction driven by the actomyosin 

network can, in the presence of adhesions, make the trailing edge of a cell follow the 

leading front [64]. In addition, high fluid pressure can also drive local plasma 

membrane patches outward, generating so called blebs [66, 67]. In some cases, cell 

migration can be driven by external forces such as blood circulation or contact 

pressures. There are various signals guiding and modulating these migratory forces. 

Some cells can sense gradients of chemoattractant from a source to initiate and steer 

migration, using cytokines from cell-cell signal relay to move collectively [24, 32, 34, 

188]. There are also multiple intracellular pathways (e.g. the Rho GTPases family, the 

phosphoinositides) regulating both the sensing of the signals and the intracellular 

machinery driving cell migration [29, 30, 55, 56, 103, 191]. The physical and 

topographical properties of the extracellular microenvironment can be seen as signals 

that direct cell migration as well. Recent work indicates that the alignment of 
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extracellular matrix texture may guide cell migration by aligning the orientation of 

actin waves along the surface texture, a phenomenon termed esotaxis [81, 111]. 

Because the drivers influencing cell migration are complex and entangled in vivo, it is 

difficult to recapitulate all characteristics of cell migration together with fidelity in the 

simplified in vitro systems [192]. 

The focus of this chapter is on neutrophils, which can respond to 

chemoattractant and cytokines [24, 73, 188] in immune response in vivo.  Neutrophil 

cell migration is characterized by micron scale changes in cell shape and local 

rearrangements of the cytoskeleton [66, 70, 193]. Migrating neutrophils are polarized, 

with asymmetry in cell shape, in the actin and microtubule cytoskeleton, and in other 

proteins associated with cell migration [31, 32, 34, 65]. Therefore, quantifying the in 

vivo neutrophil migration phenotype requires subcellular level quantification of the 

local cell dynamics and intracellular molecules.  

To understand interactions of the cell shape dynamics and the actomyosin 

network in neutrophil migration in vivo, this chapter is dedicated to quantifying and 

associating the dynamics of subcellular cell shape features and the local distributions 

of fluorescently labeled NMIIA  (NMIIA -GFP) in vivo, imaged with ISMic with 2-

photon excitation [35, 36].  
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Figure 4.1 Snapshots from a 4D movie of migratory neutrophils in vivo obtained 

using ISMic. The maximum z-projections of all acquired channels of one frame are 

displayed here, along with with the merged image. The green channel is for GFP labeled 

non-muscle myosin IIA (NMIIA -GFP). The red channel collects signals of the 

MitoTracker Red staining for mitochondria. The collagen in the extracellular matrix is 

imaged with Second-Harmonic Generation (SHG) and presented in cyan. 
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4.3 Analysis and Results 

4.3.1 Quantification of cell shape dynamics of neutrophils in vivo at the 

subcellular level 

As described in detail below in the methods section, neutrophils were purified 

from the donor mouse expressing non-muscle myosin IIA -GFP (NMIIA-GFP). For in 

vivo studies, the extracted neutrophils were injected to the ear of an anesthetized 

recipient mouse. Neutrophils migration was stimulated by a sterile laser injury to the 

recipient tissue. z-stacks of neutrophils were then live imaged with ISMic with 2-

photon microscopy in time lapse (Figure 4.1) [35, 36]. In addition to NMIIA and 

mitochondria imaged with the two-photon excitations of the fluorophores, the 

extracellular collagen matrix is imaged with Second-Harmonic Generation (SHG). 

For in vitro experiments, neutrophils were stimulated with WKYMVm at 0.1µM in 

the under-agarose assay. Z-stacks of the neutrophils in chemotaxis were imaged with 

confocal laser scanning microscopy. 

