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Chaptlenrt rlooduct i on

Cell shape is infienced by thecombination ofcell mechanical properties,
intracellular regulations anthe extracellular emironment. Thus cell shapereflects
the integrative effect of many physiological relevant factors in processes such as cell
differentiation[1-8], cell migration[9-13] and cancer progressi¢piv, 15]

In the early development of most multicellular organisms, stem agpitor
cells can differentiate into cells with specialized functions. In addition tccelie
function changesthe differentiation also involves morphogenesis of the single cell
shape, the organization of multiple cells, and the structure of the diti@cmatrix
Both the cell function change and morphogenesis formsgeeific functions and
architecturs of tissues and orgarj$6]. The natural behavisnof cell differentidion
initiate the idea of tissue engineering and regeneration medicine;ehtam types of
cells can be artificially controlled tproliferate anddifferentiate togeneratethe
desired specializedells ortissue.Explorationsin this areahaveled to therapies for
diseases such as leukemiigmphoma, osteoporosis, severe skin damages, arthritis,
and cardiovascular diseada some of these therapieslls andtissues developed
with the controlled differentiatiorare implanted to the patienta tissue engineering,
cells from mature organisms or culturéd vitro may lose thecapbility and
environment for selfictivation of the desired differentiatioheir capabilitis to
self-organiz the desired tissue architectuaee also compromisefd6]. Therefore,
suitable artificial biochemical, physical, and structural cues need to be introduced to

guide the cell functionchangesand the tissuedevelopment In addition, the



differentiation in tissue engineering can also be affected by the source, the
manufacturingand the handling of the celd]. Biomaterials have been desigrad
orderto provideappr@riate microenvrionmental cieanducingdesiredcell function
changesThe physical and structural properties of biomaterials aelstomizethe
mechanicabndgeometricaupport for the implant with the developed tissi8e 17
19]. As the morphogenesis afell shapeis one of the cellphenotyps during
differentiation[17, 20] cell shapes probably associated withe cell differentiation
potential as well ashe efficiency of the biomaterialsto induce cell differentiation
Therefore, cell shapeanbe utilizedin the screening of stem cells and biomaterials to
improve tissue engineeringoducts[4, 21]. In this thesis, | develop a multivariate
cell shape quantification method to utilize cell shape as an indicatdumfinBone
Marrow Stromal Cells (hnBMSCs) differentiation stuced bynanofiber scaffold$20]
and study the association of hBMSCs shape and hBMSCs fates in response to the
nanofiber scaffoldglensity

Cells need to migrate to appropriate positions to fulfill theacfions inmany
physiological processes such as embryonic developi2eht wound healind23],
and immune responsf4]. In the cancer progression, cancell migration is also the
essential behavior resulting in metastd®f. Thereforejt is important to study cell
migration toenhance our understanding of many physiological processes\prave
the treatment to several diseasCell migration is not only the overall tmotion of
the cell position but also an emergent behavior driven by many factors at scales
smaller than the single celt the moleular level, cell migration involvesassembly

anddisassembly of the cytoskeleton netwof&8, 27] Cell migrationis also driven



by the forces generated by thgt@skeleton associated molecular prot¢R2&. These
processes aneegulated by gene expression and intracellular signgi&@1]. At the
micron subcellular levepeople have observgmlarization of the cell31, 32] local

cell membrane protrusions suels lamellipodia and filopodi&33], and local cell
membraneetractions during the locomotion of the cells. The extracellular signals and
matrices can also guide cell migrati{@4, 34] It is important to understand how
these dynamics at different scales coordinateterminethe overall cell locomotion
behavio. Recent cutting edge intravital imaging techniques enable us to investigate
cell migration behavior at the subcellular level in ith&ivo physiological conditions

[35, 36] In this thesis | developthe quantification of dynamics of cell shape
understand how local cell shape dynamics, myosin localization and overall cell

locomotion are associatéu vivo.

1.1 Cellshape reflects cell function and cell fates

The g/toskeleton provides the spatarangement and mechanical support for
cell shapg33] (Figure 1.1A) The fundamental scaffaly building blocks[33] of
the cytoskeletorare actin filamentg26, 27] microtubuleg37, 38] and intermediate
filaments[39]. Actin filaments arebranched anarosslinked bybinding of proteins
such as Arp2/327, 40] a-actinin[28, 41, 42]and myosin26, 28, 33, 4315]. Local
configurations of these filamentous proteins &@nutling 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}ell shape is determined by both

the property of the cytoskeleton and the connection between cytoskeleton and other



organellesof the cell [26, 28] The gtoskeleton is also dynamic in living cells.
Dynamics ofthe cytoskeleton includesssembly disassemblybranching,severing
and capping, bindingand unbinding of thecrosslinkingproteins[27, 49, 50]and
mechanical motion driven byolecularmotors such s myosin[28, 51] and kinesin
[52, 53] (Figure 1.1F) Cytoskeleal dynamics plays cruciatoles in processes
associatedwith cell shape changes. Therefore, both cell shape and cell shape
dynamics a& reflections of cytoskeletgropertesand dynamics

As cytoskeleton propeisand dynamicsra regulated by gene express[as,
54-56], cell shapecanbe an indicator of cell function. In a multicellularganism
different types ofcells developdifferent shapes associated wittarious functions.
Neuroral cells grow axons and dendritesontainingmicrotubulesthat can transport
signals todistant synapses withther cells[57]. Myocytes commisimple elongated
cylindrical shaps to generate unidirectional contraction faceith myofibril
bundleg[28], a type of actomyosin cytoskeleton. Epithelial cells and endothelial cells
form cobble stone shapand tghtly connect to each other to constridetrrierson
surfaces of tissig orgars, and organism Compared to thenshapes ofcells in

connective tissue ka more irregularity and-B features.
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Figure 1.1 Cell shape is determined by the cytoskeleton Wita wide variety of
structures and dynamics. (A)Cytoskeleton of endothelial cellsis stained and imaged
with the microscope. The image is reproduced froren.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 compressionforce loads (red arrows) to push the plasma membrane, (C) bundles



combined by fascin toovercame the compression loads (red arrows) from filopodia
extending tips. (D) nonaligned networks with crosslinking proteins to resist isotropic
tensions (green arrows), and (E) stress fibers bundled with myosin to generate
contraction forces and resist unidiectional 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 shapeis also associated wittcell fates. For example, onédentified
characteristiof Human Mesenchymastem Cells ((MSCs) is their spindiike shape
[59, 60] WhenhMSCs were stimulated to differentiate in several studies, cell shape
of early time points was found to be associatgth differentiation ofhMSCs weeks
later [4, 20, 61, 62](Figure 1.2A and 1.2B)Iin other studies, it was also found that
elongateccell shapeappeared in theeprograming ofnducedPluripotentStem Cells
(IPSCs)[63] (Figure 1.2C) In cancer progression, cell shape has been usedeasf
the markes evaluatinginvasveness of cancer cellk.was recently found that cancer
cells developmicrotubulebased nurotentacle protrusions, which might be related to

cancer metastasj$4, 15]
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Figure 1.2 Cell shape is associated Wi cell fates. (A) hBMSCs can develop both
osteogenic differentiationand cell shape differencén response tochemical or structural
cues of the microenvironment(B) Cell shape on day 3 is a better predictor for day 35
hMSCs osteogenesis than day 1gtaining for alkaline phosphatase (ALP). he figure is
reproduced and modified from [4] with permission. (C) Reprogramming of cells can be
controlled by substrate texture while the cell Bape is also affected. The figure is

reproduced and modified from[63] with permission.

Cell shapedynamicscharacterizethe cell migration processes driven the
dynamics ofthe cytoskeletonin cell migration, different parts of the calte driven
different machineriesof local cytoskeleton dynamicdo initiate the cell shape
polarization, drivethe cell locomotion and maintain the directiatity of migration
[31, 64, 65] Polymerization of actin filamentpustes the cel membrane or cell

cortex to protrusion structures such as filopgdmure 1.3A) lamellipodia(Figure



1.3B) or pseudopodid32, 66, 67] Local retraction ofthe cell membrane follow
either disassemblyof the cytoskeleton or contraction of theytoskeleton driven by
myosin. Pressure can also drivecell membrane dynamiadirectly and lead to local
protrusions that are rounder callbtebs of the plasma membraf@6, 67] In cell

migration,the cell is usually polarized amiifferentparts of the cell undergo a variety

of local dynamics at the subcellular ley@1] (Figure 1.3C)
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Figure 1.3 Cell migration is driven 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)



Assembly and bundling dynamics of actin filamets 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 isreproduced 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 cytoskelstambly
or other mechanisms, while the rear of the eellominated by retraction activity
driven by actomyosin activities to follow the leading fréRtgure 1.3C) With more
detailed quantification, cell boundary bumps and actin polymerization activéies
been found to be generated from the front of thlear®l migrate taardthe cell rear
in forms of waves in amoeboid like cell migration m¢@e69, 70] The complicated
spatialtemporal coordination of different types of local cell shape dynarsics
regulated by associated intracellular molec(#% 55, 56, 70, 71]cell interactios
with theextracellular microenvironment through adhesif#% 31, 72] and gradiers
of extracellular signalingi24, 34, 73] Therefore, cell shape dynamics in cell
migrationneed to beinvestigatedn conjunction with analysis of subcellular patterns

of these molecular drivemich as molecular motors

1.2 Cell shape anbe a response to extracellular signals and environment

Cell shapes also influenced byxtracellular signals anchicroenvironment
(Figure 1.4A) Some extracellular chemical signal molecules can be detected by

receptor proteins and trigger seridswnstreamregulatory effects to alter cell



functiors. For example, Wwen 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 witie motility and antigen sensitivity polarity of T cells
[74]. Cell shapeusually becomes asymmetrin the onset of chemotaxisAnd the
leadingfront andtrailing rearof the cell carbe differentiated based on morphology
[34, 74} This geometrical polarization processtloé cell shape during chemotaxis is
associated withthe polarity of motion direction, intracellular signaling and
cytoskeleton compositiorf84].

Cells also respond tdlifferencesin concentratiosa of ambient nutriens,
growth factors and othermolecules inmedia hMSCs have the ability teindergo
osteogenesis, adipogenesis and chondrogenesis when treated with different growth
factors though each process takeseks[59, 7577]. Seveal recentstudes showed
that early cell shapmeasurementould be used to predict the differentiation lineage
of hMSCs in later time pointp, 5, 7, 8, 20, 78[Figure 1.2A and 1.2B)Both this
thesis and new work by an FDA tedd 21] are now demonstrating thagarly
predictionsof osteogenesis based on cell shape are in good agreement with actual
observations ofalcium mineralizationn osteogenesjsvhich are only possibleore
than one month later. The FDA group further showedttietlay 3 cell shapavasa
better predictor tharday 14 alkaline phosphatase stainiffgjgure 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 byhe
composition and stiffness of the substrates. fie figure is reproduced from [80] with
permisson. (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 3mm. The figure is reproduced from[81] with permission.

With adhesions, cytoskeletal tensions a@deptorson cytoplasm membras,

cells can also sense arespond to some physicahemica) andstructuralproperties
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[18, 19, 8284] of the extracellular matrix such as stiffnef®4-86], surface
topographieg87-89], cell niche size[80, 9092], the order offeatures [93], contact
angles [94], ligand densies[95], etc (Figure 1.4B) A lot of the cell responses to the
extracellular signals and environment are associated with cell E@pé3, 88, 96]
Therefore, cell shape alterationave beenvidely observedn biomaterials design to
direct cell function,cell differentiation and tissue formation. df example,some
studiesdemonstratedhat structures suchsananofiber scaffold$20, 76, 97, 98]
micro pillars[88] and microridgeq89] could induce botiMSCs differentiation and
alterations of cell shapes. When properties of these structures sucerafidiheter,
pillar spacing andrandomnessor ridge spacing werenodified both hMSCs
differentiation andshapeswould be modulated accordinglyn another study, the
spacing of microgroves on the substrates was found to modulate the reprogramming
efficiency of fibroblasts toward iPSGsd elongated the cell shgea].

During cell migration, cell can sense thextracellular chemical signal
gradiens, regulate the cytoskeleton dynamics and steer their shape dynamics
accordingly to commithemotactianigration[34]. In chemotaxis, when cells sense
the gradient and start to respond, the polarization praxzessiallytriggered[31, 46]

To adapt to the received signdie generally accepted simple model is ttiedre are
more molecules associated wittytoskeletalassemblylocalized at the leading front
[32] while reshaping of an existing actomyosin network migosin isthought to be
localized to the trailing reaandgenerate forces of retracti¢®l] (Figure 1.3C) This
symmetry breakingpf assembly near the front and reorganization at theisehen

associatedwith cell shape changes. For example, neutrophils migrating in the
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amoeb@ mode are elongated toward tbbeemoattractansource compared to the
round shape at restin@4]. During cell migration, some studies demonstrated that
lamellipodiacontaining branching proteins and growing actin netwWaék 27, 32, 40,
70] were formedht the leading frontacing thelikely chemotactic direction
Interestingly,the assemblyof cytoskeletontself has been recently shown to
have intrinsic dynamicd actin wave [99]. It means he actin filamentsand
associated proteinsanassemble locally and then this filamentous region forms the
nucleation region for a ave that travelsn a certain directiorat rougty constant
velocity. Notably, travelingof actin wavesnvolves assembly of new filaments at the
leading edge of the wave and disassembly of filamaintise rear of the wave.cfin
waves areintrinsically driven by selfactivating positive feedbaosf actin assembly
leading to the recruiting of actin monomers and associated proteins for
polymerizaion and nucleationand lagging negative feedback leading to following
disassembly70, 106105]. Actin waves havéeen found as universal phenomena of
cytoskeleto dynamics in various types of cebs different conditionsand involve
multiple processesfluencing cell shapsuch as neite growths of nerons[106,
107], plasma membrane protrusiofigd, 108] and cell polarizatiof102, 109]
Extracellular matrices might influence cell shape dynamics by modulaticigation
or propagation of thactin wavesFor exampleguidanceof the actin wavesnamed
estaxis can beinducel by aligned texture of the extracellular environmé&ume
studies demonstrated thall migrationand cell shape dynamicsuld beguided by
microridgeg110] on the substrates with bidirectional preferencaain waveg111].

When sawteetlstructures were constructethstead cell migration and actin waves
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were guided in a unidirectional fashid8l] (Figure 1.4C) The physiologich
environmentin vivois comprised ofvarious chemical and physical cues and more
complicated thamn vitro experimental conditiongCell migration and the associated

cell shape dynamids vivoare influenced by a complex variety of different factors.

1.3 Cell shapecanregulate cell function

Cell shape, in additionto indicating cell behavior and extracellular
environment, can have regulatory effeah gene expressionsf cells and modulate
cell functiors. In somestudies, cellsvereforced to assume defined shapeg using
adhesive region®r cellson the substrate created by micropatterning technol@hies
2, 112] Effect of the cell morphology on cell phenotypic behavioasd gene
expressionsvas then studied directly. In one pioneering study, it was found that
larger square cell spreading area increasetieogenic potential of Human
Mesenchymal Stem Cells (hMSCw)hile smaller square spreading aséed hMSCs
to adipogenesifl] (Figure 1.5A) This phenomenon was found to be regulated by the
RhoA-ROCK pathway(related to thédRas homolog gne family, member A (RiA)
and theassociated protein kinase (ROGQKWhichis associated with the mechanical
forces generated by myosihl3]. Perturbations on the cytoskeleton and the RhoA
Rock pathwayrevealed that this regulation is dependent on the integrity of the
cytosleleton and activities of RhoA and ROCKL]. A related study also
demonstrated that the interactions of RHRACK coull be regulated bythe

feedback otell shapd113].
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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 increasel hMSCs potential of osteogenesis while

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

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

curvature facilitate hBMSCs osteogenesis. The figure is reproduced fron2] with

permission.

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

patterns(e.g aspect ratio, roundnessaried, cell boundary curvatigend the cell

shape elongation were found todmrelated witth MS Cs 6

di fferent.

either steogenesis or adipogerseg2] (Figure 1.5B) Spatial organizations of

cytoskeleal componentand focal adhesions were also found to be influenced by the

cell shapeFurther microarray analgsand pathway inhibition studies suggested that

ati

the c¢Jun Nterminal kinase (JNK) and extracellular related kinase (ERK1/2) cascades
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as well as winglesg/pe (Wnt) signaling and mitogeactivated protein kinase
cascades (MAPK) mig mediate the regulation of cell shapgon hMSCs
differentiation[114-118]. These pathways also regulate expressions of-rlated
transcription factor 2 (RUNX2), peroxisome proliferatmtivated receptogamma
(PPAR), and Sox9which are respectively relatéd osteogenesis, adipogeis and
chondrogenesifl19, 120] Thuscell shapecanregulatecell differentiationthrough a

wide range of signaling pathways

1.4 Overview on cell shape quantification

As cell shapeis associated with cell function and reflects the influence of
various intracellulaprocessesnd extracellulasignals it is impotant to acquire and
guantify cell shape. Images of cells are acquired with microscopy. One widely used
method is fluorescence microscofd21, 122] In general, the cell membraroe
cytoskeleton can be fluorescently labehath molecular dyes that localize near target
structures or proteinsimmunostainingby target specific antibodies tagged with
fluorescent moleculespr transgenic labelingy direct expressionof fluorescent
domains(e.g. GFP)with the targetproteins[35, 123, 124] The fluorophores can
absorb thancidentlight from nearly monochromic sources such as lamps, LEDs or
laser beams asuitable excitation wavelengtls to emit photonsat slightly longer

wavelengthglower energy)
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Figure 1.6 Comparison of confocal laser scanning microscopy antivo-photon or
multi -photon microscopy. (A) Confocal microscopy relies on the singkxcitation photon
of shorter wavelengths (higher energy) than the emission phot& 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 thesimultaneousabsorption of two or
more excitation photons of longer (neatinfrared or infrared) wavelengths than the
emissionphotond. Thus it excites the sample only at the focal poimtith higher imaging
depth. Bars in xy viewsrepresent40 mm. Bars in xz views represent 5@m. The figure is

reproduced from [35] with permission

There are multiple variations of fluorescermicroscopy technologied-or
examplein generalconfocal laser scanning microscddy5], the incident laser beam
is reflectedby the dichroic mirror and converged by the objective to illuminate the
sample. Apinholeis utilized to block theemissionphotors other tharthoseemitted
nearthe focal point to improve theesolutionin the optical axial direction (e.g. z
direction). The emission lighis selectivelytransmitted througkhe dichroic mirror to

the photoelectric device sues thephotomultiplier PMT). With the laser scanning
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(usually by scanning mirrorghrougheach location in théocal plane the excitation

is appliedandemission photons are collected to generate information of eachpixel
the image.With the sample stage motion along theicy axis, the imagindocal
planeis set todifferent heigh$ of the sample andhe construction of D image
volumesis achieved by stacking the images of differeadal planeheights In two-
photon and multphoton microscopy the fluorophoresare excited with the
simultaneous absorptions dfvo or more photors [36]. Thus the twophoton
microscopy allows the excitation wavelengshto be two times larger than the
fluorescence absorption wavelength, witlearinfrared or infraredwavelengths
which are longer than the emission wavelengtfise probability of simultaneous
absorptions ofwo photonsdependson thelight intensityin a quadratic mannemnd
thusis high enough for imaging only near the focal point even with femtosecond
lases [35, 126] In this way,two-photon or multiphoton excitations excite only the
fluorophores near the focal poibut not in planes above or belovin addition,
incident photons with longer wavelengths carry less energy, undergo less scattering in
the tissue and cause less backgu signals. Therefore, the tvphoton or mult
photon excitationseduce photo damageliminate photobleachingf regions above
and below the focal plane, amtrease the imaging depth into the tistoen around
100 mm of singlephoton confocal microspy to 306500 mm [36, 126](Figure 1.6)