The NMIIA-GFP channel of each z-stack frame in movies of neutrophil 

migration is segmented with the 3-D thresholding algorithm introduced by Bajcsy et 

al. [132] to achieve 3-D segmentations of each isolated objects. Very small and large 

objects are identified as non-cell objects and excluded in further analysis. To identify 

more accurate 2-D cell boundary outlines with subpixel precisions, the ñsnakeò 

algorithm [136, 137] is initialized with the perimeters of the z-projected 3-D 

segmented objects and applied to the max z-projection of the original image (Figure 

4.2A and 4.2B). Details and parameters used in the ñsnakeò algorithm are described 

in Chapter 2.3.1. Since I measure changes in shape, for each snake outline the number 
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of boundary points is fixed to 100.  These points are obtained by interpolation from 

the output raw snake outline with even spacing along the cell boundary. The local 

curvature is measured by fitting circles to the every 11 consecutive boundary points 

for the center point, and extracting the inverse radius as the local curvature of the 

center boundary point (Figure 4.2B and 4.2C). 

To quantify the local fluorescence intensity, I define an inner contour from the 

cell boundary outline by shrinking it in such a way as to uniformly move inward by 

1.5 mm, shown as the purple contour in Figure 4.2D. 100 points are interpolated to the 

inner contour as well. The 100 inner contour points are one-to-one mapped to the 100 

boundary points on the snake outline to achieve the minimum total distance (e.g. the 

sum of the lengths of the cyan lines in Fiugre 4.2D). Every 2 consecutive boundary 

points and the 2 mapped points on the inner contour are taken as 4 vertices of a 

polygon region. 10 consecutive polygons of every 11 boundary points of the snake 

outline are combined to define a ñboxò for the center boundary point. The average 

intensity of voxels in the 3-D cell shape segmentations which can be z-projected into 

the defined box for the center boundary point is calculated as the local fluorescence 

intensity associated with that center boundary point. Due to cell heterogeneity and 

variability of different mice and experiments, the local fluorescence intensity is 

normalized to the total fluorescence intensity of the 100 boundary points of each 

object at each frame. Thus the local percentage of the total boundary fluorescence 

intensity is measured. 
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Figure 4.2 Quantification of 2-D cell boundary and local fluorescence intensity. The 

ñsnakeò algorithm is applied to the max z-projection (A) to extract cell boundary with 

subpixel precision represented by 100 boundary points as the yellow contour 

demonstrated in (B). As shown by the example in (B), circles are fitted to every 11 

points to calculate local curvatures demonstrated in (C). (D) The local fluorescence 

intensity is measured with the average intensity of voxels which can be z-projected into 

the boxes combined by every 10 consecutive polygons (separated by cyan lines) with 1.5 

mm depth (the purple contour) from the identified 2-D cell outline (the yellow contour). 

 

To quantify the dynamics of the cell locomotion and the local subcellular cell 

boundary, geometrical centers of the snake outlines across the movie are tracked with 
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the Crockerôs particle tracking algorithm [194]. The tracking results are manually 

visualized and inspected to selected well imaged single cell trajectories and exclude 

frames when cells touch other cells and when cells move out the volume. With the 

tracking results of the cell center, dynamics of local cell boundary motions are 

quantified by tracking the 100 boundary points of every two consecutive frames. 

Each boundary point is first tracked by the minimum displacement distance criterion. 

Because of the limitation of imaging frame rate, the minimum displacement criterion 

brought artifacts to the tracking of the protrusion and retraction with large magnitude. 

To achieve more realistic boundary points tracking, the raw tracking result is then 

smoothed [9] (Figure 4.3). Therefore, the final tracking result is neither one-to-one 

mapping minimizing global total displacement distance nor the minimum 

displacement at each boundary point, but the minimum average displacement of 

several consecutive boundary points. With the cell boundary points tracking results, 

the local subcellular cell boundary dynamics between 2 consecutive frames is 

quantified by the displacement vectors and the area changes of the boundary points. 

For each cell boundary point, the area change was defined as the area of the region 

passed by the boundary outline section between the two midpoints before the two 

next boundary points on both sides to the boundary outline section between the 

associated two midpoints in the next frame (Figure 4.3). 
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Figure 4.3 Tracking of the Cell boundary points to quantify local cell boundary 

dynamics. To identify local boundary motions between frames, each boundary point of 

the current frame (blue) is connected to a boundary point in the next frame to achieve 

minimum displacement. In order to better quantify protrusions and retractions with 

large magnitude, the raw tracking results are smoothed to achieve the final boundary 

point displacement vectors denoted by the green arrows. Local cell boundary area 

changes are defined as the examples of the orange regions with positive sign for 

protrusion and negative sign for retraction. 

 

The dynamics of local cell boundary and the local NMIIA-GFP fluorescence 

intensity can be visualized by kymographs proposed by Driscoll et al. [9]. In the 

kymographs (Figure 4.4), the vertical axis represented consecutive boundary points of 

the cell in the loop. Point 1, which is next to point 2 and point 100, is the geometrical 

rear of the cell at the first frame defined by the closest retracting boundary point to 

the major axis of the fitted ellipse of the cell. Thus point 51 is the geometrical front at 
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the first frame. The color in the column represented the magnitude of the local 

measures (curvature, percentage of total fluorescence intensity, local boundary area 

change rate, Figure 4.4). The horizontal axis indicates time, and columns of the local 

measurement at each time frame are aligned along the time lapse axis so that point 1 

is always the same tracked cell boundary point over the locomotion trajectory of the 

cell geometrical center. In the kymograph of the local cell boundary curvature of a 

migratory neutrophil in vivo demonstrated in Figure 4.4, the high curvature regions of 

the rear (around point 1 and point 100) and the front (near point 50) can be visually 

identified with red or yellow colors. Some red or yellow slanted ridges (one is 

denoted by a black arrow in Figure 4.4) in the kymograph imply that some high 

curvature bumps are generated near the front of the cell and travel toward the rear in 

the reference frame of the cell boundary. This kymograph pattern is similar to the 

phenotype of the cell boundary curvature dynamics of Dictyostelium discoideum cells 

in amoeboid migration mode in vitro described and quantified by Driscoll et al. [9], 

which is characterized as cell boundary curvature waves. Local cell boundary motion 

and the local NMIIA-GFP fluorescence intensity are also visualized with kymographs 

showing patterns that might be phenotypically or even functionally associated to each 

other. This chapter is focused on understanding the in vivo neutrophil migration 

phenotype in terms of local cell boundary dynamics and how the change in cell shape 

is coordinated with the local actomyosin network dynamics (e.g. NMIIA -GFP 

localization). I find that the coordination of cytoskeletal network assembly, 

contractility, and cell migration in vivo is distinct from in vitro observations. 
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Figure 4.4 Visualization of local cell boundary dynamics and NMIIA localization 

dynamics with kymographs. The black arrow points an example of a boundary 

curvature bump traveling from the front to the rear of the cell. 

 

4.3.2 Local curvature and motion of cell boundary are associated with NMIIA 

localization in migratory neutrophils in vivo 

To investigate whether there is a correlation of the local NMIIA-GFP 

fluorescence intensity and the local cell boundary curvature, I plot the local 

percentage of total boundary NMIIA-GFP intensity vs. the local boundary curvature 

at the same cell boundary point. Figure 4.5 shows this plot for a single cell, with each 

point representing a single cell boundary point, with separate points drawn for each 

frame. Figure 4.5 shows a comparison of an in vivo ñnonmoving cellò defined as a 
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cell with average speed of the cell geometrical center smaller than 0.1 mm/s (Fig. 

4.5A) and a ñmoving cellò defined as a cell with average speed larger than 0.1 mm/s 

(Fig. 4.5B). The points are colored by local point density and equal-density contours 

are plotted as a guide to the eye. The visually noticeable difference of the scatterplots 

implies that the local fraction of NMIIA -GFP intensity is likely to increase if the local 

boundary curvature increases during the migration of the demonstrated moving 

neutrophil in vivo. It is also noticeable that this trend is less obvious in the movie of 

the nonmoving cell. 