In living organisms, the cells of interemte oftenin deptts beyond 100m from the
surfaces (e.g. in the dermis or blood vessadsyl many cell activities require
observations over hundreds ofD3images Thus two-photon and multphoton

microscopyis a suitable techniquefor the aqquisition of 3-D intravital snapshot
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imageswith certain time intervalto capture physiologicalynamicsin vivo, which is
also referred as the@ intravital imaging(i.e. the timeas the fourth dimension)

In addition to the twgphoton and multphoton excitation, there are several
other imaging techniques to improtree resolution, frame rate, and depth of imaging
as well asto reducethe photobleaching and photo damadering 4D intravital
imaging In thelight sheet fluorescence microscoflySFM), the incident excitation
beam is set to be orthogonal to the optical axis of imaging to avoid illuminating
planes above and below tlmaging focal dane [127]. It reducesthe background
signalsfrom planes other than the focal plane to improve the imaging défutitn the
application of cylindrical leress the circular laser beam can be expanded to a laser
sheet to achieveselective/single plan illumination (SPIM) of a thin slice in the
imaging focal plang128]. The simultaneous illumination impravehe speed of
acquisition of the 4D intravital moviesand eliminates excessive illumination to
further reduce photobleaching and photo dam&mulpting the light waveform
further with Bessel beas)and spatial light modulator (SLM), LSFM ha been
developed intothe lattice lightsheet microscopyn which the waveform of the
excitationlasercommitsthe interference pattern modulated by the Ji&B]. As the
excitations can be confined to multiple points in the same plane or multiple planes,
lattice lightsheet microcopy enables not only fagteanning for higlkspeedmagng
but also the structured illumination to achieve a resolution of 1501281, with
reduced photobleaching and photo damage compared to traditional Iis&ddlition
to the variations of the LSFM, several supesolution 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 (SIMyith resolutions of
around 50 nmThe developing andxpanding applications of-B intravital imaging
techniques bring plenty of new higjuality information abouin vivo physiological
dynamics and demand innovative and efficient ienpigpcessing and quantification
methods.

Cells can be identified from imagewith multiple methods. The simplest
thresholding methodonvertsthe original 2D or 3-D images into binary imags with
a threshold value gjixel or voxelbrightnesdo defineregions of interegtl31, 132]
To better overcomethe backgroundsignals and noisendto betteridentify objects
with complicated shapesadvanced image segmentations such as edge detection,
clustering and machine learning can be applied to segment the original images to
binary format[133, 134] Instead of representing the segmentation in a -pus?
manner, some partial differentiation equation based methods identify boundary
contours represented by boundary points with subpixel spgtBf). In the cell
shape analyses in thikesis the fisnak® algorithmis applied to achieve subpixel
precision of the 2D cell boundary contour identification and enahbieore accurate
calculations of local cell shape attributes such as boundary curvEt86sl37] In
the snake algorithm, the cell boundary contour is assumed as a loop with elasticity
and bendingigidity, externalfforces defined by the image brightness gradiare
also assumed to be applied to the cell boundary contour. The final cell boundary
contour is achieved byninimizing the totaland fipotential energy caused byall
types offiforce. Further, the 2D 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 casxtvactedfrom the
cell shape Multiple metrics together can be used flrm a more complete
multivariate representation of cell shape features. To conghezent conditions
and identify significant cell shape features associated with cell functions, statistical
hypothesis testing has been widely used to compacdh metric individually in
different conditions and judgehether themean of thanetric changes significantly
based onp-values[138]. However,usually there is no class boundary defined to
distinguish different population addition,this methoddoes not take advantagyaf
the additional multivariate informatiosuch as correlations between metritis
further limits the @pability of the statistical hypothesis testing to define clear
difference betweeaverlappingpopulationgFigure 1.7Aand 1.7B.

To obtain additional insights from multivariate dat@arious statistical
learning methods accounting for correlation betweetricshave been applied to the
multivariate cell shape data to quantify and visualize cell shape differéfigerre
1.7C) One widely used methad theprincipal component analysis (PCH1, 139,
140], which identifies metris that exhibitmaximal variancedf the metricsthat vary
most are of interest, we can thgsantify cell phenotypes properlyith only a small
number(e.g. two or threepf the importantmetrics. Thus PCA has been applied to
reduce the dimensionality of the representation of siogledata.Redundant metrics
are still an issue though, as theyght also bring problems such as noise and
overfitting [141]. Another dimensiomeductionmethodis multidimensional scaling
(MDS) [5], with which high dimensional data amaappedinto a 2-D or 3D

representation that retains most of the nearest neighbor characteristics of the original
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data There & alsosome other dimension reduction methods sucded®rganizing
map[142] andt-distributed stochstic neighbor embeddir{gSNE) [143]. With these
methodshowe\er, the dimension of the problem is reduced by merging metrics using
a complex combinatiorof all the original metricsFor the cell shape metrics of
interest here, this yields combined metrics thatdiffecult to be interpreted with
straightforward geoetrical explanationor with the links to cell functiors. The
redundancy of the multivariate metridst1, 144]Jand the heterogeneity of singtl|
data[145] also complicatethe applicatios of these methodsto define cell shape
phenotypes with straightforward geometrical meanittys thesis introduces a
Support Vector Machine(SVM) [146-148] based singlkeell data anafsis
methodologyto define class boundaries betwedifferent cell populations with the
combimation of only a fewseleced cell shape metric® small group averaging

process namefisupercelb [149-151] is also implemented taddresghe singlecell

heterogeneity of data.
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lllustration of statistical analysis of multivariate single-cell data.

Statistical hypothesis tests rway ANOVA and Tukey multi-comparison test) are

applied to either (A) metric 1 or (B) metric 2which are from 22 metricsto 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 < 0.0Q (C) Appropriate quantification might be able to define a
clear class boundary between two populations the metric space by combiningonly the
two metrics studied individually in (A) and (B) and introducing the information of

metric correlations.

1.5Thesis outline

This thesisis dedicated todeveloping multivariate analysis of singleell
shape data to identify characteristics of cell shape and cell shape dynamics that are
associated with stem califferentiationand cell migrationin Chapter 2 and Chapter
3, | try to identify day 1 cell population ape 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 thatHuman Bone Marrov Stromal Cells (hBMSCs)
developed osteogentlifferentiationnanofiber scaffolds without any chemical cues
The pioneering studiessosuggested the connection betweldferentiationand cell
shape of hBMSCdl. first comeup with an analysis methodologpmbining SVM,
supercellaveraging,and feature selection to systematically identify the robust cell
shape phenotype of hBMSQOmopulationin response to the nanofiber scaffolds
microenvironment accounting for singtell heterogeneity and interpretation
convenience. The identified hBMSCs shape phenopgsociated with osteogenic

differentiation and nanofiber scaffolds successfully applied to predict hBMSCs
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differentiation potentia in response to varying nanofiber densities in independent
experimentsin Chapter 4] aim atdeveloping analysis tools fguantification of the
subcellularcell shapedynamicsto gain insights ofcell migration in vivo. Cell
migrationin vivo hasbeenquantifiedin terms ofcell motility and directionality athe
singlecell or collective levelsin this thesisin the analysis of neutrophil migratiam
vivo, the cell shape quantificatiors conducted to connect local cell shape changes
such as local curvatures and local plasma membrane motions with local actomyosin
cytoskeleton dynamics to understand the mechanisnmewiophilmigration at the
subcellular level.

In the study demonstrated in Chaptert@ identify cell shape phenotyp
hBMSCsin response tmanofiber scaffoldsnicroenvironmenthBMSCsare cultured
on either nanofiber scaffolds or flat substrates with or without osteogenic supplement
Cell shapesare imaged with confocal laser scanning microscopy on dagnd
quantified withthe snake algorithm which achieved multipldD2cell shape metrics
Cell shapedifferences of hBMSCspopulationsin different conditionsareidentified
by training linear classifiers witlsupport Vector MachingSVM). To reducethe
redundancy oftcell shape metrics, &eature selection procedure implemented to
select the most sigintant combination of cell shape metrics with both accuracy and
stability of the classifiers Accounting for heterogeneityof single cells andthe
microenvironmentthe analysiss conducte at a multicell level, wherghe supercell
method use average sipe measurements gMmall groups of single cellas the
training data set for SVMFurther, asubsampling validatiors applied to the trained

classifiers ofthe selected cell shape metrics to tdst range of supercell sizes and
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sample sizeseededo achieveclassifier stability and generalization capabilityith

the developed SVM/supercell analysis methodology, strong early cell shape based
classifiersare identified todescribe cell shape responseh®MSCs populationto
nanofiber scaffolds.

As demmstrated in Chapter 3, fiber dems# of nanofiber scaffoldsare
systematicallyvaried to investigate cell shape and differentiation response of
hBMSCs to nanofibedensity With day 50 mineralization assays and day 14/day 1
RT-PCR assaysthe nanofiber @nsity is identified as a structural property of
nanofiber scaffolds that modulatthe hBMSCs osteogenic differentiation potential.
The pretrained classifiers comprised of the selected cell shape migteissfied in
the independent study (of a diffetdeiBMSCsdonor) demonstrated i@hapter Zare
applied toimages ohBMSCs on day 1Predictions made by the independently-pre
trained classifiers agree with the hBMSCs osteogaiifterentiation potential
modulated by the nanofiber density. Further, théVi®upercell methods applied to
identify other 2D and 3D cell shape indicators of hBMSCs populationvarying
nanofiber scaffolds densities. Theswelicators for hBMSCs populatiorgre also
demonstratedo be associated with singbell shape response to local nanofiber
densities around each cell. Therefore, this chaqtggestshat cell shape phenotype
guantified with the SVM/supercell methodology can be robust indicators of hnBMSCs
differentiation induced by nanofiber scaffolds.

Cell migration is important for multiplen vivo physiological angathological
processes such as immune response, embryotic develg@mndntancer metastasis.

In vivo environment is usually comprised of a widariety of complex and dynamic
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structura) physical and chemical cues, which are difficult to be recapitulatedtro.

The interactions of these factors determmeivo cell migration dynamicsTherefore,

to understand the mechanisms of cell migratiorvivo, it is necessary to directly
quantify cell migration behavior withn vivo studies. In Chapter 4, | develdpe
analyss to quantify cell shape dynamics of mouaseitrophilduring migrationin vivo
acquired withtwo-photon intravital microscopy. The celloundary of the 2D
projections oheutrophilsis identified withthe snake algorithm and the cell boundary
dynamicsis tracked frame by frame. The subpixel precision of ittentified cell
boundary enabgthe quantificationof the local curvature and motioof the cell
boundary Thus thecell migration dynamics and cell shape alterations of the single
cellaredecomposed into and represented by sets of locdd@etidarymeasurements

at the subcellular level. Further, the anedyslentifies the coordination of the local
cell boundary dyamics and the myosin localizationdynamicsin vivo at the
subcellular levelThis correlation of myosin localization and cell boundary dynamics
is associated with cell motility and cell polaritythe correlation of myosin
localization and the local cell badary curvature iglentified as a uniqueeutrophil
migration phenotypén vivo, which is not observed im vitro assaysin summary,

the developedcell shape analys contribute to more accurate understandingtioé

phenotype and the mechanismgelf migrationin vivo atthe subcelluladevel.
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ChaptebBupdort Vector Machi nel
Met hodol ogy to I dentify Shape P

AssocwiaMlhedr oenvi ronment al Cues

This chapter is adapted from Chen, Sarkar, CanBiarzcyk, Bodhak,
Driscoll, Simon, Dunkersand Losert[62] with permission.Text andfigures are
reproduced here with permissioDesu Chens the lead junior researcher on this
study andperformed experimentsleveloped and carried out taealysis and wrote a

first draft of the manuscript

2.1 Overview

Cell shapehas 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
multi variate definitions of cell shape To associate celshapewith cell-material
interactions,in this chaptemwe develop a shape phenotyping framework based on
Support Vector Machine (SVM). A feature selection procedurge implemented to
select the mostignificant combination of cell shape metrics to build classifiers with
both accuracy and stability to identify and predict microenvironrdewen cell
shapedifferences in heterogeneous cell populations. The anay/sisnducted at a

multi-cell level, wre r e a 0 s uper §avdrdg® shape measurementss a
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small groups of single cells to account for heterogeneous populations and
microenvironment. A subsampling validation algorithemeas the range of supercell
sizes and sample sizes needed forsdi@s stability and generalization capability. As

an example, the responses lfiman Bone Marrow Stromal Cells (hBMSCs) to
nanofiberscaffoldsvs. flat substratesvere compared on day 1. Our analysi®ws

that 57 cells (gouped into supercells of sizd) are the minimum need for
phenotyping. The analysidentifiesa combination of minor axis length, solidity, and
mean negative curvatuesthe strongest earlgell shapebased indicator of hBMSCs

response taanofiber scaffoldsicroenvironment.

2.2 Background

Cell shapses influenced by a combination of many intracellular mechanical
processes, interactions with other cells and the surrounding extracellulaesjatd,
113, 152154]. Thus cell morphology reflects the integrative effect of many distinct
processes and signaling pathways acroferdnt scaleq4l1, 4, 113]and maybe a
valuable descriptor of cell batiors in differentiation[4-8, 61, 78] function or
dysfunction [155], migration [9, 11, 12] and cancer progressiofi4, 15] For
exampleaccording to a study of Treiset al, cell shape changes in the first 96 hours
of human mesenchymal stem cells (hMS@sinonstrated ineasing morphological
difference with respect to time in response to different conditions associated with
different lineages of hMSCs differentiatigh]. A recent study by Markleiret al
demonstrate over 90% accuracy in the prediction of day 35 mineralizatidii$Cs

cultures of varying donors and passages basedebhrshapeon day 3[4]. The
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accuracy of theshapebased predictiorof cell fateseven exceeded the prediction
accuracy based on later time point bioassays (alkaline phosphatase staining on day
14). In another recent study &fnadkatet al., cell shapewas also investigated as an
indicator ofhMSCsgene expressionglated to diferent differentiation lineages such

as osteogenesis, adipogengsind chondrogenesifs]. Beyond being a possible
indicator, cell shapehas beendemonstrated tcelicit alterations of stem cell
differentiation in some studies bgither affeang cell shape with surface
topographical cueR0, 63, 88, 96pr directly manipulahg cell morphology through
geometic constraints of cell adhesive regiojis3, 156] Therefore, celshapemay

contributeto descrbing, indicaing, andeven regulatingell-materialinteractions

However, here are several challenges to utilize cell shape to indozdte
functiors and cell fategirst, high-throughput singleell bioimaging has enabled the
cell shape quantification by combining many cell shape featureBut these
multivariate dataarealsoincreasingly difficult tobe interpreed as the dimension of
shape features increaseSecond, heterogeneity in the cell population causes
variability in cell shapeln addition,when cells a cultured with biomaterialghe
complex biomaterial microenvironment can also contribute to the heterogeneity of
cell shape respons€hallenges in both multivariatmmplexityand heterogeneity in
cell shape carcausesome further problemgor cell shape quantificatigne.g.
uncertainty in classificatigroverfitting problens, or low prediction power. Therefore,
innovative analytical tools must be developedstot and combine key cell shape
features correlated with biological outcome accountifor both multvariate

complexity and biological heterogeneity.
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Multivariate singlecell data have been widely used in studies with
technologies such as bioimaging, singi#l PCR and flow cytometry. In order to
associate mulmariate singlecell datawith cell function appropriate computational
and statistical tools are required to quantify the informative content of data and
characterize differentell populationsaccounting for the heterogeneit¢ommon
statistical methodased to quantify cell popation differencear e St tedtandt 0 s
ANOVA analyss. These approaches describe differences of theviemgiiedata by
comparing the values of eastdividual metric across different cell populations with
a statistical hypothesis test which outputg-@alue [138, 157] These approaches
have been proven to be valuable to determine individual metrics that may be
important in characterizing cathaterial interactions. However, if we intend to
describe the cell phenotypes for cell populations with more comprehensive
representation by combining multiple metrics, these approaches are limited as they
omit correlations between metrics in describing cell population differerides.
statistical test approaches are also limited in developing classifications and
predictions. The statisét hypothesis and-palues are usually designed to determine
only whether thepopulation means across classes are different butthetclass
bounday, though such misusage silaeen prevailing in the biologicalataanalyses

[138].

Representationand analyse®f multivariate data canalso be obtained by
other statistical methods, suchRrsncipal ComponentAnalysis (PCA) andingular
ValueDecompositionSVD) [4, 139, 140] More recent mods,e.gself-organizing

maps [142] and multidimensional scalingMDS) [5], can achieve reduced
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multidimensional representations multivaricte data of single celldHowever, these
methods bring other limitationssirst, they are not designed to separate different
classes optimallyFor example, PCA captures the directioth&maximumvariance

of the data distribution in the multidimensionaletric space But this diredion may
disagreeand be even nearly orthogonalto the direction associated witthe class
difference.In addition the achieveddata representationstrodue more abstract
descriptionof systemandbring difficulties to determine relevant features in defining
and interpretinghe cell phenotype$or example, thelata representaticechieved as
principle components in PCA or singulactors in SVD are linear combinations of
all included metricsSelf-organizing maps or MDS reduce the data dimensionfb 2
or 3D for the visuaization but eachachieved coordinatés usually a nonlinear
function of the original metricsTo address theslimitations,| developan approach
to overcome several of these lintitaas by generating multariatelinear classifiers
in the reduced metric spadbat allows simple interpretatiosm of classification and

phenotyping.