 
Figure 4.5 Scatterplots of the local cell boundary curvature and the local 

percentage of NMIIA-GFP intensity in vivo at each boundary point of all frames of (A) a 

nonmoving cell with average speed of the cell geometrical center smaller than 0.1 mm/s 

and (B) a moving cell with average speed larger than 0.1 mm/s. The color of the points 

represents the local scatter point density in the metric space. The black contours 

indicate the point density levels. The black dashed lines show the fitted linear regression 

models of the scatter points. 
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Further, we quantify the correlation of the local NMIIA-GFP fluorescence 

intensity and the local cell boundary curvature by fitting the linear regression model 

(Figure 4.5 and Figure 4.6A) and calculating the Pearson correlation coefficient 

(Figure 4.6B) of the data point distribution for each cell. With 1-way ANOVA and 

Tukey multi-comparison tests, it is found that both the slopes of the fitted straight line 

and the Pearson correlation coefficients of moving cells (average speed > 0.1 mm/s) 

are significantly higher than that of nonmoving cells (average speed < 0.1 mm/s), 

combining 3 independent in vivo experiments of 3 different neutrophil donor mice 

and 3 different recipient mice. It implies that there is a positive correlation of the local 

cell boundary curvature and NMIIA localization while cells are actively migrating. 

The steeper fitted slopes of the moving cells demonstrate that the local NMIIA-GFP 

intensity response to the local cell boundary curvature is stronger while cells are 

actively migrating. The higher Pearson correlation coefficients of moving cells imply 

the higher likelihood of existence and less randomness of the correlation, accounting 

for high heterogeneity of the in vivo biological systems. In Figure 4.6D and Figure 

4.6F, the fitted slopes and the correlation coefficients are plotted with respect to the 

average speed of the cell geometrical center in the cell migration trajectory. It is 

interesting that if the overall cell motility of the cell trajectory is higher, the fitted 

slopes and the correlation coefficients are higher, and vice versa. These results 

suggest that the in vivo positive correlation of local NMIIA localization and the cell 

boundary curvature is associated with whether the cell is in a motile state or 

nonmoving state in terms of the overall cell locomotion. 
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Figure 4.6 Quantification of the correlation of the local cell boundary curvature 

and the local NMIIA -GFP intensity of neutrophils in vivo. (A) Boxplot of the fitted slope 

of the distribution of the scatterplot (local cell boundary curvature vs. local percentage 

of NMIIA -GFP intensity) for each cell from 3 in vivo experiments. (B) Boxplot of the 

correlation coefficient of the point distribution of the scatterplot for each cell. (C) Fitted 

slopes with respect to the average speed of the cell geometrical center. (D) Correlation 

coefficients with respect to the average speed of the cell. In (A) and (B) the boxes 

represent the 25% to 75% percentile and the center lines denote the median. The 

whiskers denote the data range and the plus signs denote outliers. 1-way ANOVA and 

Tukey multi -comparison tests are applied. *** indicate p-value < 0.0001. 
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Figure 4.7 Quantification of the correlation of the local cell boundary curvature 

and the local NMIIA -GFP intensity of neutrophils in vitro. (A) Boxplot of the fitted 

slope of the distribution of the scatterplot (local cell boundary curvature vs. local 

percentage of NMIIA-GFP intensity) for each cell from 3 in vitro agarose assays of 

neutrophils stimulated by 0.1 mM WKYMVm . (B) Boxplot of the correlation coefficient 

of the point distribution of the scatterplot for each cell. (C) Fitted slopes with respect to 

the average speed of the cell geometrical center. (D) Correlation coefficients with 

respect to the average speed of the cell. In (A) and (B) the boxes represent the 25% to 75% 

percentile and the center lines denote the median. The whiskers denot the data range 

and the plus signs denot outliers. 1-way ANOVA and Tukey multi -comparison tests are 

applied. *: p -value < 0.01, **: p-value < 0.001, *** : p-value < 0.0001. 
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The same quantification of the correlation of NMIIA localization and the local 

cell boundary curvature is applied to analyze in vitro experiments in which 

neutrophils are stimulated with the chemoattractant of 0.1mM WKYMVm  to migrate 

under agarose. Fitted slopes and Pearson correlation coefficients of the scatterplot 

point distributions of moving cells (average speed > 0.1 mm/s) are not clearly positive 

or negative with variability (Figure 4.7A and 4.7B). The absolute values of the 

median fitted slope and the median correlation coefficient are not high. It implies that 

there might be no consistent phenotype characterized by correlation of NMIIA 

localization and the local boundary curvature of neutrophil migrating in vitro 

accounting for single-cell heterogeneity. The fitted slopes of the moving cells 

(average speed > 0.1 mm/s) are also not significantly different from the nonmoving 

cells (average speed < 0.1 mm/s) in vitro. There are also no clear tendency of the 

fitted slopes and correlation coefficients with respect to the average speed of cells in 

vitro (Figure 4.7C and 4.7D). Therefore, the correlation of NMIIA localization and 

the cell boundary curvature might be a unique phenotype of migratory neutrophils 

associated with the in vivo condition. 
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Figure 4.8 Scatterplots of the area change rate of the local cell boundary and the 

local NMIIA -GFP intensity for (A) a nonmoving cell and (B) a moving cell in vivo. 

 

To investigate the correlation of NMIIA localization and the local cell 

boundary motion, I again look into the scatterplots of the local percentage of total 

boundary NMIIA-GFP intensity and the rate of area change of local cell boundary at 

the same boundary point (Figure 4.8). As reflected in the scatterplots of Figure 4.8B, 

increase in local retraction rate of in vivo moving cells is likely to be associated with 

increase in the local percentage of NMIIA-GFP fluorescence. The nonmoving cell in 

vivo in Figure 4.8A is less active in protrusion and retraction activities (denoted by 

the smaller range of point distribution in the horizontal axis) and the NMIIA intensity 

varies with little correlation to the local cell boundary motions. The low range in local 

cell boundary motion brings artifacts to the fitting of the linear regression models for 

nonmoving cells in vivo and results in high cell-cell variability of the fitted slopes 

(Figure 4.9A and 4.9C). However, the correlation coefficients still reflect significant 

difference in the correlation of the NMIIA localization and the local cell boundary 

motion between moving cells and nonmoving cells in vivo (Figure 4.9B). This 

correlation is also associated with the average speed of the locomotion trajectory of 

the cell geometrical center (Figure 4.9D). The increase in the average speed is 

associated with stronger negative correlation of the NMIIA localization and the area 

change rate of local cell boundary. 
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Figure 4.9 Quantification of the correlation between the area change rate of the 

local cell boundary and the local NMIIA -GFP intensity of neutrophils in vivo.               

(A) Boxplot of the fitted slope of the distribution of the scatterplot for each cell from 3 in 

vivo experiments. (B) Boxplot of the correlation coefficient of the point distribution of 

the scatterplot for each cell. (C) Fitted slopes of moving cells with respect to the average 

speed of the cell geometrical center. (D) Correlation coefficients with respect to the 

average speed of the cell. In (A) and (B) the boxes represent the 25% to 75% percentile 

and the center lines denote the median. The whiskers denote the data range and the plus 

signs denote outliers. 1-way ANOVA and Tukey multi -comparison tests are applied.      

*: p -value < 0.01, **: p-value < 0.001, *** : p-value < 0.0001. 
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Figure 4.10 Quantification of the correlation between the area change rate of the 

local cell boundary and the local NMIIA -GFP intensity of neutrophils in vitro. (A) The 

scatterplot of a nonmoving cell with the average speed of the cell geometrical center 

smaller than 0.1 mm/s and (B) The scatterplot of a moving cell with the average speed 
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larger than 0.1 mm/s. (C) Boxplot of the fitted slope of the distribution of the scatterplot 

for each cell from 3 in vitro under agarose assays of neutrophils stimulated by 0.1 mM 

WKYMVm . (D) Boxplot of the correlation coefficient of the point distribution of the 

scatterplot for each cell. (E) Fitted slopes with respect to the average speed of the cell 

geometrical center. (F) Correlation coefficients with respect to the average speed of the 

cell. In (C) and (D) the boxes represent the 25% to 75% percentile and the center lines 

denote the median. The whiskers denote the data range and the plus signs denote 

outliers. 1-way ANOVA and Tukey multi -comparison tests are applied.      *: p -value < 

0.01, **: p-value < 0.001, *** : p-value < 0.0001. 