SC NF

Figure 2.1 SEM images ofPCL spin-coated film (SC) and nanofiberscaffolds (NF)
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In this study, we investigatine cell shap@f HumanBone Marrow Stromal
Cells (hBMSCs) imanofiber scaffoldsompared taells on flat films(Figure 2.1)in
presence or absence of osteogenic differentiation media. Fibrous materials are widely
used in bth research and clinical applications of tissue engineering and regeneration
medicine. Previous studies demonstrated that hBMSCs culturesmaonnfiber
scaffoldsdeveloped osteogenic differentiation after 50 days of culturing withioy
osteogenic suppleme[20]. Cell shaperesponse of hBMSCs inanofiber scaffolds
wereinvestigated as a possible mechanism for osteogenic differentiasenveldd in
nanofiber microenvironment[1, 76, 158160]. This hypothesisvas supported by
several stdies describing mechanistic associations between hMSCs srape
subsequent differentiatiofl-3]. However, only a fevarbitrarily selectedndividual
cell shape featurelsad been investigated fahe association with differentiatiom
these studiesbut singlecell shapesvary greatly acrossa nanofiber scaffolds
substrateTo address this limitatiorl,develop an analysis framewaitlkustrated with
the flowchart inFigure 2.2for multivariatesingle-cell data based o8upportVector
Machines(SVMs) to quantify cell shape differencef hBMSCs populations and
associate them witllifferent microenvironments. SVM classifiers are designed to
identify the optimal classification boundary that separates data points in the
multidimensional shape metric spagewide range of shape metriese investigated
to quantify global and local spe features, including cell sjzaspet ratio,
cytoskeletal branching, and local boundary curvature. Moreover, the resulting SVM
classifiersprovide a seletion of reduced shape metrics characterizimg cellshape

phenotypeof the hBMSCs populatioim specific microenvironment.
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However, the heterogeneous cell population and the heterogeneous
microenvironmeh may cause variability in shape of cellsthin the same culture
condition In the SVM scenario, variability in celshape can lead to highly
overlapping cell populations and, thus poorly performing classiéetise singlecell
level. In order to address singtell heterogeneity from different sources, a method of
averaging shape metrics over a small subset of randomly selectednmeila as
isuper cel | Jl4945i)eis anglememged to improve the training and
predictionaccuracies o8VM. Instead of solely focusing on phenotypéshesingle
cell level, the SVM/supercell paradigm allsaonsideration of cell shape phenotypes
rendered byaverage measurements ®fma | | groups of cell s,
random sampling used t@ndersupercells can introduce uncertainty in the SVM
classifier. The tradeoff between prediction accuracy, supercell averaging and
uncertainty in the classifiare quantitativelyanalzedin this chapter Furthermore,
by introducing a subsampling validation procedure, the sampleisigudiedas
another important limiting factor in the construction sifape phenotypes at the
singlecell or supercelllevels and | investigate whetherhe sample size flects
prediction accuracyf the identified SVM classifier8y combining multiple metrics
and learning at small cell group levels, ®B¥M/supercell paradigm quantitatively
identified changes in population behavior of clhpefor four different conditions.
Building on this approach, a systematic analysis of the cell response to the physics

and chemistry of their surrounding biomateratroenvironment cahe carried out.
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Figure 2.2 Schematic flowchart of theSVM/supercell basedanalysis procedure and

outcomes of theanalysisapproach developed in thischapter.
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2.3 Analysisand Results

2.3.1 Image processing and cslhapemeasuremenwith individual metrics

On both NFand SC, the dimension of cells in théizection is much smaller
compared to their dimension in the xy plane. Therefore, as a first step, we analyze 2
D cell shapes based amprojections to the xy plan@igure 2.3A) 2-D maximum
intensity z-projectionsare made and analyzed with an actisentour model (snake
algorithm) implemented by a custom MATLAB script basedagpackage created by
Xu et al [136], which definescell outlines represented by positions of a setedf
boundaryp oi nt s, i . e . ,areimisatec kith $hé convéxnhallk ef ghe
hBMSCs and converged to fit thellceoundary in an energy minimization process
driven by force fields assumed according to the brightness gradient oF Wilex546
phalloidin channe(Figure 2.3B) The mechanicaparametersare arhtrarily defined
for the snakeoutlines Particulaty, the parameters used to identify outlines of
hBMSCsaret he snake el asti®ity hparsam&teerbelhd( alg
(5x10) the viscosity parameter 9 andthe2) , t he
distance range between two consecutigk boundarypoints (wo to threepixels).
Once snake representations of teaell are obtained, the snake outlinesd the
original imagesare automatically overlaid to generate new images for visual
inspectionsto get rid of the objects not well definediny protrusions on the cell
boundaryareidentified with a custom MATLAB script by locating lodaigh positive
curvature regions, whiclare smoothed with a Gaussian filter to neglect features
smal | er The lanchnh topology of the dendriticdl shapeis analyzed by

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

levelset method135] that keepsthe connectivity of althe tiny protrusions.
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Figure 2.3 Quantification of cell shapes m different microenvironment (NF and SC
with or without OS). (A) Maximum intensity z-projections of the confocal zstack
images (red: actin, blue: nucleus).R) Outlines of hBMSCs are obtained with snake
algorithm which allows calculation of local curvatures. Boundary regionsare 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 metricare
obtained from the branch analysis (with asterisks). The correlations between shape

metrics are measuredwith Pearson correlation coefficiens.

Based on the quantified cell boundary ahd branchng topology, cell shapes of

hBMSCsin different microenvironmestare characterized with 22 shape metrics of

2-D cell shapdFigure 2.3Ckexplained in Appendix A3. Individual shape metrics are

compared uwh 1-way ANOVA and associated Tukemulti-comparisontest in

pairwise comparisongAppendix A Figure A3.1 andable A3.1) The Pearsonos
correlationcoefficientsof any two of metricsare also calculated. The correlations

between shape metrics imptlyat it would be redundant to use all shape metrics to
analyzecell shapedifferences(Figure 2.3C) Thusthe approachn this chapteris

dedicated tadentifying which combinations of shape metrics best repretiantell

shapdifferencebetween two cell populations

2.3.2 SVM/supercelparadigm to classify shape phenotypes of cell

populations

A 22-D Cartesian coordinate system of csehape in which each axis
represerd one shape metrics developedwith the 22 shape metriachieved by cell
boundary quantification described @hapter2.3.1. Within this representation, each
cell or supercellis described as a 22 shape metric vector, i.e., as a pointthe
multidimensional spacef which position conveyg information of tha t cshapd 6 s
In pairwise comparisons of cell populations grown in different microenvirorsment

(NF, SC,NF+0OS and SC+0S), each shape masinormalized to Zscoresso that
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the distribution of each metric fiazero mean and unit variance. Thes@bre
transformation of a variable X is defined by

X - X

s(x) (Eq 21)

Z =

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

all data points in the comparison, respectively.

After being transformed to-Zcores,the multivariate cell shape metric data
from cell populations cultured in two different conditioaa® taken as the learning
datasets on which Support Vector Machines (SVEI® trained with the kernlab
package in R language. Lineegrnel SVM is a supervised machine learning method
designed to find the optimal (maximum margin) hyperplane that separatelasses
of data points. Because usually the datasets are not linearly separalpldbss 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 positibe ofass 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 b$\fiv algorithm
(Appendix Al) [146]. Here, | define the traiing classification accuracy as the
percentage of cells correctly classified by the SVM hyperplane, summing all correctly
classified cells from both culturing conditions. Although #ioearkernel SVMs
introduce nodinear mappings of the data to allow racoflexible class boundary
representations and, therefore, may improve the training classification accuracy, such

added flexibility comes at #érisk of incurring overfitting[141], i.e., obtaining
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solutionswith artifacts that misrepresent the true boundaries between the classes.
Moreover, the lineakernel SVM allows us to obtain a straightforward interpretation
of the machindearned parameters in terms of the original shape metrics. Indeed, the
components of the unmormal vector nof 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 $inglecell
heterogeneity145]. Highly overlapping cell populationsdd to poorly performing
and unreliable machine learning classification boundaries, since the maxnagim
optimization process becomes-difined. To improve the robustness of the
classification scheme, Candiat al pr oposed tdapproack asp pre c e | |
processing method that improves phenotyping under conditions of high heterogeneity
at the singlecell level [149-151] In order to capture cell phenotypes in
multidimensional metric spacefiaupercell of size bis defined as the average of the
individual measurement vectors of a group of N randgidigedcells. By repeatedly
taking different random subsets of N cellse supercell samples can be buwifth the
original singlecell dataset. Since the singleell sample size, Nis usually small,
supercell averaging is typically performed Ipicking cells randorty with
replacement. That is, allowing the same single cell ttakenmore than once. This
procedure is similar to the more commonly known method of bootstrafigl8g By
iterating this procedure, we obtain a representative sample.gfcNsupercells out

of the original sample of Nsingle cells.

In this work, the numbeof single cells measured under each conditi¥R, (

SC, NFOS, and SC+0Sj)s Ng ~120. Since the supercell averaging methl®d
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stochastic, the randomly geneoa of a supercell sample consisting of 120 supercells
is repeatedor 100 times with different sugrcell sets generated. For each of these 100
repeating procedures, SVM used totrain a classification boundary between two

conditions. The final classifier hyperplane orientatios defined by the average

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

ﬁ:é_n/
all

The average training classification accurasyalculatedby averaging over

an

all

(Eq 22)

all repeatingSVM training proceduresvith different supercell sets. The classifier
hyperplane stabilitys then measured as the average cosine funéﬂ@ﬁ]) (inner

product) of the angle between the normal vector deternbyegachSVM training

procedure and the average classifier normal vector.
(cosg) = <ﬁ ®1> (Eq 23)

And the average classifier hyperplane fluctuation is quantified by the equivalent

average angularediation g' defined as

q'= cosl(<cosq>) (Eq 24)
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Figure 2.4 Influence of the supercell method on SVM training.(A) The shematic

demonstration of the influence of supercells on SVMf a linear kernel in 2-D metric
space. The instant classifier hyperplaneare demonstrated with the solid straight line.
The margin between two classess defined with the black dash lines. B) Supercells
populations are randomly generated from the origimal single cells for 100 times (only
supercells of one loop is plotted). The average classifier hyperplame demonstrated
with the solid straight line. Randomness of supercell generation pertudithe classifier
hyperplane. The average fluctuation of the @ssifier hyperplane @' is denotedwith the

black dash lines.

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

classification on supercells generated from the original siceglepopulation and
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reducesthe number of @pport vectors for SVMFigure 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@ecrease in the number of support vectors and a decrethsamargin size,

leading to a decreasetime classifier stability.

2.3.3 Selection osignificantshape metricsvith SVM/supercell paradigm

Bioimaging analysis approaches typically begin wibmputing a large
number of features, although it is well known that many of these featurebenay
redundant or irrelevarjii44]. Feature selection methods are then applied to select a
small set of representative features that are most relevant to characterizestitge obj
or regions ofinterest[161]. The 22 shape metrics extracted here from the image of a
single cell can be broadly grouped into 3 categordek size measures, globsthape
pattern featres and local featuresAs expected, some of these shape metrics are
redundant and highly correlated, while others may be irrelevant to the goal of

characterizinghe difference betweeagell cultureconditions(Figure 2.3C)

Theapproactproposed in this chaptérst implemensa A f i | t 41, ng o
in which shape metrics showing statistically significant differences (p<0.01) between
microenvironmentsare preselectedbased on dvay ANOVA and Tukey multi
comparison tesfAppendix AFigure A3.1 and Table A3.1Yhen, a feature selection
method based on the SVM/supercell paradignused to investigate the optimal
combination of shape metrics for classification. All conabions of 3 shape metrics
are used to build different metric spaces. The subsequent SVM analyssause

Awrappi ngo st e pareselected&ccoding tdelparformaneesof the

42

St



classifier[141, 162, 163]In general, the combination of 3 shape metrics with the

highest training classification accuracy among those that satisfy a certain classifie
hyperplane stability criteriofig'<8.1°, <COS7> >0.99. is finally selected to represent

the cell shapdlifferencebetween populations

Selected Metric Combinations at Different Supercell Sizes Minor Axis Length, Solidity, Mean Negative Curvature
T T T | 1.00 T i -+ + .0
1.00¢ ; % § % ¢
0.95 ’ 8o
by & 090 -
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=] 1] ~—
£ £ A
= Area, Circularity, = [}
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Figure 2.5 Results of SVMsupercell analysisto select3 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 classifiehyperplane fluctuation

q'<8.7r (<COS7> >0.99). The figure shows the training accuracies of SVMs built with

these selected combinations for all supercell size, iff'<8.1° (<005l7> >0.99).

(B) Training classification accuracy and average classifier hyperplane fluctuatioq' of
the selected shape metric combination in SVM training with supercell implementation.

All error bars in (A) and (B) representstandard deviations of 100 training processes
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For the comparison oNF vs. SC, increasing supercell size can affect the
feature selection of the most significant 3 metrics, as demonsinaftégure 2.5A At
supercell size = 1, the selected metmzdude mean major branch width, circularity,
and mean negative curvature. At supercell size = 2, 3, 4, the selected metrics include
area, circularityand mean negative curvature. At supercell size =5, 6, 7, the selected
metrics include minor axis lengtltircularity, and mean negative curvature. At
supercell size = 8, 9, the selected metrics include area, soadilymean negative
curvature. There is an overlap in metric combinations identified at different supercell
sizes. All of the metrics identifieby the SVM might be considered important. By
increasing supercell size, the training classification accuracy can reach 100 %.
However, there is a concurrent decrease in clasdifigperplane stabilityFigure
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 hyperplanstability threshold ofy'<8.1° ((CO 567>2 0.99 at supercell size

of N = 5 to distinguish cellshapesbetween 2 different microenvironments
(differences betweeNF, NF+OS, SC, SC+0S, ANF, All SC, All OS, All w/o OS

are described).

To distinguishcell shape®f hBMSCspopulationsn NF and SC, at supercell side

= 5, the optimal combination of 3 shape metigsdentified as minor axis length,
solidity, and mean negative curvature. The accuracy of the classifier training is
(9941) % (Figure 2.5A and 2.5BandTable 2.1) indicating a high correlation of the

classification and the hBMSCs population difference associated with
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microenvironmerdl difference The average normal vector of the classifier
hyperplane is-0.8610.04,-0.4314.06, 0.244.08). According to the normal vector of

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

hull area ratio and higher concavity along the boundary. The average classifier
normal vector suggesthat in order to digaguish hBMSCgell shapesn 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 nsetric

2.3.4 Subsampling validation of thehape phenotypes of cell population

guantified by the SVM/supercell paradigm

With the selected shape metrics, a subsampling validation procéslure
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
sizeis randomly picked from the original cell population and then randomly geserat
120 supercells of a certain supercell size. The SVM/supercell parasigpplied to
these data sets to train a classifier hyperplane. 120 supercells of the saaneadsze
randomly mae with the remaining sample to form a test subsample. The hyperplane
achieval with the training subsamplies utilized to predict the test subsample. The
percentage of correctly classified supercells (containing the correct classifications in
both culturing conditions) in the test subsamplelefined as prediction accuracly o

the classifier hyperplane.
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lllustration of the subsampling procedure to test appropriate data size

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

potential. Classifiersare built with the training subsamples of the original cells. And the

fluctuation of the classifier hyperplane orientation @' caused by random subsamplings

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

classifier hyperplanesare then tested with the test subsamples comprised of cells in the

rest of the total sample. Percentage of the accurate classificatida taken as the

measurement of the prediction potential.
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This subsampling validation procedusaepeated for multiple times (number
of subsamphg test repeats = 200) for a certain training sample size and supercell
size. For each repeat, the classifier hyperplane normal vectoalculated. The
average cosine function of the angle between the instant classifier normal vector and
the average classifiarormal vector agains calculated as a measure of classifier
hyperplane stability. Both prediction accuracy and the classifier hypergiabidity
are taken into account to decide the appropriate traisi@gple size and supercell

size

With the applicabn of SVM/supercell paradigm, the accuracy of predicting
supecells can beincreasedFigure 2.6) Thus the level of supercell averaging (as
implied by the chosen supercell size N) determines the-tfideetween training
classification accuracyrediction accuracy and the classifier hyperplane stability. As
revealed by the subsampling validation, the sample size to build the classifier also

affects the class#r hyperplane stabilit{Figure 2.6)

Specifically, thesubsampling validation procedhis implementedo test the
robustness of the classifedouilt with the selected shape metric combination of minor
axis length, solidity, and mean negative curvature in terms of classifier hyperplane
stability and predictive accuragifigure 2.7) Here,both the training subsample size
and the supercell size to build the classifieryvarfind that the classifier hyperplane

stability is improved with increasing number of cells in the training set to build the
classifier. The classifier stability thresHadf ¢'<8.1° ({(005¢) 2 0.99) s still assumed

to define stable classifications as demonstrated with the red dash linereZigA.
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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 hyperplanesare
built with different random subsample sizes and supercells size®r 200 random

repeating subsmpling processesAverage classifier hyperplane fluctuationis quantified
with g'. A threshold of ¢'<8.1° ((CO%]) >0.99) is set to define stable classifier

hyperplanes (red dotted line) (B) Prediction accurades of the classifier hyperplanes in
the subsampling validation when the built classifierare tested with the rest of the total

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

training data size and supercell size ausing unstable classifier hyperplang g'>8.1°
<COS7> < 0.99). In the regionof stable classifiers combinations of the training data size

and supercell sizeare colored according to the prediction accuracy.