 

The analysis for in vitro experiments demonstrates that the correlation 

between the local cell boundary retraction and NMIIA localization is similar to the 

phenotype of migratory neutrophils in vivo (Figure 4.10). Thus the NMIIA 

localization is associated with local retraction rate of the cell boundary. Further, it is 

found that higher average cell speed is associated with stronger correlation in terms of 

both the fitted slope and the correlation coefficient (Figure 4.10E and F). Both in vivo 

and in vitro results agree with the NMIIA function to generate contraction force of the 

cytoskeleton which drives the local cell boundary retraction. 

4.3.3 Correlation of NMIIA localization and local cell boundary dynamics is 

associated with cell motility 

In Chapter 4.3.2, it has been demonstrated that the NMIIA localization is 

more correlated with the local cell boundary curvature and the local cell boundary 

motion in migratory neutrophils compared to nonmoving cells in vivo. The 

correlations are associated with the average speed of the locomotion trajectory of the 
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cell geometrical center. These results imply that the correlation of NMIIA localization 

and local cell boundary dynamics might vary if neutrophils migrate at different speed 

in vivo. To further investigate how the phenotype of in vivo neutrophil migration is 

associated with cell motility, I sort frames of each actively moving neutrophil in vivo 

into frames when the cell center displacement in 60s (denoted as Disp in the 

following text and figures) is smaller than 2.5 mm and frames when Disp in 60 s is 

larger than 5 mm. Scatterplots of frames of slow or fast cell migration for each cell are 

analyzed respectively with the linear regression fitting and the Pearson correlation 

coefficient calculation. To visualize the overall correlation of NMIIA localization and 

local cell boundary curvature accounting for outliers, in Figure 4.11 the scatterplots 

are plotted for boundary points of all cells for either frames with Disp < 2.5 mm 

(Figure 4.11A) or frames with Disp > 5 mm (Figure 4.11B). 

 

Figure 4.11 Scatterplots of the local cell boundary curvature and the local NMIIA -

GFP intensity of (A) frames of all moving cells when the cell center displacement in 60s          

< 2.5 mm and (B) frames of all moving cells when the cell center displacement                

in 60s > 5 mm. 
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Figure 4.12 Correlation of NMIIA localization and local cell boundary curvature is 

associated with instant cell motility in vivo, but not obviously related to instant cell 

motility in vitro. The boxplots compare all frames of nonmoving cells, frames of        

Disp < 2.5 mm and frames of Disp > 5 mm of moving cells in terms of (A) the fitted slope 

and (B) the correlation coefficient of scatterplot point distribution . The same analysis is 

applied to in vitro experiments in (C) and (D). The boxes represent the 25% to 75% 

percentile and the center lines denote the median. The whiskers denote the data range 

and the plus signs denoted outliers. 1-way ANOVA and Tukey multi -comparison tests 

were applied. *: p -value < 0.01, **: p-value < 0.001, *** : p-value < 0.0001. 
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It is demonstrated in Figure 4.12A and 4.12B that correlation coefficients and 

fitted slopes of frames of Disp < 2.5 mm of moving cells in vivo are not significantly 

different than nonmoving cells. The correlation coefficients and fitted slopes of 

frames of Disp > 5 mm are higher than that of Disp < 2.5 mm and significantly 

different compared to nonmoving cells. It suggested that correlation of NMIIA 

localization and the local boundary curvature is stronger when neutrophils migrate 

faster in vivo. The same analysis was applied to in vitro experiments and no 

significant correlation associate with cell motility is discovered (Figure 4.12C and 

4.12D). 

The negative correlation coefficients of NMIIA localization and the local cell 

boundary motion of frames of Disp > 5 mm in both in vivo and in vitro experiments 

are significantly higher in absolute values compared to that of frames of Disp < 2.5 

mm. When Disp < 2.5 mm, the correlation coefficients are not significantly different 

than the nonmoving cells in both in vivo and in vitro experiments (Figure 4.13). 