In Figure 2.7B, classifier hyperplane stability and prediction accuraoy

combined to quantify effect of data size and supercell size on the claswifiler
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selected shape metrics. To summarize the subsampling validation, in order to
maintain stability and predictioaccuracy of the classifier hyperplaressll shape
difference should be quantified with appropriate selectionthe$upercell size and
thetraining data size. Selecting 95%thedesired prediction accuracy, supercell size

of at least 4 is appropriate@ theassociatedninimal 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 8lze®{which
requires the training data size to be larger thafra# each populationand current

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

2.3.5 Shape phenotypes of cell populations identified in other comparisons of

microenvironment

In addition to comparison dfiF and SC which is associated with hBMSCs
response to different materiatructures| also investiga the hBMSCscell shape
difference in pairwise comparisons of other microenvironment. The comparison of
NF vs. NF+OS and theomparison of SC vs. SC+0S are associated with osteogenic
suppl ement 6s -matdridl gasgonseoin different Imaterial structures.
Distinguishing hBMSCscell shapesof NF+OS and SC+0OS is associated with
hBMSCs response to the material structurergsence of OS. It is also interesting to
comparecell shaps of hBMSCs ofNF and SC+OS because they both induce
osteogenic differentiation in later stages of cell culture through either material
properties or chemicdteatment Cell populationsare also dfined by mixing cell
populations in the same materials or the same chemical treatmechrapdredn a

pairwisemanner The same feature selection and subsampling test procedure based on
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SVM/supercell paradignare applied to all these comparisons. TaBlé& 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. Thicell enabl e:
shaperesponses 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 celirsite
leading difference induced by fiber structure. On the dtled, increasinoundary
concavity and roughnesseidentified as the most distincell shapechange indued

with osteogenic supplement. In the subsampling validation, the classifiers achieve
prediction accuracy of more than 96 % at supercell Nize5 and training sample

size = 90 in comparison of &llF 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
q'<8.7r (<COSC/> >0.99)and prediction accuracy of 95 %, the least supercell size and

least training sample size of &lF vs. all SCaresmaller than that of the comparison
of all OS and all no OS (TabR1l). These results suggest tiatl shapeof h(BMSCs
populationsin different microenvironments on day is more influenced bythe

scaffolds structural differences thahe chemical stimuls.
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Training (100 Iterations)
Comparison FSvs. 8C FS vs. FS+0S FSvs. SC+0S SC vs. SC+0OS FS+0Svs. SC+0S All FSvs. All SC All w/o OSvs. All OS
Supercell Size 5 5 5 5 5 10 10
Metrics Vector Metrics Vector Metrics Vector Metrics Vector Metrics Vector Metrics Vector Metrics Vector
Minor Mean Max Mean Mean
Selected Axis -0.86+0.04| Negative -0.96+0.03| Boundary -0.70+0.05| Negative -0.86+0.03 Area -0.94+0.02 |Circularity 0.72+0.03 | Negative -0.93+0.03
N Length Curvature Distance Curvature Curvature
Classifier (cos
6>0.99, Aspect Mean
X ec
Highest Solidity -0.43+0.06 R:[:tin 0.2+0.1 | Circularity 0.66+0.05 | Circularity -0.39+0.07 | Perimeter 0.28+0.05 | Boundary -0.66+0.04| Perimeter -0.33+0.06
Training Distance
Accuracy’ M
v Mean “:f;nr Mean Mean Num. of
Negative 0.24+0.08 | Circularity -0.13+0.08 ]:"1'3111:]1 -0.240.1 | Tortuosity 0.31+0.09 | Negative 0.20+0.05 | Negative 0.21+0.05 Tiny 0.2+0.1
Curvature Width Curvature Curvature Protrusions
Training
(99+1) % (92+2) % (98+1) % (95+2) % (98+1) % (100+0) % (96+1) %
Accuracy
Subsampling Validation (200 Iterations)
a. For Fixed Supercell Size =5, Training Sample Size =90
P;fd'Ct'On (97+2) % Hyperplane Not Stable (9824) % Hyperplane Not Stable (93+3) % (97+2) % Hyperplane Not Stable
curacy
b. For Prediction Accuracy > 95 %, 0' < 8.1° (<cos 0> >0.99)
Least S‘upercell 4 NA 5 NA 6 5 11
Size
Least Training 57 NA 89 NA 54 58 206
Sample Size

Selected three shape metrics with the highest training classification accuracy (values are indicated with + standard

Table 2.1
deviation). In the subsampling validatian part b, NA (not applicable) means there is no combination of training sample size and supercell

size thatachievesprediction accuracy > 95% and at the same timey' < 8.1° (<COSI7> >0.99.)
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To visualize the populatiooell shapdifference of the two classes defined by
the 3 selected features and associated classifier in each pairwise comparison,
sel ect ed A cwatmtoenepresantative cell shap@@gure 2.8) Subsequent
to each dop of the SVM training on supercells at supercell size of 5 with the selected
features, the trained classifisremployed to classify the original single cells. Single
cells with the decision function higher than 1 or lower thdnare definedas well
classifie single cells respectively fdhetwo classesThe analysighen selectthose
single cells which are always well classified by the classifier of each training
procedureln the next step, for eaatell classfied group of celld calculate the tial
Euclidean distance from each selected single cell to all the other selected single cells
in the selectednetric space established with only the selected featlihese single

cells with the lowest total Euclidean distances to other eaddentified as the

Acanoni cal cell so of e a cckll slcapesespsnses o r epr e ¢

different microenvironment.

52



Metrics: mean negative curvature, aspect ratio, circularity

Metrics: minor boundary distance, circularity, mean major
branch width

Metrics: area, perimeter, mean negative curvature

Metrics: mean negative curvature, circularity, tortuosity

All NF

All sC

Metrics: circularity, mean boundary distance, mean negative
curvature

All wfo 05

Metrics: mean negative curvature, perimeter, number of
tiny protrusions

Figure 2.8

Shapes of

Aicanoni c actell shapédiffesedacer e pr esent i nq

between hBMSCsgpopulations cultured in different microenvironments.
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2.4 Discussion

24.1 SVM/supercell paradigm associates atlhpewith microenvironment

In this chapter in order to address challenges in associdtiegcell shape of
hBMSCs with the celmaterial responseé,designan analytical approach based on a
SVM/supercell paradigm to facilitate muwiéiriate cell shape quantificationvhile
accounting for the high variability in cedhape in eacleell population. Firstthe
proposed approach identifieembinations of 3 shapmetrics (from an original set of
22 metrics) that clearly discriminate the cell population in one microenvironment
from anothelin pairwise comparisons. With tmeduced metric space, the occurrence
of redundant shape metrics decreaseavhile redundancyof the shape metricsan
bring not only interpretation difficulties but alsoise and overfitting problenj§41].

The feature selection procedure directly selects a subset of the original metrics with
straightforward gometrical and biologicalnterpretationsto describe theshape
difference between two classes. In contrast, other remapping methods for metric
redundancy reduction, such as principal component anal¥sid€39, 140]and
multidimensional scaling5], output abstract functien of the original metrics.
Additionally, simplicity of the linear kernel for SVM enablé#® usage ofa single
normal vector for the class boundary to quantify the populagtinshapedifference

and obtain the shape metric importance ranking within the classifier. These properties
of this analysis technique bring convenience of interpretation aboutskefie
responseso biomaterialsand facilitate the targeting of future studies ooldypical

mechanisms that may be associated with particulaslcapeeatures.
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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 hBM&s populations onNF and SC. Error bars

representthe standard deviatiors.

Variability in singlecell shapewithin each cell population can bring outliers
and population overlapseducingthe training accuracy of lear SVMs,as a large

portion of the training data set perform as the support vectors (i.e., cells within the
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marginor misclassified cells) of SVNIL46]. A large fraction of support vectors is a

sign of low training accuracy and subsequently low generalization capability of the
trained classifies [164, 165] As demonstratedvith 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 imadéure 2.9) Thus SVM

training with single cells does not rfit, 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 increasesl both traimg and prediction accuracies of SVMs

are improvedFigure 2.4A and Figure 2.9)

In addition, the number of support vectors reaches a plateau as the training
data size increasébigure 2.9) This implies that given a certain population of cells,
we can estblish 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 contrasat the singlecell 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
nortlinear 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 previousii41].

In the SVM/supercelparadigm, the influence ofariability in cell shapeand

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 pherypie. 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 populatigiigure 2.5A and Figure 2.jBTheseresults cannot be
significantly improved by increasing the training set size due to the increasing
number of support vectorequired to build the classifieAlternatively, if we train a
classifier on supercells, trainiragcuracy 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 (generatingupercell) 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.This provides greater confidence in the

prediction of biomateriainduced cell shpe population behavior.

However, in both training and subsampling validation proceditresfound
that the randomness of supercell generation also brings uncertainty of the classifier
orientation(Figure 2.5B and Figure 2.7)herefore, the selectedpgrcell size should
be tested for reliable cell shape phenotyping and shape metric importance
comparison. Furthermore, in the subsampling validation procédsrioundthat the
classifier stabilitycan beimproved by increase in training data size. Thufficient
data size is required to generalize the sklapecomplexity introduced by both
singlecell heterogeneity andhndomnessf supercellsin this chapterhie appropriate

combination of training sample data size and supercellisideterminedo assure
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both reproducibility of the shapmetric importance information (i.e. higher classifier
hyperplane stabilityand the usefulness of the classifier in future predicti@es

prediction accuracyFigure 2.7B and Table 2.1)

Several factors carpatribute to the variability of ceBhape Since cellshape
is usually identified at a snapshot in time, cells in the same population can be in
different states of attheent, migration and cell cycl@66]. Due tothe disordered
properties of the biomaterial topography, a variety of different niches may exist in a
single culture and play radein the overall fun@nal outcome of the populatidg0,
96]. In addition stem cell cultures are inherently heterogeneous and may contain
different subsets of cells based on their sousm#ation and expansion histofy/67].
Since the majority ofosteogenicdifferentiation assays are based papulation
responses from the culturee(i., RFPCR, mineral staining, alkaline phosphatase
activity, and proliferation assays) and not the singtdl responses, cefihapedata
obtained at the singleell level may not be reflective for overall cell culture response
because of singleell heteogeneity. As discussed above, the proposed method
successfullydeak with singlecell heterogeneity by implementing a supercell method
and subsequent SVM analysis, whigdduce the effect of variability in celshape
andimproves the capability of SVMclassifiers 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 paradigim 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
combinatias and classifies 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
biomaterals, 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.

24.2 Cell-material interactions reflected mell shape

Cell shapehas gained attention from researchers studying several cellular
functions including proliferatiof156], differentiation [1-8, 20, 61, 78, 96Jand
migration[9, 11, 12] It has been demonstrated that global sedpecontrol such as
control in spreading area and elongation may affect properties of/tbskeleton and
cell adhesions to regulate cell proliferation or diffelsian [1, 2, 156] Local
morphological changes such as protrusions and invaginations have also been
associated with the enrichment or waityi of intracellular signalingj12, 168] By
identifying cell shape phenotype with mulriateanalysis, 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 chaptey cell shape phenotypes associated wahofiber scaffoldand
osteogenic supplemerdre specifically examinedBoth nanofiber scaffoldsand
osteogenic supplement have been demonstrated naopgamsteogenic differentiation
[20]. However, the mechanisms behthése interactions are not well understood and

might var. Previous studies also suggested that the fiber emegnhmay promote
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cell morphologicakesponses that are associabgth osteogenic differentiatiofR0,

76, 158160]. With the SVM/supercell paradigm, we have identified specific cell
shape metrics that distinguish cellsnanofiber scaffoldérom those on the control

flat surfaces. The distinguishing metrics include minor axis length, major branch
width, area, solidity, circularity, and mean negative curvature. The roajoshape
response of hBMSCs tmanofiber scaffoldss identified as te narrower width of the

cell. Changes in solidity and circularity suggested that the stelpein nanofiber
scaffoldsis also more dendritidlembrane of cells innanofiber scaffoldsre also
rougher than those on the flat substrate. These changessaadizéd with the

selected representative cell shapes imfeg.8.

We have also identified cell shape metrics associated witmahnefiber
scaffolds environment regardless of chemical supplement treatment and metrics
associated with chemical supplemergatment regardless of scaffold type. These
comparisons identifghe cell shape metrics that may be most important to cellular
response to either thanofiber scaffold®r osteogenic supplement. For example, in
all NF group regardless of OS treatment ditions, 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 roughsieds as mean negative
curvature and perimeter and number of tiny protrusiaresfound to be more
important to distinguish these cells from those without OS treatiNErgnvironment
is more influentialthan OS treatmenh 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 theessted representative cell shafable 2.1

and Figure 2.8)

Traditional shape features such as area, perimeter and cell elongation that we
cal l Agl obal 06 are measured by metceli cs that
membrane curvatures g@rotrusions.This chapters hows t hat Al ocal 0 sh
that enphasize local curvatuseor protrusions are also important in describing
morphological response of cells tanofiber scaffoldsBranching featureare found
to be important in elucidating some differences in sblhpe A possibly related
phenomenon is #t dendritic branching may have important biological significance
for cell signaling where the global phosphorylation level of some messenger proteins
can be enhanced by sghlular protrusions structurgd68]. Another local shape
feature thatis prominent indistinguishing cells of different microenvironmenss
boundary curvare. Curvature around the cdlbundary has been associated with

cytoskeletal force generation and intracellular mechanotransdiittiat7]

Interestingly, in studies where human mesenchymal stdle (hMSCs)are
forced to assume artificial geometries with shape features associated with metrics
identified in the current study, differences in osteogenic potesméabbserved. For
example in a study by Kiliaret 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 beekglnt to not only cytoskeleton and focal
adhesi on spati al organi zations but al so
adipogenesis. Further analysis suggested that-flum dNterminal kinase (JNK) and

extracellular related kinase (ERK1/2) cascades as agethe winglessype (Wnt)
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signaling and mitogeactivated protein kinase cascades (MAPK) might mediate the
regulation of cellshape on hMSCs differentiatid]. These pathways ssciated

with RhA-ROCK pathwayg1, 113]were also found to regulate expressions of Runt
related transcription factor 2 (RUNX2), peroxisome proliferaicivated receptor
gamma (PPAP,)and So0x9 which are closely related to osteogenestipogenesis

and chondrogenesid 18, 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 ceshapewith cell function
however, have utilized artificial cell shape constraints, often via micropatterning
techniques, to investigate influence of c#hpe features on cell functifh 2], and
constrained geometries are not generally representative of thevaiigey of cell
shapes found in the owplex biomaterial environmen({se. Appendix AFigure 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 shigogion interactions
in more complex microenvironments. By identifying cell shape phenotypes and
representative cell shap 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 identépresentativecell shapes that may
represent each cell populatiorhis allows us to gain systematic visualization for the

morphological differences observed in different microenvironmgfitgure 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 tempdafer the future investigation of the effects of cell

shape on cell function with micropatterning techniques.

2.5 Materials and Methods

25.1 Preparation of substrates

PCL films (SC) were preparebdy spincoating PCL solutionQ.7 mL, 0.1
g/mL in glacial acetic acid) on tisswealture polystyrene dishes at 1100 rpm for 30 s.
Films were air dried at room temperature overnight and heated above 60 € for 4 to 5
timesuntil a reproducible cobblestone patterinthe film was achieved~ilms were
punched into disks of 0.95 éniThe surface roughness of the SC is (92.76 +10.69)

nm determined bgtomic force microscopy

To fabricate poly}caprolactone)nanofiber scaffolds(NF), PCL solution
(0.15 g/mL in 5: 1 volume ratio of chloroforrmethanol) was dispensed by a 3 mL
syringe and pump (0.5 mL/h) through a 21
over an array of 0.95 dtissueculture polystyrene (TCPS) disks arranged on a
grounded aluminum foil over a 6 h period. The distame®veen 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 solutioy &@emin 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-é4ll tissueculture 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 medimigimum
essential media from Witrogen supplemented with 16.6 % by volume fetal bovine
serum from Atlanta Biologicals, 4 mmol/L-glutamine and penicill#streptomycin)

and incubated at 37 € with 5 % CGQor 48 h[20].

2.5.2 Cell Cultureand 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 thersuspended in media. Cell concentration was
calculated with a haocytometer. Cells were then diluted with regular cell culture
media or media with osteogenic supplement (OS) of dexamethasone (10 nfwol/L),
glycerophosphate (20 mmol/L) and ascorbic acid (0.05 mmol/L) to the desired cell
concentration (5,000 cells/mL @500 cells/crf) for both media typeEL69]. 0.5 mL
hBMSCs suspension was seededdoh well in four conditiond\NF, SC,NF+OS and
SC+0S). hBMSCs were then cultured at 37 € wilo CQ for 24 h. The seeding
density of 1,0068,000 cells/crh had been used fdn vitro studies to investigate
hBMSCs osteogenesis with different bioassays, as well as studies correlating
hBMSCso6 early morphol ogy [Ww48 bh/0, 17d]iTRss di f f er
seeding density results in many isolated cells after 24 h@iinde cellcell contact

could be a factor in many contexiaffecting both cell behaviand cell shapegyrior
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studieshad identified single cell shape as a possible early marker of differenftation
20, 61] Therefore, in this study, we focusexd singlecell shapeas a model system to
validate our method.
hBMSCs were fixed with 3.7 % by vol ume
phosphatéuffered saline (PBSand then washed with PBS for 3 times. 0.1 % by
volume TritorX 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 phalldi n (0. 33 &M i n
buffer) was added to staindetin 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',-@iamidinc2phenyl i ndol e ( DAPRPd Al 0. 3 ¢€2)
samples were then rinsed with washing buffer and PBS. Stained samples were store at
4 € in PBS protected from light before imaging.
3-D cell shapewas imaged with confocal microscopy (Leica SP5). Samples
were immersed in PBS. Higiesolution 3D z-stack images were captured by a 63x
water immersion objective with the numerical aperture of 1 AU and-thefzsize 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 demstrated 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 eaclyemeere omitted.
121 cells of NF114 cells of SC, 125 cells of NS andl16 cells of SC+OS were

imaged and analyzdéFigure 2.3 Appendix A2, andAppendix AFigure A3.1)
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Chaptsg8rem: Cel | Fates Can be

Mo d

Scaffolds Density aShdapgderdi cated

This chapter is adapted frothe manuscript ofChen, Sarkar, Dunkers and
Losertin preparation Desu Chenis the lead junior researcher on this study and
performed experimentsleveloped and carried out thealysis and wrote a first draft

of the manuscript

3.1 Overview

Human Bone Maow Stromal Cells { BMSC9 have been found tadevelop
osteogenic differentiadn 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 osteogeéifiierentiationand whether
the hBMSCs differentiation resps@é to nanofiber scaffold®F) can be indicated by
the cell shape. In thishapter, assays ttie day 50calciummineralization andssays
of the day 14 osteogenic marker expressaemonstrate thatBMSCs osteogenic
differentiation potentiahre modulatedby systematically vaging nanofiber densiés
The day 1 cell shape classifiers pteained in the independentanalysis with a
different donorin Chapter 2successfullypredict the hBMSCs differentiatiorfates
modulated byaryingnanofiber densitiesNext, the SVM/supercell methoid applied
to identify cellpopulationshape phenotypegith both 2D and 3D cell shape metrics

in response to the critical nanofiber densityerenBMSCscommitthe transition to
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developosteogenic differentiatiorBomeachievedcell shapeindicatorsof hBMSCs
populationresponse to the global nanofiber densilgntified by the SVM/supercell
method are found to be more efficiento correlaé singlecell shape and local
nanofiberdensitypropertiesthan individual cell shpe metricsTherefore, hBMSCs
differentiation can benodulated by nanofiber density amdlicatedwith day 1 cell

shapephenotyps quantified with the SVM/supercell method

3.2 Background

Biomaterials are widely used to provide microenvironment to premesired
changes of cell functions such as migratifhy 11, 12] proliferation [156],
differentiation[20, 88, 96, 172, 173nd reprogramminf63, 174] Multiple physical,
chemical and structural properties of biomaterzds be modulatedto design the
optimal microenvironmental cues based on understanding ehegdrial interactions
[17-19, 82, 83, 175]It is interesting that in some curmstances cedlhapecanalso be
affected bymodulation ofmicroenvironmental cues whidnduce thedesiredcell
function alterations Basic mechanical properties such #®e stiffnessand the
viscoelasticity of biomaterials determinet onlythe mechanical support provided by
the deviceat thebulk level but alsolocal cell function and cell shap@&0, 85, 176,
177]. Some studies demonstrated thdd Popographical cues (e.g. density or order of
the substrate surfacetopography) could influence differentiation dfluman
Mesenchymabtem Cells (hMSCs)88, 89, 93] reprograming ofnducedPluripotent
Stem Cells (iIPSCs)63, 174]as well ascell shape®f 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 ctuon the flat 2D surfaces

[20, 61, 62] However, it is not clear whether thes#l shapechangescan indicate

and predictthe concurrent or subsequent cell functional changes induced by the
biomaterials.