Therefore, the correlation of NMIIA localization and local cell boundary 

dynamics in vivo is associated with not only the overall cell motility states but also 

the instant motility of moving cells. Because of the complexity of in vivo 

extracellular matrices and signals, migratory neutrophils in vivo usually do not move 

at constant speed. When the cells migrate faster, the positive correlation of NMIIA 

localization to local cell boundary and the negative correlation of NMIIA localization 

and local cell boundary motion are more significant phenotypes. When the cell 

migration slows down or pauses, though the cell membrane might be still dynamic, 

the instant cell migration phenotype is more similar to nonmoving cells in terms of 
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correlations of NMIIA localization and the local boundary dynamics. This trend is 

also observed in vitro where higher instant cell motility is associated with higher 

correlation of NMIIA localization and the local cell boundary motion. 

 

Figure 4.13 Correlation between NMIIA localization and the area change rate of the 

local cell boundary is associated with instant cell motility in vivo and in vitro. 

Scatterplots of the local cell boundary area change rate and the local NMIIA -GFP 

intensity are plotted for (A) frames of Disp < 2.5 mm and (B) frames of Disp > 5 mm of 

all moving cells. Boxplots are plotted to compare all frames of nonmoving cells, frames 

of Disp < 2.5 mm and frames of Disp > 5 mm of moving cells in terms of the correlation 

coefficient of scatterplot point distribution for (C) in vivo experiments and (D) in vitro 

experiments with 0.1 mM WKYMVm . In (C) and (D) the boxes represent the 25% to 75% 
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percentile and the center lines denote the median. The whiskers denote the data range 

and the plus signs denote outliers. 1-way ANOVA and Tukey multi -comparison tests are 

applied. *: p -value < 0.01, **: p-value < 0.001, *** : p-value < 0.0001. 

 

4.3.4 Correlation of NMIIA localization and local cell boundary dynamics is 

polarized 

Migratory cells are usually polarized. The polarization brings asymmetries in 

distribution of the cytoskeleton and the associated proteins, as well asymmetries in 

cell shape and cell shape dynamics in multiple processes [31, 32, 34]. In this analysis, 

I further investigate whether the correlations of NMIIA localization and local cell 

boundary dynamics in vivo are different in the front, side, and rear of the cell. 

The cell boundary motion direction vectors characterize cell boundary point 

displacement direction with protrusion vectors and retraction vectors. To define the 

front, side, and rear of a cell, first, I calculate the sum of the cell boundary motion 

direction vectors weighted by the associated local area changes as the total cell 

boundary motion direction vector. The rear boundary point of the moving cell is 

defined the point closest to the line originated from the cell geometrical center, of 

which direction is given by the opposite of the total cell boundary motion direction 

vector. The rear section is then defined as the 30 consecutive boundary points 

centered at the rear boundary point and the front boundary section were defined as the 

30 boundary points exactly on the opposite side in the 100 point loop. The other two 

sections of the cell boundary are defined as the 2 sides of the cell. Cell boundary 

sections of nonmoving cells are not defined as the definition of cell boundary sections 
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of the front, side, and rear is based on the asymmetries in the motion of local cell 

boundary and cell shape, which are less obvious in the nonmoving cells 

 

Figure 4.14 Scatterplots of the local cell boundary curvature and the local NMIIA -

GFP intensity for (A) the front, (B) the side, and (C) the rear of all moving cells in vivo. 

 

The scatterplots in Figure 4.14 reveal that there is likely to be higher 

correlation between the local cell boundary curvature and the local NMIIA-GFP 

intensity near the cell trailing rear. Further analysis of the slope fitting and the 

correlation coefficient calculation for each cell confirm that the correlation of the 

local cell boundary curvature and the local NMIIA-GFP intensity is significantly 

higher at the rear of the moving cells (Figure 4.15). On the other hand, the front of the 

moving cell in vivo behaves more similarly to nonmoving cells in terms of the 

correlation of the local NMIIA-GFP intensity and the local cell boundary curvature. 

The boxplot of the fitted slope also implies that there is an increasing gradient of the 

magnitude of the interaction of NMIIA localization and the local cell boundary 

curvature from the front of the cell to the rear of the cell. Therefore, during the 

neutrophil migration in vivo, the correlation of NMIIA localization and the local 

boundary curvature is polarized so that this correlation is stronger near the rear of the 

cell.  








































































































