Specifically, Human Bone Marrow Stromal Cells (hBMSCs) hae been
demonstrated to develop osteogenic differentiation after 50 daysgtofe in densely
covered nanofiber scaffolds without osteogenic supplementg@fhe cell shape in
nanofiber scaffolds of hBMSCs were observed to be different compared to those on
flat substrates as early as day[20]. In Chapter 2 of this article, witlthe
SVM/supercell metho@62], | find that hBMSCs in nanofiber scaffolds are narrower
and more dendritic in-B cell shape quantified witkhe z-prgections of condcal
images In another study, byitting the 3D 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 melte c&ll shape in the
nanofber scaffolds[61]. These identified - and 3-D shape metrics or metric
combinations quangfday 1 cell shape phenotypes of hBMSCs in densely covered
nanofiber scaffoldshat might be associated with hBMSCs osteogenesis. However, it
is unclear which structural properties of nanofiber scaffoldsroete hBMSCs early
shape phenotypes and induce later osteogenic differentiatioométteanisms of the
correlation between the identified shape features and later hBMSCs differentiation
alsoremainto be further investigated.

In this chapteto investigatavhethemandiber densityas a structural property

of nanofiber scaffolds camodulate hBMSCs differentiatioat later time poinand
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cell shapeon the early stagenandiber density of nanofiber scaffolds/stematically
varies for hBMSCs culure, transitioning the microenvironment fromD2 flat
substrate to densely covereeD3nanofiber scaffoldsFurther, to test whether early
stage cell shape measurement indicates later hBMSCs differentiation, day 1 cell shape
data in different nanofiber dsities are scoredto measure the hBMSCs shape
response to nanofiber densitl®sthe cell shape classifietrminedin Chapter 2an the
independent experiments with a different donbine predictions made by thpe-
trained classifiers are comparedto 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;ombinations oR-D and 3D cell shapamnetricsin responséo the
varying nanofiber densiés are identified withthe SVM/supercell methadThe
singlecell shaperesponseto local nanofiber density is alsgaugedwith these

identified cell shape metric combinations.

3.3 Analysisand Results

3.31 Quantificationof nanofiber density and groupiraf nanofiber scaffolds

samplesof different fiber densities

To quantify the topographical properties pbly((caprolactone)nanofiber
scaffolds(NF) fabricatedwith different electrospinning timeséeChapter 3.5.)1 all
NF sampesareimaged by nordestructive bright field imagingrigure 3.1B)so that
they we can know the actual nanofiber density of each nanofiber scaffolds sample

used inthe cell culture and bioassaySamplesare illuminated with 4 nm laser.
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Both the reflection and transmission signate imagedin the confocal mode of a
Leica SP5 system. The imaging depth from the top of the nanofibevanes for
different samples and thestep size is 2.@m. | utilize the tiling imaging function of
the microscope to cover a larger area on the nanofiber mat. Aankiéer densities
vary a lot across all NF samples, different magnificatiaresappliedo image enough
field of view in each frameof each NF saple. The lengths ofside of each tile
imagedare258.2nmm, 387.5mm or 1550.8mm in length. The size of the full tiles is 3
by 3.

Images of substrates samplage processed and the properties of regions
encompassed by fibers inl2 max z-projections (Figure3.1B) are measuredin the
imaging processin@Appendix BFigure B1.1) the max intensity projections of the z
stacks are processedwith bandpass filter to reduce the noiseand remove
backgroundsiIn the next stepeither reflection orinverted transmission images of
each NF samplegreprocessed by anisotropic filtefE78] to enhancehe contrast of
fibrous objects. e resultsareinspectedvith eyesto select the best enhancement of
the imagesnanofiber imagesThe segmentatianof the selected resultsre then
achieved to generate binary imaghstinguishingfibers with white and poresvith
black. Because the limit of the spatial resolution of optical microscivbpsg, not
expecedthat the fiber diameter can be measur&datershed processing applied to
the binary images assuming the fib@rs the boundaes with no width between
pores.The poresare thenidentified as the regionsencompassed bghe watershesl
representing fibers anareas of all pores are calculated (Figure 3.1B).dach NF

sample, thelistribution of pore areas ibinned in histograms and the normalized
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frequeng of each binwasdefined andcalculatedas the number frequency of each

bin over the total number of poréSigure 3.1C) The normalized frequencies all

pore area bingre takenas the components of a vecthat characterize eadiF

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 flatPCL 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 indicaa pore encompassed by
surrounding PCL fibers quantified. (C) According to the similarity of distribution
histograms of pore area, NFsamples fabricated with different electrospinning timeare
clustered with k-means clustering into 4 groupgNF1 to NF4) of different fiber densities.
(D) From NF1 to NF4, the average pore area decases and the nandfiber 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 bthe cross symbols.

Further, according to the pore area distribugicimaracterizedvith the vectors
of normalized pore area frequenceeachNF sample, kmeans clustering applied
andidentifies 4 groups of NF sampledNF1, NF2, NF3 and NF4according tothe
Euclidean distances dhe pore area distribution vectors regardless of the duration
time of electrospinningFigure 3.1C) This grouping method based on the nanofiber
density measurement addressesvimiability in fabrication that canridoe accurately
controlled by the electrospinning fabrication tinhe each group, Euclidean distance
of each sample to the geometrical center of the gnoupe space of the pore area
distribution vectors iscalculated and sorted-or cell cultures NF samplesare
selected from theone closest to the group center to farther omaesl theoutlier

samplesare excluded.Thus the variability of nanofiber density in each defined NF
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group is reducedlo keep similarin-samplevariability for different assay®sf each
NF sample groupNF samplesn the same group as®rted into assays in a way that
it minimizesthe differenceof different assays interms ofthe average distace of
replicaesto the group centerAs a result, liis grouping systematically serthe NF
samples to 4 groups NF1, NF2 NF3, and NF4 with significant gradasasesand
relatively low ingroup variationsan nanofiber densities quantified lifie average
pore area anthe nanofiber &ngth per unit areper NF sample(Figure 3.1D) This
proceduras non-destructiveso thatthe quantified and classified NF sampdge next

usedin thecell culture of hBMSCs.

3.32 hBMSCs osteogenic differentiation is modulated by nanofiber density

On day 50, densely covered nanofiber scaffahdsiF4 induce deposition of
calciumminerak by hBMSCs on the substrates without osteogenic supple(@Sit
andthe alizarinstaining of hBMSCs ortthe flat spincoated PCL $C) substatesis
not positive(Figure 3.2A) This resultagres with the observatiom previous studie
with a differenthBMSCsdonor [20]. Further, by increasing the nanofiber density
from null on the SC sulisates the potential of hBMSCs osteogenesienhanced
without osteogenic supplememBMSCs alsaindergoa transitionof osteogenesiat
the nanofiber density of NF2 to initiallgepositcalcium minerad on the substrate
though the nanofiber densitydreases graduallyeven in cultures with osteogenic
supplement, the potential of osteogenesis of hBM&Calso enhanced by the
increase in nanofiber dsity on the substratgfigure 3.2B) These results suggest
that hBMSCs osteogenic differentiation on nanofiber scaffoldaadulatedby the

nandiber densityand there is a transition of hBMSCs osteogenesis from NF1 to NF2.
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To further investigatethe effect of nanofiber density on early NEBCs
differentiation behavior, fold change$ thetranscription leved from day 1 to day 14
of some gene markerare measuredvith RT-PCR. The tanscription level dld
changs of an early markefor osteogenesjslkaline phosphatase (ALPLarehigher
in hBMSCs culture®n nanofiber scaffolds of higher nanofibéensites (NF2, NF3,
NF4) compared to substrates with none or sparse nanofibers (SC anavidFa)
without OS.There is a significant critical increase in ALPL transcription level fold
change fom NF1 to NF2 with or without O$p-value <0.0001 with the -tlvay
ANOVA and Tukey multicomparison tesjslt agres with the day 50 alizarin red
staining resultsand indicateghat higher nanofiber dens enhanceexpressionof
ALPL in the first two weeks of hBMSCs culture NF2, NF3, and NF4 with or
without OS Meanwhile transcription level fold chang®f myosin light chain kinase
(MYLK) related to cytoskeleton tension generation and mechanoseissinigibited
by increasing narfiber densityof NF substratesh the absence dDS. Further, itis
found that with OS, transcription level fold change of thee@gtnesis specific
marker rurdrelated transcription factor 2 (RUNX2p also hgher in NF4+0OS
compared to SC+8 These resudt suggesthat nanofiber density is associated with
early stagegene expressiorelated to osteogenic differentiation and mechanosensing
The increasein nanofiber density from NF1 to NF2 induces critical transition of

hBMSCs osteogenesdis both early stge gene expression and later mineralization.
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Figure 3.2 Differentiation assays atthe population level to estimate effec of
nanofiber density on hBMSCs osteogenic differentiation. Alizarin red stainings applied
to hBMSCs cultured for 50 days on SGnd 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 measutk 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 deviatianof 3
biological replicatesand eachbiological replicate contairs 4 technical replicateq179]. 1-
way ANOVA and Tukey multi-comparison testsare applied to no OS (demonstrated
with blue asterisks) and with OS (demonstrated with red asterisks) media conditions
respectively on different fiber densites. ns: pvalue>0.01, *: pvalue < 0.01, **: pvalue

< 0.001, ***: p-value < 0.0001.
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3.33 2-D and 3D quantificatiors of day 1cell shag

To measure D cell shapethe 2-D maximum intensityz-projectionsof the
day 1 hBMSCs imagemremadein the channel ofhe Alexa Fluor 647 phalloidiand
analyzedwith the fisnak® algorithm [136] as described irChapter2.3.1 (Figure
3.3A). Snake contoursare initiated wih the convex hullsof the hBMSCs and
converge to fit the cell boundary in energy minimization iterations driven by force
fields assumed with the brightness gradierthefAlexa Fluor 647 phalloidiohannel
Parameters used to identify outlines of hBMS@sthe snake elasticity parametdr
(2x10), the snake bending rigiditfy (5X107), the viscosity parameter (0.2), the
external force weight (1xI6), and therangeof distancebetween two consecutive
representative points (2 to 3 pixels). Ortbe 2D sn&e outline of each cellis
obtained, theoutline and the original imagare automatically overlaid to for visual
inspectiongFigure 3.3A) Based on the quantified cell boundaryD Zell shapeof
hBMSCs in different microenvironmenis characterized witi2 2D shape metrics

(Figure 3.3A, Figure 3.3@ndAppendix BTable B.1).
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Metric Metric Type |[Metric Metric Type [Metric Metric Type
Area 2-D L, L, L, Circularity L,
Perimeter 2-D L, Depth 3-D L, Circularity 3-D
Mean Distance 2-D L, Depth L, L, Circularity 3-D
IMax Distance 2-D L, Depth L, L, Aspect Ratio L,
Circularity 2-D iz Depth 3-D L, Aspect Ratio 3-D
Mean Negative Curvature 2-D Surface Area 3-D L, Aspect Ratio 3-D
Normalized Number of Troughs 2-D \Volume 3-D (L,/L,)°s 3-D
Tortuosity 2-D Surface to Volume Ratio 3-D (L,/L,)°s L,
Major Axis Length 2-D L, Perimeter L, (L,/L,)o* 3-D
Minor Axis Length 2-D L, Perimeter 3-D Radius of Gyration 3-D
Solidity 2-D L, Perimeter 3-D Asphericity 3-D
[Aspect Ratio 2-D L, Area L, Acylindricity 3-D
L, 3-D L, Area 3-D Anistropy 3-D
L, L, L, Area 3-D

Figure 3.3 2-D and 3D shapequantification 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 withthe snake algorithm to identify 2D cell boundaries (red) and 2D cell

shape features, e.g. convex hull (white), major axis (yellow) and minor axis (cyarB) 3

D thresholding and image processing algorithmare applied to hBMSCs 3D stack

images for reconstruction the 3D shape in the demonstrated alpha shape and

measurement of 3D cell shape. C) List of the cell shape metrics and their metric types.

3-D cell shapeare segmented with the image processamd thresholding

algorithmintroducel by Bajcsyet al, [132]. 3-D cell segmentationare assumed to
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be solid bodies and fitted to ellipsoids for calculation of moments of gyration tensor.

Briefly, the gyation tensoSis defined as,

Y -B i i i i (Eq 3.1)
v oy oy

{1 Y Yy (Eq 3.2)
N Ny oy

N is the total number of voxels in thelBsegmentation of the cell. i and j denote X, y

or z directionsi andi are the coordinates in the denoted axes of the kth voxel.

i is the coordinate in the denoted axis of the center of masheo3D
segmentation of the celthusi —-B 1 . The 3 eigenvalues e|f are

calculated and defined as the principal moments of the gyration tdnsan<Ls).
The associated eigenvectors demonstrate the directions of the 3 prineipalfdhe
3-D cell shape.

The 3-D cell shapeof hBMSCsis quantified with 29 shape metri¢gigure
3.3C andAppendix BTable B.1). As hBMSCs spread more the xy plane on the
nanofiber scaffolds, the;ldirection is usually closely alignednearthe z direction,
thus cellshapdanformation related to onlyiprojections of cellss similar to 2D cell
shapeinformation anddoes notbring a lot of additional information about hBMSCs
cell shapen the third dimension. Therefore the 29 cell shapé&riosefromthe 3-D
analysisare sorted in two categories. 9; Ishape metrics are only related tg- L
projections and the other 20 metrics involving information jmlikectionsaresorted
in the category 08-D shape metricg~igure 3.3C)Detail descriptions of all-D and

3-D shape metricarelisted in Appendix BTable B.1. Barplots of all shape metrics
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of different substrate groupgith or withoutOS arepresented iAppendix BFigure

B2.1.

3.34 Early cell shapeindicates later differentiation induced by nanofiber

scaffods

As described irChapter 2 cell shapedifferenceof hBMSCs populationsn
densely covered NF and flat ®€EhBMSCsfrom another donofdonor 7038 Tulane
Center for Gene Therapyhave been quantified with selected optimal classifiers
trained by SVM/supercell methdd classify hBMSCs to eithaysteogenid\F class
or nondifferentiaton SC classIn specific, the selected shapetrics areminor axis
length, solidity and mean negative curvatuThetrained classifier average normal
vectoris (-0.8640.04,-0.434.06, 0.244#.08). In thichapter| test whether thegare
trained classifiersare robust topredict h BMSCs responses to different nanofiber
densities with day 1 cell shapethe curentindependenexperimentsvith hBMSCs
from a different donor of hBMSCs (donor 8004LAs curvature calculation is
influenced bythe change immagnificationof the microscope objectiveetween these
two independent studieonly the first two componentsf the classifier normal
vectors corresponding to minor axis length and soliditg appliedto shape
measurements of hBMSCs (donor 8004L) in different nanofiber densiti¢se

current study

In detail, the current shape measurement of hBM@&Gnor 80@dL) in each
condition is denoted asa set ofvectos Xyredice The 2 elements of eacKpredictare
minor axis length and solidity of either a singlell or a supercell (supercell size=5)

generated with the supercell method described irCtrepter 2For each metric, the
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elementsare subtracted by the mean of the elements of training data and then
divided by the standard deviation of the corresponding elementX,gf for
normalization. Here, training datd.in are the supercell data of hB&Cs (donor
7038) at supercell size=%vhich have been optimized totrain the -classifier
guantifyingcell shapdifferenceof hBMSCs populationg densely coveredlF and

SC inChapter 2Shape measurements of the current studgyiormalized as,
A o ® h o © pT, © (Eq 3.3

Here i = 1 for minor axis length or i = 2 for soliditp. and, @ | arehe
mean and the standard deviation of the train data set of the m&mesiZyredict =

(Zoredict,1, Zoredict,) 1S the normalized shape measurement.

Each of thel00 pretrained shape classifie(see Chapter 2.3.2)ith unit
normal vectom; and interceplb; (j = 1,2 , €100) are appliedo each normalized
shape measuremeBtedic: respectively. The decision (targdt)nction y quantified

by each classifieis calculated gs
Y; =0 e+, (Eq 3.9

And the projection oF preqictt0 the perpendicular direction of(projection to the

plane of the classifier),

Wj = (nj 3 Zpredict) Qna 3 nb) (Eq 3-5)
Wherenzandngare the unit normal vectors along the 2 shape metrics.

For each single cell or supercell in the prediction dataiame target function

of y; is then calculaté as the SVM decision function y
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100

yzﬁ),aﬂ Y (Eq 3.9

There is also the average of w

100

wW=—a w. Eq 3.

which is the cell shape information of each single cell or supercell redundant to the

classifier.
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Figure 3.4 lllustration of the classification and prediction of cell shape The pre-

trained classifiers are applied to the singlecell shape data to be predicted. The decision
function y > 1 is taken as the criterion to define asingle cell or supercell 0f8004L
hBMSCs as the same cell shape class of 7038 hBMSCs in fullweced PCL nanofiber
scaffolds inducing osteogenicdifferentiation. The predictions onsingle cells of8004L
hBMSCs on SC NF1, NF2, NF3, and\NF4 with the decision functionare demonstrated

as an example
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Decision function y>1s taken as the criterioto classify whetheone single
cell or superceliffrom donor 8004Lis in the osteogenicNF classdefined by the
independentraining resultsof hBMSCs from donor 7038 in theChapter 2 The
average tangential projection to the plane of the classWiers calculated by
averaging W(Eq 3.7) In Figure3.4, thedistribution of decision functiomy of single
cellsdemonstrate that hBMSGdonor 8004L)on NF4have lower minor axis length
and lower solidityandshift to the side of decision function yI>labeledby the red
dashed linecompared to those on S&s 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 tbhe decrease in minor axis letigand solidity It suggest
that thepre-trainedshape classifieneflectcell shapealteratiors in minor axis length

and solidityinduced by varying nanofiber densities.

Fractions of single cells or supercells at sudersge = 5 with decision
function y > 1 are calculated and presentadth respect to the nanofiber density
measures ifrigure 3.5A These fractionaretaken aghe cell shapeprediction scores
of day 1 hBMSCs populatiodifferentiationbehavior ineach culture conditionThe
fractionsqualitatively agree with the day 50 alizarin red stainkg thefraction of y >
1 increases along witthe increase imanofiber densityif the fractiors of y > 1 is
higher ina certain condition, the chance to observe positive alizarin red stasing
higher in that condition on day 50 (FiguB€A and B). As the nanofiberdensity
increasedrom NF1 to NF2, therés a transition of the day 50 alizarin red staining
results: no samples in NF1 and NF1+OS demonstsitive staining, and in NF2

and NF2+G therearepart of the samples demonstngtpositivealizarin redstaining.
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The fractions of y >1 also agree with the transition of the day 50 alizarin red staining
resultsfrom NF1 to NF2 asthere is a critical increase the fraction y > 1from
arownd 0.5 inNF1to close to 1 in NF2 withouDS. From NF1+0OS to NF2+OS with
OS, there is also aoticeableincrease in the fraction of y > 1 and the scores for
NF2+0S get close to Trhese results suggest that fretrainedday 1 cell shape
classifierscomparing only 2 extreme culture conditiohsve robust capability to
successfullypredicthBMSCs differentiation andell shape alterationsfluenced by
much finer difference in theanofiber densyt in the independent studyith a

different hBMSCs donor

Similarly, the pretrained classifiers also successfully predict the increase in
ALPL transcriptionlevel 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
densitiesarealso fitted tothe transcription level fold changdrom Day 1 to Day 14
with linear regressiommodels (Figure 3.5B) Fractions of hBMSCs with decision
function y >1 in £, NF1, NF2, NF3 and NFdithout OSareassociated with Day 1
to Day 14 transcription level fold changes of ALRith a positive slopgR? = 0.87,
p-value < 0.05) and MYLKwith a negative slop¢R*> = 0.81, pvalue <0.05).In
conditions with OS, ALPL transcription fold changes asefittedto thefractiors of
hBMSCs with y > 1 The fitting result(R? = 0.71, pvalue < 0.05)agres with the
trend that higher nanofiber densitguss both enhancedsteogenesis potential and
higher fraction of hBMSCs with y > 11In conditions with OS, the MYLK

transcription level fold change with respecttihe fraction of hBMSCs with y > 1
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camot be fitted to alinear model (pvalue >0.05). It may suggest that with OS,
hBMSCs response to the varying nanofiber densis in terms of MYLK
transcriptionhave a different nannerthan the responses in conditions without OS.
These resultslemonstratéhat predictios made with the independently pir@ined
cell shape classifiersrealsoassociatedvith day 14gene expressiorsf hBMSCsin

responséo changesn nanofiber densjt
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Figure 3.5 Differentiation of hBMSCs population modulated by nanofiber density

can bepredicted by independently pretrained cell shape classifiers(A) The fractions of
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single cells or supercells at supercell sizex@ith 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 scoreare plotted with
respect tothe average pore area andhe nandfiber length per unit area per NF sample
The error bars represent the standard deviatias in each NF density groups.R) Linear
regressionfitting 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.

3.35 Influenee of nanofiber density arell shapeof hBMSCs population

2-D cell shape analysiss achieved with the method based on snake
algorithms used irfChapter 2 3-D cell shape aalysisis achieved with the3-D cell
imaging processing algorithmsatroducedby Bajcsyet d. [132]. Cell shape of
hBMSCs in different contibns aremeasured with 12-P shape metrics and 29C3
shape metrics. Cell shape alterations in response to the nanofiber density enanges
demonstrated with singleell shape metricexplainedin AppendixB Table B2.1and
the associated statistical tssare presented irAppendixB Table B2.2 It is noticed
that varying nanofiber density influenseboth 2D and 3D cell shape features
(Figure 3.6) For example, as nanofiber density increaske width of hBMSCs
measured by -D minor axis lengthdecrease (Figure 3.6A) Meanwhile the least
gyration tensor component Which measured the-B thickness of cells increasas
nanofiber densityncreass (Figure 3.6B) It suggest that while hBMSCs commit

narrower and more elongated shapes-ih 2prgectionsin response to the nanofiber
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scaffolds they expand more in théhird principle axisand beome thicker.
Quantitative dimensionality of hBMSCare measured with the square roots of

gyration tensor components ratigs;; and j;;, [61, 180]demonstrated in Figure

3.6C It is found that as nanofiber densitycreass, the L3 to L; ratio increass and
the L3 to L, ratio decrease Thus the increasing nanofiber density altered hBMSCs
cell shape from shapes similar #2-D flat pan towardthe more elongated and

thicker 3D spindlelike shape once described by Faroogqtd. [61].

To understandhow hBMSCscell shapeare influenced by nanofiber density
andto identify all the significant shapeetrics that respond tdifference innarofiber
density | apply the SVM/supercell methodescribed in Chapter # identify shape
metric combinations that are associatethwiBMSCspopulationshapedifference of
two conditions.120 supercells (supercell size = 5) of each condiéimrandomly
generated each time and the S\Wapplied to train a classifier with linear kernel.
This supercell generation and training proaedare repeated for 100 times for all
combinations of shape metric pairs of the quantified cell shape methesoplimal
shape metric pairs assumed to describe cell shape difference of two coraliéons
selected based on training accuracy, classifigretplane stability and prediction

accuracy[62].
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Figure 3.6 Varying nanofiber density affects both 2-D and 3D cell shape features.
(A) Minor axis length of hBMSCs decreass as the nanofiber density increass. (B) L,
increases as the nanofiber density increass. (C) Dimensionality measurement of
hBMSCs in varying nanofiber densities. In (A) and (B) the asterisks demonstrate

significance levels of 4dway ANOVA and Tukey multi-comparison tests.

ns: p-value>0.01*: p-value < 0.01**: p -value < 0.001, ***: p-value < 0.0001. In (CYhe

whiskers demonstrate the standard errors of the means.

Because of thebserved transition in osteogenesis of hBMSCs from NF1 to
NF2 reflected bythe day 50 alizarin red staining and the day 14/daglLPL
transcription level fold changegll shape difference of hBMSCs populations in NF1
and NF2 may be associated with this transition. Classifiergrgreed with minor
axis length and solidity hav&iccessfuy predict and this transition. However, there
might be alterations in other cedhape features associated with different biological
processes involving the transition in osteogenesis from NF1 to NER.sRape
difference of hBMSCs influenced by the nanofiber density increase from NF1 to NF2

is comparedwith the SVM/supercell methodChapter 2)to capture the day 1
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hBMSCs shape transition fom non-differentiation environment to osteogenic
environmentmodulated bynanofiberdensities. The criterion to select shape metric
combinations at supercell size = 5 are: (1) average tra@moegacy > 90%, (2)
classifier hyperplane stability (defined Chapter2.3.2 Eq 2.3 and Eq 2.40sq0>
0.99(g6 < ) 8(3)Jprediction accuracies 99% to distinguish hBMSCs in SC and
NF4 and to distinguish hBMSCs in SC+0OS and NF4+0S. 8 shape metriapairs
identified by the SVM/supercell method ¢onstruct classifiers representing the cell
shapedifference of hBMSCs in NF1 and NF2. The 8 shape metric pairs and the
average normal vector component of eaefi shapemetric in the classifiersare
reportedin Table3.1 The positive sign of a certain component nsdaBMSCs 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 distinguishBMSCs shapes in NF1 and NF2.

Average Average
. . Normal Normal Training -
Metric 1 Metric 2 Vector Vector |Accuracy (% 0
Component |Component |

L, Aspect Ratiq Circularity -0.75 0.66 94.4 2.9°

Circularity (Ly/Ly)®® 0.71 -0.70 92.7 3.1°

Area Surface Arei -0.89 0.45 91.8 2.2°

Area Circularity -0.91 0.41 90.9 3.7°

Area L, -0.93 0.37 90.8 3.3°

L, Area L, -0.92 0.38 90.6 3.3°

L, Area Surface Arei -0.90 0.44 90.4 2.3°

L, 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 shapedifference of hBMSCs in NF1 and NF2At supercell size = 5, shape

metric pairs are selected from all metric pairs bygood training accuracies (higher than
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90%), stability (q6<8.1°, cosg6>0.99) and hidn 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 componeate
listed. Metric type color labels: red: 3D cell shape metrics, blue: 2D cell shape metrics,

yellow: L; cell shape metrics.

Several metrics appean the selected metric pairs more than once. To
compare the importance of all the shape metrics comptisajassifiers selgted by
the SVM/supercell methodn Table 3.2metricsshownin Table 31 are listedand
sorted according to the absolute values of the meareafdimponent values reported
in Table3.1 It is found that compared to those in NF1, hBMSCs in NRZkaalle
2-D areas and more elongated shapes of thpioections. Therés also 3D cell
shapedifference of hBMSCs in NF and NR. Compared to hBMSCs in NF1,
hBMSCs in NF2are thicker measured byilLand thus less elongated in theis L
projections. Though the-grojected and |-projected areas of hBMSCs in NRi&2e
smaller than those in NF1, the surface areas of hBMSCs inaNF#so higher than
those in NF1 while the-B areas of hBMSCaresmaller in the zprojections. These
results llustrate that the increasing nanofiber densitiekesBMSCs smaller and
more elongated in their-grojections,and increasing nanofiber affechBMSCs to

commit more 3D shapesvith more spreading in the third principal axis
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Mean of the Average
Selected Metricy Metric Category| Component in Selecte
Metric Pairs
Area 2-D -0.91
L, Area L, -0.91
L, Aspect Ratio 3-D -0.75
(Lg/L,)%® 3-D -0.70
Circularity 2-D 0.55
Surface Area 3-D 0.45
L, 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: 3D cell shape metrics, blue: 2D cell shape

metrics, yellow: L, cell shape metrics.

Among the 8 identifiedell shape metric pairs theese2 pairs included only
2-D and Ly shape metrics. The other 6 pairs included beh & L; metrics ad 3D
metrics.As dscussedn Chapter3.34, classifiers with only 2D shape metrichave
been tested to be enough to indicate later hBMSCs behavior. Howelleshape
alterations in D are also identifiedo beassociated with varying nanofiber density
and modulated hBMSCs differentiatioi3-D information can also bring more
information of cell shape based classification apiediction with SVM/supercell
method Classifiers comprised of these shape metric pairs quantifying hBME&ICs
shapedifference in NF1 to NF2are appliedto other conditioa to compare the
fractiors of hBMSCs or supercells with decision function y>1Table 3.3 The
results suggedhat by looking into the transition behavior of hBMSE&H| shape
when the nanofiber density varies with a finer magnitoeleveen NF1 and NF#he

achieved cell shape indicat¢elassifiers)can alsobe extrapolatedio qualitatively

90



predicthBMSCs behaviorsf nanofiber density even higher than NF2 or lower than

NF1. In addition,3-D cell shape metricarealso useful to indicating later hBMSCs

differentiation induced by nanofiber scaffolds.

) ) Fraction of Single Cells with Decision Function y > 1
Metric 1 Metric 2
SC [SC+O{ NF1 [NF1+O§ NF2 [NF2+0OY NF3 [NF3+0OY NF4 [NF4+0S§
L, Aspect Ratid 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 0.0410.17| 0.46 {0.63] 0.43 |0.68 0.84 (0.82 0.83
Area Surface Are|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 Ly 0.07] 0.09(0.20| 0.41 {0.62] 0.50 |0.78 0.80 (0.94 0.83
L, Area Ly 0.07] 0.08 10.22f 0.41 [0.62] 0.50 |0.76/ 0.82 (0.94 0.87
L, Area |Surface Are[0.05 0.01 [0.19] 0.42 [0.65 0.51 |0.65 0.61 (0.8 0.70
L, Area Circularity |0.02] 0.08 |0.18 0.45 [0.60[ 0.55 [0.59] 0.75 |0.74f 0.81
Metric 1 Metric 2 Fraction ofSupecells with Decision Functiony > 1
SC |SC+0O{ NF1 [NF1+O§ NF2 |INF2+OS§ NF3 |NF3+0OY NF4 [NF4+0OS§
L, Aspect Ratid Circularity |0.00] 0.00 |10.03] 0.38 [0.80] 0.29 |0.79 1.00 |0.99] 0.96
Circularity (L3/L1)0'5 0.001 0.000.00[ 0.41 [0.73] 0.40 |0.81 0.99 [0.95 0.98
Area Surface Are|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 Ly 0.001 0.000.02f 0.24 [0.69] 0.34 |10.98 1.00 [1.00] 0.99
L, Area Ly 0.00 0.00(0.02] 0.24 10.69] 0.37 {0.98] 1.00 [1.00 0.99
L, Area |Surface Are[0.00| 0.00 |0.00[ 0.08 [0.64] 0.25 |0.72] 0.54 [0.89 0.80
L, 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 NFhd.

NF2. Predictions are made for single cells in the first part and supercells in the second
part. Metrics type color labels: red: 3D cell shape metrics, blue: 2D cell shape metrics,

yellow: L, cell shape metrics.

3.3.6 SVM/supercell methodan identifysinglecell shaperesponse tdocal

nanofiber structural properties

In Chapter3.3.3 andChapter3.3.5 the SVM/supercell methot utilized to

investigate cell shapevith supercellsand describe cell shape difference thae
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population level reflectinghe influence ofthe global averagenanofiber density and
indicating later cell population function alterations. To further understandldad
nanofiberpropertiesaffect 2D and 3D cell shapeat the singlecell level | analyze
the imagng channel of the local substrates for each imaged hBND&@ng confocal
imaging, for each cell, the surrounding fibers in the saee areimaged with the
transmission and reflection light. The local fiber imagéeach single celarethen
processed wit the same method described Gtapter3.3.1 Thus the fibersare
segmented as line objects with no widtlecal nanofibepropertiesfor eachcell are
guantified with several types of fiber density measures derived freb @ax
projections of the substratimagegAppendix Table B4.1)The Pearsos correlation
coefficients of the local nanofiber densityeasuresand the shape metricare
calculated The correlatiosof the local nanofibedensity measureand the cell shape
measured by decision functions of the classifiers selected with SVM/supercell method
or Principal ComponentAnalysis(PCA) arealso investigatedAppendix Table B4.2

and Table B4.3)
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Figure 3.7 Responseof singlecell shape to locafiber density can be detected with
shape indictors identified by SVM/supercell method to describe population difference.

(A) and B) The singlecell metrics L, aspect ratio and circularity of single hBMSCs
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without OS with respect to nanofiber density under the cellThe Pearson correlation
coefficients are calculated(C) Decision function y of single hBMSCs without OS given
by the classifiels combining L, aspect ratio and circularity trained by SVM/supercel
method on NF1 vs. NF2. The shaded region represents the margih SVM, where the
predictions of single cellsare uncertain definedin SVM model. The Pearson correlation

coefficient is calculated.

The singlecell shaperesponse of hBMSCs to the local néher density
agres with the trend reflected by theessociation betweegmopulationcell shapeand
global fiber densitied-or example, singleBMSCbecomenarrower more elongated
andthicker in response to the increasiiegal nanofiber density{Figure 3.7C) It is
also noticed that the absolute values of the linear correlation coeffiar@rist high
(Appendix B Table B4.2 and Table B4.3) is possibly becausthe current image
based 2D quantification of local nanofiber densitiesasnot quantiy and generalize
all the properties of the local nanofiber microenvironment that might affect siatjle
shape. Meanwhile singleell variability of the cellmaterial response might also
cause randomness in determination of cell shapewever, singlecell shape
quantification bysomeclassifiers selectednd trainedoy SVM/supercell methods
more linearly correlated wititomelocal nanofiber densitgneasuregsompared tdahe
individual cell shape metrics included in each classiterd the PCA principal
componetts (Appendix B Table B4.2 and Table B4.3)his observatiosuggestshat
SVM/supercell methodmight not only more efficiently associatecell shape of
hBMSCs populations, thglobal nanofiber density differencand latercell function

alterations but also perform as better shapeantification of singlecell shape
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response to local nanofiber dengygure 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 nanofibescaffolds

In previous studiesit had been found that densely fabricated nanofiber
scaffolds induce osteogenic differentiation of hBMSCs without chemicalsd28].
However, it remaia a question which structural properties tbhe heterogeneous
nanofiber scaffoldanicroenvironmentcan influence hBMSCs differentiatiomith
only 2-state comparisons tfie densely fabricated scaffolds atite flat surfaces. In
this chapter by varying nanofiber density and clustering nanofiber scaffolds samples
according to nanofiber densities quantified bip 2ore ara distributions, different
nanofiber densitieareinterpolatecbetween the 2xtremestates otheflat substrate
and the densely covered nanofiber scaffoldsth gradualdifference | investigate
whether the gradually increasing nanofiber densitg factormodulatinghBMSCs
osteogenic differentiation. turns out that increasing nanofiber densignenhance
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, itis also found that the nanofiber denss#tars to be a factor
affecting cell differentiation behaviors on early stagg$shBMSCs cultures In
addition, hBMSCs osteogenic differentiaticande induced without OS by even less

densely coveed nanofiber fiber scaffoldéwnith shorter electrospinning fabrication
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time), e.g. NF2 and NF3with lower nanofiber densitiesompared to those used in
the previous studieg20, 61, 62] However, nanofiber scaffolds with even lower
nanofiber densitthan NF2.e.g. NF1 cannottrigger osteogenesis behaviér critical
significant increase in ALPL expression is also noticed from NF1 to Nk&refore,

in this study designnot only the hBMSCs osteogenesisnodulated bygradual
changes in nanofibedensty but also thdaransition behaviors diBMSCsfrom NF1

to NF2 allow us to understand association of hBMSCs differentiation to
microenvironmental cues and eadtagecell shapewith finer precisiors. It is also
important that e charactestic nandiber densites inducing variation in hBMSCs
osteogenesis providenportant length scale for biomaterial desigrof osteogenic

fibrous biomaterial$80, 97]

Though quantification of the-B pore area distributions used as a nen
destructive method to group similar nanofibeaffmlds samples, varying nanofiber
density of nanofiber scaffoldscan result in changes in severalother
microenvironmental cues. First, increasing nanofiber density resulted in smaller pore
size between nanofibers which directly influesmtiee sizes of stem cell niches. The
sizes of the stem cell niches arttie material porosityhave beenfound to be an
importantcue for stem cell differentiation in biomaterial80, 92, 181] Density of
nanofiber may also influence the diynof sites for ceHmaterial adhesions which
have beerdemonstratedo influence stem cell differentiatigd8]. It should also be
noted that as nanofiber density of nanofiber scaffoldseass, nanofibersstartto
stack on each other and the microenvironmintmore 3D. It has also been

demonstrated that stem cells may alter their behaviors in moreD 3
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microenvironments compared to cell behaviors on flat substfag&’ 183] In
addition, surface roughness and topography influenced by the nanofiber deagity
be factos causing bkaviorl alterations of hBMSCsdheringon the top of the

nanofiber scaffold§88, 171, 172]

In addition to cell function alterations of hBMSCs in response to these
microenvironmental cues,-R and 3D cell shaperesponss of hBMSCsare also
integrated reflections of these microenvironmental cues correlated with nanofiber
density. Therefore, cehapemay perform as measurement of the nanofiber density
reflecting combined effect of several microenvironmental ¢u86]. In this study,
we manage to quantify association betwtencell populationshapephenotypeand
global nanofiber densitiesaand then zoom in to quantifyorrelation ofthe singlecell
shape and local nanofiber scaffolds microenvironmerith the SVM/supercell
method It facilitates the understandingabout how microenvironmental cues

associateavith nanofiber densities modulate hBMSCs differentiafi@ppendix B4)

3.4.2 hBMSCs osteogenic differentiation potential in response to nanofiber

densitycan be indicated by early cefhape

Early stage celshapehas been found to be a useful and semsitmarker to
predict hMSCs[d] adl imminesuppredsionaundtiajd] influenced
by variability in donor and passaging conditions. As structural properties of
biomaterials may affect ceBhapedirectly, it ha been suggested that ceshae
regulated by biomaterials could be correlated with cell fundciiterations[20, 63,
184]. Thus arly stage celshapanay be ableo indicate later cell function alterations

regulated by structural properties of biomaterials. To test whether day dhapk
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canindicate later hBMSCs differentiation induced by nanofiber saddfolanofiber
densityis variedto modulateboth day 1 hBMSCgell shapeand later hBMSCs

osteogenesim this chapter

The first potential cell shape indicattsted in this studis the pretrained
classifiersset built with minor axis length and solidity selectadd trainedby the
SVM/supercell method to compaday 1 cell shapdifference ofnondifferentiaion
hBMSCs (donor 7038)n flat substrates anchBMSCs developing osteogenic
differentiation ondensely coveed nanofiber scaffolds the independent study in
Chapter 2 Thesepretrainedcell shapeclassifiersare appliedto predict osteogenic
differentiation of hBMSCs from a different donor (8004Llih responseto the
interpolatedgradually varyingnanofiber ensities. Itturns out that the fractios of
singlecellsor supercellslassified to thesteogenidNF classqualitativelyagreewith
the day 50 alizarin redtainingresults and the day Adhy 1 fold change of ALPL
transcriptionwith respect to the changes in nanofiber dentifg important to notice
that here is no modification of the intercepts of firetrained classifiers when they
areapplied to thecurrentdata In addition,the data to be predictasl normalized to
the training datalt means that there is no adjustment of the classi§elscted and
pretrained with SVM/supercell method to fit bias dfifferent independent
experiments and studies. In addition, though the classifiers are trained with the
comparisorof two extreme nanofiber densitieaf substrates with no nanofiber vs.
densely covered nanofiber scaffolds with high nanofiber dgnditye classifiers
successfullypredict the transition of hBMSCssteogenesisat the interpolated

intermediate nanofibedensitiesat NF1 and NF2 with finedifferencein nanofiber
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density. Therefore, the set of cell shape classitieisiedwith the SVM/supercell
method is a robust predictor indiceg hBMSCs differentiation modulated by
nanofiber densitiesvith good generalization and sensitivity further suggest that

the selected cell shape combination (minor axis length and solidity), the normal
vector of the classifiers, and the bi&slass boundary positionidentified by
SVM/supercell methods aressociated with hBMSCs differentiation induced by

nanofiber scaffolds

As thereareonly 2-D cell shape metrics (minor axis and solidity) included in
the pretrained cell shapeclassifiers only 2D shape features might be enough to
predicthBMSCsdifferentiation in response to nanofiber densitythis chapter cell
shape classifiersvith both 2D and 3D shape metricare also trainedvith the
SVM/supercell methotb compare celshapesn NF1vs. NF2 (Chapter 3.3.5pr SC
vs. NF4 Appendix B3. | applythese classifiers to quantiéell shapeof hBMSCs in
response tathe other nanofiber densities atithd that 3D shape featuresre
optionally useful to indicate hBMSCs differentiation as wéalal§le 3.3. It further
suggest thatthe nanofiber desity changes have 3 effects on cell shape which are

associatethter hBMSCs differentiation in nanofiber scaffolds.

3.4.3Both 2-D and 3D cell shaperesponses of hBMSCs are associated with

nanofiber density

In the Chapter 2 with SVM/supercell method, we identifiedD cell shape
features that describeell shapelifference of hBMSCgpopulationson flat substrate
and densely covered nanofiber scaffolds. For example, hBMSCs on densely covered

nanofiber scaffoldshave smaller width in zprojections quantified by minor axis
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length. Itis also found thahBMSCsaremore dendritic. In thighapter as nanofiber
density varies, -D and 3D cell h(BMSCscell shape responses to nanofiber scaffolds
arestudiedto associat themwith the gradually increasing nanofiber density from SC
to NF4. The resultare demonstrated iAppendix B Figure B2.Jand Appendix B
Table B2.2 Alterations of hBMSCs behavios between 2D and 3D
microenvironmentsffect 3D cell shape Quantification ofhBMSCs cell shape with
3-D cell shape featura®vealsthat increase in nanofiber density resift more 3D

cell shapes of hBMSCs quantified by more spreading in z amtiréctions and the

ratios of the gyration tensor moments

To identify the cell shape &ures that best describe hBMSCs population
shapealterations associated with the transitiorhBMSCs differentiatiormodulated
by nanofiber densities, the SVM/supercell metliwdpplied toselect shape metric
pairs that distinguished hBMSCs in NF1 anB2N With the criterion mentioneih
Chapter 3.3.58 shape metric paiereselected, 2D metrics appear in every pair and
3-D metrics appear in 6 metric combinatidiable 3.1) Thereis also one metric pair
comprised of only 2D shape metrics. This result suggested that bethahd 3D
cell shapealterations areassociatedvith the cellresponse to changes in nanofiber
density. It alssuggest that it may require only-B cell shape mets to distinguish

hBMSCs in NF1 and NF2.
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3.5 Materials and Methods

3.51 Sample Preparation

Poly(e eaprolactone) (PCL) spiooated 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. Film&redried at room temperature and heated to
60°C for 4 to 5 times until formation of the reproducible cobbtene patrn on the
films. To fabricate polygcaprolactone) nanofiber scaffolds (NF), 0.15 g/mL PCL in
5: 1 volume ratio of chloroform: methanshsdispensed by a 3 mL syringe with a 21
gauge 10 shaft flat tip needl e. ol uti on
electrospun over an array of SC disks arrangethemgrounded aluminum foilTo
vary thenanofiber densitpf NF, the duration time of the dispensatiwas controlled
(5 min, 15 min, 30 min, 60 min, 120 min or 240 min). The distance between the
syringeneedle and the targetas 20.4 cm. The needigas connected to a positive
lead of 13.5 kV. The diameter of fabricated PCL nanofilveas (589 +116) nm

(n=151) as determined by scanning electron microscopy imaging

3.52 Cell Culture

SC samples and NF salep of each NF groupereplaced in 24well 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 seedingf the cells,each well was fully wetted with 1 mL cell

culture media d-minimum essential media from Invitrogen supplemented with 16.6%
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by volume fetal bovine serum from Atlanta Biologicals, 4 mmol/glutamine and

penicillin-streptomycin) and incubated at 37°C wifl§ CQ 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 henocytometer. Cells were then diluted with regular cell culture media or media
with osteogenic supplement (OS) of dexamethasone (10 nmioiglycerophosphate
(4 mmol/L) and Lascorbic acid sphosphate (0.05 mmol/L) to reach the desired cell
concentrationX0,000/mL) for both media tygel mL suspension of h(BMSCs or no
cell control was seeded to each well. Plates were then cultured at 37 € with 5% CO
for desired period of time for each assay in 10 conditions (SC, NF1, NF2, NF3, NF4,

SC+0S, NF1+0S, NF2+Q8IF3+0S, NF4+0S).

3.5.3 Confocal microscopy

On day 1,hBMSCs were fixed with 3.7% by volume formaldehyde in
Dul bec c o6 dufferdd saine {PBE) eand then washed with PBS for 3 times.
0.1% by volume TritorX in PBSis used to permeabilize hBMSCs for 10 mirhe
samples were thenwashed with PBSor 3 times Sampleswere soaked in blocking
buffer (50 mg/mL bovine serum albumin in PBS) for 30 min. Alexa Fiobr
phalloidin (0.33M in blocking buffer) was added to stairaEtin 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 44ignidinc2-phenylindole
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(DAPI, 03 mMdr 5 min. All sampés were then rinsed with washing buffer and

PBS. Stained samples were store at 4°C in PBS protected fronpligintto imaging.

3-D cell shapewas imaged with confocal microscopy (Leica SP5). Samples
were immersed in PBS-3 z-stack images were capturbyg a £Dx water immersion
objective with the numerical aperture of 1 AU and tketep size 0600 nm. The z
depth of each stack was determined by the spreading of each cell in z direction
therefore the whole-B cell shape could be capturddAPI stainingof nucleiwas
used to identify single cells manually for the analylsisaddition, we set up a channel
to collect reflection of nanofibers at wavelength of 683 orsignals of transmitted
light, to image local nanofiber scaffoldénalysis of the localffiber density also
followed the image processing method described in supplementary information. Cells
touching the edges of field of view or top and bottom of tséazkswereomitted in

later analysis.

3.5.4 hBMSCs differentiation assays

We measured Dag to Day 14 transcription level fold changes of RUNX2,
ALPL and MYLK with reversed transcriptiopolymerase chain reaction (FACR)
to measure the genotypic response of hBMSCs to nanofiber scaffolds with different
fiber density. Total RNA from samples weasslated 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 ROADNA kit
(Applied Biosystems) and SimpliAmp thermal cycler (Applied Bgisyns). cDNA
concentrations were measured with Qbit ssSDNA assays and the samples were diluted

that the amount of cDNA in each well was 10 ng inROR. RFPCR assays were
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conducted with primers of TagMan Gene Expression Assays (Applied Biosystems)
and TaghMan Universal Master Mix 1l with UNG (Applied Biosystems) on ViiA 7
PCR systems. The included TagMan gene expression assays are ALPL
(Hs01029144 m1), RUNX2 (Hs01047973_m1), MYLK (Hs00364926, midl the
referenceGAPDH (Hs03929097_g1l)or each time poirdnd sample group there are

3 biological replicee samplesand for each primer, there are 4 technical refgga
wells. The propagatedstandard deviations were calculated over the biological

replicaes

At the late stage of cell culture (day 50alizarin red stainingis appliedto
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 MBIH or HCI. Samples were f&d with 3.7%
formaldehyde in PBS for 1 h at room temperature. Upon finishing removing the
fixation solution and washing with deionized watérstained the samples with
alizarin red staining working solution for 1 h at room temperature and placed the
sampés 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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ChaptPehrendoit ypi ng Neutrophn lviMiogr

with Subcellul ar Cell Shape Quan

This chapter is based adne collaboration withDr. Nicholas Melis Center for
Cancer Researc{CCR), National Cancer InstituttNCI) and Dr. Roberto Weigert
CCR, NCI All experimentsfor the analysis showim this chaptelare conducted by

Dr. Melis.

4.1 Overview

Cell migrationin vivo is important for multiple physiological processes and
driven by intricate cytoskeleton dynamics, regulatory pathways, energy consusnption
and complex extracellular chemical and physical cues. One important question about
in vivo cell migration is how the different drivers of migratienntracellular and
extracellular signals, as well as mechanical and chemical factors, are coortnated
achieve cell migration and function. Cell migrationvivo is difficult to recapituhte
in vitro, due to the complexity and overlap of the pathways which are all
simultaneously present at least to some degreia favo cell migration Furthermore,
chemical and mechanical signals vivo are quite heterogeneous. This Chapter
develops aranalysis procedure to quantify multivariate cell shape dynamics at the
subcellular level for & movies of neutrophil migration in mice ear tissiiéssues
that are close enough to the surface of the mouse that subcellular resolution images
can be acqued with Intravital Subcellular MicroscopyiSMic). Compared to

traditional microscopy technologies, ISMiwith 2-photon excitation reduces
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photobleaching and photodamage, improves the imaging depth and resolution in the z
direction, and enables imaging 4D moviesof subcellular dynamics oh vivo cell
migration with fast frame rate.

The local cell shape is quantified based on measurements of cell boundary
points withthe snake algorithms as discussed in chapter 2. Expanding the analysis
toolset beyoncthapters 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 ehusiele myosin 1A
(NMIIA) along and nearthe cell boundaryis 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 measurea both
vivo andin vitro to assess similarities and differences of the dynamic cytoskefeton
vitro andin vivo. | find that correlations between some quantities are similar, but
some are uniquely observed orily vivo, indicating an emergent phenotype that
cannot be easily dsgcted in simplén vitro models.

NMIIA localization and cell boundary retraction are correlaiedvivo, in
agreement with observatioms vitro. In contrast, NMIIA localization and positive
cell boundary curvatuseare only correlatedn vivo but not in vitro, thus this
correlationcharacterizes unique dynamic phenotype iof vivo cell migration. Both
of these correlationarefound to depend on both cell speed and differ between front,
sides, and back of a cell. This analysis method can be appliedvéstigate

correlation otthe cell shape dynamics with other driversmowivo cell migration.
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4.2 Background

Many physiological processeswvolve cell migration. For example, in
embryoticdevelopment, cells migrate to the prograed positions to fornstructure
of the organisnj22, 185] In wound healing, cells migrate collectively to recover the
original tissue[186, 187] In immune response, neutrophils can be stimdlaied
migrate to get close to thates of infectiors and inflammations[188, 189] Cell
migration can also be a pathological phenomenon. Cancer cell migadairomg
metastasis is harmful to the organi$h®0].

In living organismscell migration isdrivenby a complexsetof pathways that
lead to multiple types of migratory driving forceEheassembly othe cytoskeleton
can push the cell membrane forward dhd contraction driven by the actomyosin
networkcan, in the presence aflhesionsmake the trailingedge of a celfollow the
leading front[64]. In addition, high fluid pessure can also drive local plasm
membranepatches outward, generating so calidebs[66, 67] In some cases, cell
migration can be driven by external forces suchbk®d circulation or contact
pressure There are various signals guidiagd modulatinghese migratory forces
Somecells can sense gradismf chemoattractant frora source to initiate and steer
migration usingcytokines from cell-cell signal relayo move collectivelyj24, 32, 34,
188]. There are also multiplietracellularpathways (e.g. the Rho GTPases family, the
phosphoinositidésregulating both the sensing of the signals and the intracellular
machinery driving cell migratiorf29, 30, 55, 56, 103, 191JThe physical and
topographical propées of the extracellular microenvironmeran beseen asignals

that direct cell migration as well Recent work indicates thahed alignment of
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extracellular matrix texturenay guide cell migration by alignintpe orientation of
actin wavesalong the stface texture, a phenomenon termesbtaxis[81, 111]
Becausehe driveranfluencing cell migration are complex and entangfedivo, it is
difficult to recapitulate all characteristics of cell migrattogethemwith fidelity in the
simplified in vitro systemg192].

The focus of thischapter is on neutrophils which can respond to
chemoattractardnd cytokineg24, 73, 188]in immune responsi vivo. Neutrophil
cell migration is characterized by micron scaédhanges incell shape andocal
rearrangements of tleytoskeletor{66, 70, 193] Migrating reutrophilsarepolarized
with asymmetry in cell shap@ the actin and microtubuleytoskel¢éon, andin other
proteinsassociated with cell migratidd1, 32, 34, 65] Thereforeguantifying thein
vivo neutrophil migrationphenotype requiresubcellular levelquantification ofthe
local cell dynamicsand intracellular molecuse

To understand interactions tiie cell shape dynamicand the actomyosin
network in neutrophil migratiom vivo, this chaper is dedicated to quantifying and
associatinghe dynamicsof subcellular cell shape features ahd localdistributiors
of fluorescetly labeledNMIIA (NMIIA -GFP)in vivo, imaged withISMic with 2-

photon excitatiorf35, 36}
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NM"A'GFP 20 ym

MitoTracker Red

Figure 4.1 Snapshots from a 4D movie of migratory Butrophils in vivo obtained
using ISMic. The maximum zprojections of all acquired channels of one frameare
displayed here, along with with the merged imagéel he greenchannelis for GFP labeled
non-muscle myosin 1IA (NMIIA -GFP). The red channel collectssignals of the
MitoTracker Red staining for mitochondria. The collagen in the extracellular matrix is

imaged with SecondHarmonic Generation (SHG) and presented in cyan.
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4.3 Analysisand Results

4.3.1 Quantification of celshape dynamics of neutrophifsvivo at the

subcellular level

As described in detail below in the methods sectmentrophik were purified
from the donormouseexpressig nonmuscle myosidlA -GFP (NMIIA-GFP). Forin
vivo studies, the extracted neutrophiiere injectedto the ear of an anesthetized
recipient mouse Neutrophils migratiorwas stimulated by a sterile laser injury the
recipient tissuez-stacks of mutrophilswere thenlive imagedwith ISMic with 2-
photon microscopyn time lapse(Figure 4.1)[35, 36] In addition to NMIIA and
mitochondria imaged with the twghoton excitations of the fluorophoredjet
extracellular collagen matrixis imaged withSecondHarmonic Generation (SHG).
For in vitro experimentsneutrophils were stimulated witwKYMVm at 0.1pM in
the underagarose asyaZ-stacks of the eutrophilsin chemotaxisvere imaged with
corfocal laser scanning microscapy

The NMIIA-GFP channel of each-stack frame in movies of neutrophil
migrationis segmented with the-B thresholding algorithnntroducedby Bajcsyet
al. [132] to achieve D segmentations of each isolated obje¥exy snall andlarge
objectsareidentified as norcell objects and excluded in further analy3is.identify
more accurate -B cell boundary outlines with subpixel prdacie n's , t he fAsnal
algorithm [136, 137] is initialized with the perimeters of the-projected 3D
segmented objects and applied to the ma@xagection of the oginal image(Figure
4.2A and4.2B). Details and parameteused in thdi s n a k e 0 aaeldesaibed t h m

in Chapter 3.1 Sincel measurehanges in shapeyrfeach snake outlitbe number
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of boundary points is fixed td00. These pointareobtained by interpolation from
the output raw snake outlineith even spacing along the cell boundafye local
curvatureis measured by fittingicles tothe every11 congcutiveboundary points
for the center pointand extracting théverse radis as the local curvature of the
center boundary poirfEigure 4.2B and.2C).

To quantify the local fluorescence intensitgefine an inner contour frothe
cell boundary outlindy shrinkingit in such a way as to uniformly move inward by
1.5mm, shown aslte purple contour ifigure 4.2D 100 pointsareinterpolated to the
inner contour as well. The 100 inner contour poaresoneto-one mapped to the 100
boundarypointson the snake outline achieve the minimum total distanfeg. the
sum of the lengths of the cyan lines in Fiugre 4.2B)ery 2 consecutive boundary
points and the 2 mappgubints on the inner contouare taken as 4 vertices of a
polygon region. 10 consecutive polygoof every 11 boundary points of the snake
outline are combined to define &boxo for the center boundary pointhe aerage
intensityof voxelsin the 3D cell shapesegmentationg/hich can be zprojectedinto
the defined boxor the center boundary poirg calculatedas the locafluorescence
intensity associatedith that center boundary point. Due to cell heterogeneity and
variability of different mice and experiments, the local fluorescence intensity
normalizedto the totalfluorescencentensity of the 100 boundary points of each
objectat each frameThusthe local percentage of the total boundary fluorescence

intensityis measured.
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()

Figure 4.2 Quantification of 2-D cell boundary and local fluorescence intensity. The
isnakeo aslagpled to thdy max zprojection (A) to extract cell boundary with
subpixel precision represented by 100 boundary points as the yellow contour
demonstrated in (B). As show by the example in (B), circlesare fitted to every 11
points to calculate local curvatures demonstrated in (C). (D) The local fluoresaee
intensity is measured withthe average intensity ofvoxels which can be #projected into
the boxescombined by every 10 consecutive polygorfseparated by cyan linesyith 1.5

mm depth (the purple contour) from the identified 2-D cell outline (the yellow contour).

To quantify the dynamics dhe cell locomotionand thelocal subcellular cell

boundarygeometricakenters of the snake outlines across the mana&racked with
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the Crockefs particle tracking algorithm[194]. The tracking resultare manualy
visualized and inspected selectedwell imaged single celirajectoriesand exclude
frames when cells touch other cells amdencells move at the volume. With the
tracking results of the cell center, dynamics of local cell boundary motoms
guantfied by tracking the 100 boundary points of evéwo consecutive frames.
Each boundary poins first tracked bythe minimum displacement distanceterion.
Because of the limitation of imaging frame rate, the minimum displacement criterion
brought artiacts to the tracking of the protrusion and retraction with large magnitude.
To achieve more realistic boundary points tracking, rhve tracking resultis then
smoothed9] (Figure 4.3) Therefore, thdinal tracking resulis neither oneo-one
mapping minimizing global total displacement distance ndhe minimum
displacementat each boundarypoint, but the minimum averagedisplacement of
severalconsecutive boundary points. With the cell boundary points tracking results,
the local subcellular cell boundary dynamics between 2 consecutive fr&nes
guantified bythe displacement vectoesd the area changes of the boundary points.
For each cell bawary point, the area change was defined as the area of the region
passed by the boundary outline section betweerntwbemidpointsbeforethe two

next boundary points on both sides to th@undary outline section between the

associatedwo midpoints in tle next framégFigure 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 connectedto a boundary point in the next frame to achéve
minimum displacement. In order to better quantify protrusions and retractions with
large magnitude, the raw tracking resultsare smoothed to achieve the final boundary
point displacement vectors denoted by thegreen arrows. Local cell boundary area
changesare defined as the examples of the orange regions with positive sign for

protrusion and negative sign for retraction.

The dynamics of local cell boundary atiek local NMIIA-GFP fluorescence
intensity can bevisualized by kymographs proposed by Driscell al [9]. In the
kymographgFigure 4.4) thevertical axis representecbnsecutivdooundary points of
the cell in the loop. Point 1, whigk next to point 2 and point 10& the geometrical
rear of the cell at the first framdefined by the closest retracting boundary point to

the major axis of the tiédellipseof the cell Thus pint 51is 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 intensityptngadary area
change ratefrigure 4.4. Thehorizontalaxis indicatestime, and columns of the local
measurement at each time fraare aligned along the time lapse axis so that point 1
is always the same trackedll boundarypoint over thdocomotion trajectoryof the

cell geometrical centein the kymograph of the locaklt boundary curvature of a
migratoryneutromil in vivodemonstrateth Figure4.4, the highcurvatureregions of

the rear (around point 1 and point 100) and the front (near poirdabOpevisually
identified with red or yellow colors Somered or yellav slanted ridgeqone is
denoted by a black arrow in Figure 4ia)the kymograph impl that some high
curvature bumparegenerated near the front of the cell and travel toward the rear in
the referenceframe of the cell boundaryThis kymograph patteris similar to the
phenotypeof the cell boundary curvature dynamicsDa€tyosteliumdiscoideuncells

in amoeboidmigration modan vitro described andjuantified by Driscollet al [9],
which is characterized as cell boundary curvature waves. Local cell boundary motion
andthelocal NMIIA-GFP fluorescence intensigyealso visualized with kymographs
showing patterns that might be phenotypically or eventiomally associated to each
other This chapteris focused on understanding tl@ vivo neutrophil migration
phenotypéan terms oflocal cell boundary dynamics and how the change in cell shape
is coordinated with the local actomyosin network dynanies. NMIIA -GFP
localizatior). | find that the coordination of cytoskeletal network assembly,

contractility, and cell migratiom vivois distinct fromin vitro observations

114



Local Cell Boundary Motion
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Figure 4.4 Visualization of local cell boundary dynamics and NMIIA localizatinn
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 neutrophslin vivo

To investigate whether theres a correlation of the local NMIIAGFP
fluorescence intensityand the local cell boundary curvature, | plot the local
percentage of total boundary NMH&FP intensitws. the local boundary curvature
at the same celloundary point. Figuréd.5 shows this plot for a single ceWith each
point represeimg a single cell boundary pointwith separate points drawn for each

frame. Figure4.5 shows a compason of anin vivo finonmoving ceb defined asa
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cell with average speedf the cellgeometricalcentersmaller than0.1 mm/s (Fig.
4.5A) anda fimoving celo defined asa cell withaverage speedarger thar).1 nm/s
(Fig. 4.5B) The points arecolored by local point densityndequatdensity contours
areplottedas a guide to the ey@&he visualy noticeabledifference of the scatterplots
impliesthat tre local fractiorof NMIIA -GFP intensitys likely to increaséf the local
boundary curvature increaseduring the migration ofthe demonstrated moving
neutrophilin viva It is alsonoticeablethatthis trend is less obvious in the movie of

the nonmoving cell.
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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 speedf the cell geometrical center smaller than0.1 mm/s
and (B) a moving cell with average speedarger than 0.1 mm/s. The color of the points
represens the local scatter point density in the metric space. The black contours
indicate the point density levels The black dashed lineshowthe fitted linear regression

models of the scatter points.
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Further, we quantyf the correlationof the local NMIIA-GFP fluorescence
intensity and the local cell boundary curvature by fitting the linear regression model
(Figure 4.5 and Figure 4.6Aand calculating the Pearson correlation coefficient
(Figure 4.6B)of the data point distribution for each calith 1-way ANOVA and
Tukeymulti-comparison test it is found that both the slopes of the fittgttaightline
and the Pearson correlation coefficients of moving cells (average speedm/8)1
are significantly higher than that of nonmoving cells (average speed /%),
combining 3independentn vivo experiments of 3lifferent neutrophildonor mice
and 3differentrecipient mice. limpliesthat theras a positive correlation dhelocal
cell boundary curvature andMIIA localizationwhile cells are actively migrating.
The steepe fitted slopesof the moving cellslemonstrate that the local NMH&FP
intensity response tdhe local cell boundary curvaturis strongerwhile cells are
activelymigrating. ThehigherPearsorcorrelation coefficient®f moving cellsimply
the higher likelihood oéxistenceand less randomnes$ the correlation,accounting
for high heterogeneity of thie vivo biological systems. In Figuré.6D and Figure
4.6F, the fitted slopes and the correlation coefficgeare plotted with respect tthe
average speed of the cgleometrical centemn the cell migration trajectory It is
interestingthat if the overall cell motilit of the cell trajectoryis higher, the fitted
slopes and the correlation coefficierdse higher, and vice versa. Thesesults
suggest that tha vivo positive correlation of local NMIlIAocalizationandthe cell
boundary curvaturas associatedwith whether the cell is in a motile state or

nonmoving state in terms of tlegerall 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 3in 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) r€lation
coefficients with respect to the average speed of the cell. In (A) and)(Bhe boxes
represent the 25% to 75% percentileand the center lines denote the median The
whiskers denotethe data range and the plus signslenote outliers. 1-way ANOVA and

Tukey multi-comparison testsare 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 3in vitro agarose assays of
neutrophils stimulated by 0.1mM 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) anB)(the boxes represent the 25% to 75%
percentile and the center lines denote the median The whiskersdenot the data range
and the plus signsdenot outliers. 1-way ANOVA and Tukey multi-comparison testsare

applied. *: p-value < 0.01, **: pvalue < 0.001}** : p-value < 0.0001.
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The samequantification ofthe correlationof NMIIA localization andthelocal
cell boundary curvaturas applied to analyzein vitro experimentsin which
neutrophilsare stimulated withthe chemoattractant & 1nv WKYMVm to migrate
under agarose Fitted slopes and Pearsoncorrelation coefficiens of the scatterplot
point distributionsof moving cells (average speed > @rh/s)arenot cleaty positive
or negativewith variability (Figure 4.A and 4.7B). The absolute valseof the
median fitted slope and the median correlation coeffi@eanot high. It implesthat
there might be no consistent phenotype characterized by correlatiddiVbA
localization andthe local boundary curvature of neutrophil migratimg vitro
aaccounting for singlecell heterogeneity The fitted slopes of the moving cells
(average speed > Ortm/s) are also not significantly different from the nonmoving
cells (average speed < Onin/s) in vitro. Thereare also no clear tendency of the
fitted slopes and correlation coefficients with respect to the average speed of cells
vitro (Figure 4.7C andt.7D). Therefore, the correlation of NMllAocalizationand
the cell boundary curvaturenight bea uniquephenotyg of migrdory neutrophils

associated with thie vivo condition
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Figure 4.8 Scatterplots of the area changerate of the local cell boundary andthe

local NMIIA -GFP intensity for (A) a nonmoving cell and (B) a moving celin vivo.

To investigate the correlation of NMIIA localization and the local cell
boundary motionl againlook into the scatterplotef the local percentage of total
boundary NMIIAGFP intensity andhe rate of area change of local cell boundsry
the same boundary poi(figure 4.8. As reflected in the scatterplots of Figute3B,
increase in local retraction rate iafvivo moving cellsis likely to beassociateavith
increase irthelocal percentage of NMIIAGFPfluorescence. The nonmoving cell i
vivo in Figure4.8A is lessactive in protrusion and retracti@ctivities (denoted by
the smaller range of point distribution in the horizontal aarg) theNMIIA intensity
varieswith little correlationto the local cell boundary motioriBhe low range in local
cell boundary motio bringsartifacts to the fitting of the linear regression models for
nonmoving cellsn vivo and resul in high cellcell variability of the fitted slopes
(Figure 4.9A andt.9C). However, he correlation coefficients still reflect significant
differencein the correlation ofthe NMIIA localization andthe local cell boundary
motion between moving cells and nonmoving cetfisvivo (Figure 4.9B) This
correlationis also associated with the avgeaspeed of theocomotiontraectory of
the cell geometrical centgFigure 4.9D) The increase irthe average speeds
associated witlstrongernegativecorrelationof the NMIIA localization and the area

changeateof local cell boundary.
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Figure 4.9

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 3n
vivo experiments. (B) Boxplot of the correlation coefficient of the point distribution of
the scatterplot for each cell. (C) Fitted slopesf moving cellswith respect to the average
speed of the cell geometrical center. (D) Correlation coefficients with resgteto the
average speed of the cell. In (A) and (Bhe boxes represent the 25% to 75% percentile
and the center lines denote the median The whiskersdenotethe data range and the plus

signs denote outliers. 1-way ANOVA and Tukey multi-comparison testsare applied.
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Figure 4.10 Quantification of the correlation betweenthe area changerate of the
local cell boundary andthe local NMIIA -GFP intensity of neutrophils in vitro. (A) The
scatterplot of a nonmoving cell with the average speed of the caleometrical 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 3in vitro under agarose assays of neutrophils stimulated by OrtM
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% percentiland the center lines
denote the median The whiskers denote the data range and the plus signglenote
outliers. 1-way ANOVA and Tukey multi-comparison testsare applied.  *: p-value <

0.01, **; p-value < 0.001*** : p-value < 0.0001.

The analysis forin vitro experimentsdemonstrate that the correlation
betweenthe local cell boundaryretractionand NMIIA localizationis similar to the
phenotype of migratry neutrophilsin vivo (Figure 4.10) Thus the NMIIA
localization is associated with local retraction rate of the cell bounBarther, itis
found that higher average cell spegdssociated with stronger correlation in terms of
boththefitted slope andhe correlation coefficien{Figure4.10E and F)Bothin vivo
andin vitro results agree with the NMIIA functidio generag contraction force of the

cytoskeleton which divesthe local cell boundary retraction.

4.3.3 Correlation of NMIIA localization and local cell boundary dynamics is

associated with cell motility

In Chapter 4.3.2it has been demonstrated thdte NMIIA localization is
more correlatedvith the local cell boundary curvature and the local cell boundary
motion in migratory neutrophils compared to nonmoving celils vivo. The

correlationsareassociatd with the average speed of tloeomotiontrajectoryof the
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cell geometrical centeilhese results implthat the correlation of NMIIA localization
and local cell boundary dynamics might vary if neutrapimigrate at diffeent speed
in vivo. To further investigatdhow the phenotype oiih vivo neutrophil migrations
associated with cell motilityl sort frames o€achactively moving neutrophiin vivo
into frames whenthe cell center displacement in 60slefioted asDisp in the
following text and figurelsis smaller than 2.%/m andframes when Disp in 60 is
larger than 3vm. Scatterplots of franseof slow or fast celnigrationfor each cellare
analyzed respectively witthe linear regression fitting anthe Pearsoncorrelation
coefficient calculationTo visualize the overall correlation of NMIIA localization and
local cell boundary curvature accounting for outliersfFigure 4.11 the scatterplots
are plotted for boundary points of all cells for either frames witispD< 2.5mm

(Figure 4.11A)r frames wittDisp> 5 nm (Figure 4.11B)
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Figure 4.11  Scatterplots ofthe local cell boundary curvature and the local NMIIA -
GFP intensity of (A) frames of all moving cells wherthe cell center displacement ir60s
< 25 mm and (B) frames of all moving cells when the cell center displacement

in 60s > 5mMm.
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Figure 4.12  Correlation of NMIIA localization and local cell boundary curvature is

associated with instant cell motilityin vivo, but not obviously related to instant cell
motility in vitro. The boxplots compareall frames of naamoving cells, frames of
Disp < 2.5mm and frames of Disp > 5mm of moving cellsin terms of (A) the fitted slope
and (B) the correlation coefficientof scatterplot point distribution. The same analysiss

applied to in vitro experimentsin (C) and (D). The boxes represent the 25% to 75%
percentile and the center lines denote the median The whiskersdenotethe data range
and the plus signsdenoted outliers. 1-way ANOVA and Tukey multi-comparison tests

were applied.*: p-value < 0.01, **: pvalue < 0.001}** : p-value < 0.0001.

126



It is demonstrated in Figure 4.12A and 4.1tPRt correlation coefficients and
fitted slopes of frames of Disp < 2mdn of moving cellsin vivo arenot significantly
different than nonmoving cells. Theorrelation coefficients and fitted slopes of
frames of Disp > Gmm are higher than that of Disp < 2.Bm and significantly
different compared to nonmoving cells. It suggestiedt correlation of NMIIA
localization and thdocal boundary curvatures stronger when neutrophils migrate
faster in vivo. The same analysis was applied ito vitro experiments and no
significant correlation associate with cell motility discovered(Figure 4.12C and
4.1D).

The negative correlation coefficients of NMIIA localization and the local cell
boundarymotion of frames of Disp > &m in bothin vivo andin vitro experiments
are significantly higher in absolute values compared to that ofdsanf Disp < 2.5
mm. When Disp < 2.5mm, the correlation coefficientre not significantly different
than the nomoving cells in bothn vivoandin vitro experimentgFigure 4.13)

Therefore, the correlation of NMIIA localization and local cell boundary
dynamicsin vivo is associated witmot onlythe overall cell motility states but also
the instant motility of moving cells. Because of tremmplexity of in vivo
extracellular matrices and signals, migrg neutrophilsin vivo usuallydo not move
at constant speed. When the cells migrate fastempdbgive correlation of NMIIA
localization to local cell boundary and the negative correlation of NNttalization
and local cell boundary motioare more significant phenotypedVhen the cél
migration slows down orpauss, though the cell membrane might be still dynamic,

the instant cell migration phenotyjemore similar to nonmoving cells in terms of
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correlatiors of NMIIA localization andthe local boundary dynamics. This tremsl
also otservedin vitro where higher instant cell motilitis associated with higher

correlation of NMIIA localization anthelocal cell boundary motion.
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Figure 4.13  Correlation betweenNMIIA 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 rateand the local NMIIA -GFP
intensity are plotted for (A) frames of Disp < 2.5mm and (B) frames ofDisp > 5mm of
all moving cells Boxplots are plotted to compare all frames of nonmoving cellsframes
of Disp < 2.5mm and frames of Disp > 5mm of moving cells in terms of the correlation
coefficient of scatterplot point distribution for (C) in vivo experiments and (D) in vitro

experiments with0.1mM 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 whiskersdenotethe data range
and the plus signsdenoteoutliers. 1I-way ANOVA and Tukey multi-comparison testsare

applied. *: p-value < 0.01, **: p-value < 0.001*** : p-value < 0.0001.

4.34 Correlation of NMIIA localization and local cell boundary dynamics is

polarized

Migratory ells are usually polarized’he polarizatiorbringsasymmeties in
distribution ofthe cytoskeleton anthe associategroteins,as well asymmetries in
cell shape andell shape dynamics in multiple proces§&k, 32, 34] In this analysis,
| further investigate whether the correlasoof NMIIA localization and local cell
boundary dynamici vivo aredifferent in the front, sideand rear of the cell.

The cell boundary motiodirectionvectors charactergzcell boundary point
displacementirection with protrusion vectors and retraction vectors. define the
front, side, and rear of a celirdt, | calculatethe sum of thecell boundary motion
direction vectos weighted bythe associatedocal area changeasthe total cell
boundary motion direction vectofhe rear boundary pointof the moving cellis
definedthe point closest to thdine originated from the cell geometak center, of
which direction isgiven bythe opposite of theotal cell boundary motion direction
vector. Therear sectionis then defined as the 30 consecutive boundary points
centered at theearboundary point and thieont boundary section were defined as the
30 boundary points exactly on the opposite @&dhe 100 point loop. Thethertwo
sections of the celboundaryare defined as the 2 sides of the céllell boundary

sections of nonmoving cellenot defined as @ definition of cell boundary sections
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of the front, sideandrearis based on thasymmetries in the motion of local cell

boundaryandcell 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 cellsin vivo.

The scatterplotsn Figure 4.14reveal that there is likely to behigher
correlation betweerhe local cell boundary curvature artie local NMIIA-GFP
intensity near the cell trailing rearFurther analysis othe slope fitting and the
correlation coefficientcalculationfor each cell confirm that the correlation thfe
local cell boundary curvature arttle local NMIIA-GFP intensityis significantly
higher at the rear of the moving cellSgure 4.15)On the other hand, the front of the
moving cell in vivo behave more similarly tononmoving cells in terms of the
correlation ofthe local NMIIA-GFP intensity andhe local cell boundary urvature.
The boxplot of the fitted slope also ingdithat theres an increasinggradient of the
magnitude of thenteractionof NMIIA localization and the local cell boundary
curvaturefrom the front of the cell to the rear of the cell. Therefore, duthe
neutrophil migrationin vivo, the correlation oNMIIA localization andthe local
boundary curvatures polarized so that this correlatiamstronger near the rear of the

cell.
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