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ABSTRACT

Cell migration plays a crucial role in different pathological conditions, so a
good understanding of the intra and extra cellular mechanisms involved could
help in the development of new therapeutical strategies. Time-lapse
microscopy is an excellent tool for dynamically studying cell movement. This
work reports the development and testing of an integrated analysis
environment based on MotoCell, a web application able to simultaneously
manage time-lapse experiments, perform comparative analysis of multiple
experiments extracting movement parameters, test models describing cell
movement and proliferation and simulate the behaviour of cells growing on
Petri dish via a simulation tool able to reproduce and predict the behaviour of
cultured cells. The system includes additional tools that deal with acquisition
and analysis of microscopy images and graphical representation of datasets
containing cell paths obtained by tracking procedures.



1. INTRODUCTION

1.1 Cell migration

1.1.1 Cell migration is involved in physiological and pathological processes
Cell migration is a highly regulated process, involved in different physiological
phenomena such as embryogenesis, organogenesis, wound repair and immune
response. Abnormal regulation of this process is an important factor in the
development of different pathological conditions including fibrosis, tumour
invasion and atherosclerosis (for a review see Trepat et al., 2012).

Cells may move as independent entities or as a population, maintaining
cohesive contacts and affecting one another while migrating.

Immune response

White blood cells (leukocytes) involved in immune response represent a good
example of cells that prevalently move as single entities. During inflammatory
response to a mechanical injury or to an infective process, circulating
leukocytes are recruited from the bloodstream and move to the affected site
(Muller, 2013). First of all, cells tether endothelial cells through adhesive
molecules, expressed on the surface of both cell types; binding is greatly
promoted by reduction of the blood flow at the inflammatory site. After that,
cells roll along the endothelium and are further activated by chemokines and
other pro-inflammatory molecules presented on them. Once activated,
leukocytes become stuck to the endothelium by tight binding between integrin
molecules in their membrane and ligands present on the surface of endothelial
cells. In the end, they go across the endothelial cells, through an irreversible
process defined diapedesis, traverse the interstitial tissue to finally reach the
inflammation site.

Spreading of cancer cells

Another process in which single cell migration plays a crucial role is spreading
of cancer cells or metastasis (Lambert et al., 2017; Dasgupta et al., 2017).
Single cells detach from primary tumor, move towards and invade blood and
lymphatic vessels, extracellular matrix and finally reach healthy tissue where
they may develop a secondary tumor.

In recent years, the contribution of collective cell migration has emerged
(Macpherson et al., 2007; Kawakami et al., 2009), supported by the presence of
clusters of metastatic cells in patients with cancer and by the observation of
chains, sheets and clusters of metastatic cells around the stroll areas of primary
tumor in histopathological sections of breast, colon, ovarian, lung and other
differentiated carcinomas. The relevant role of cell migration in this process



rather then proliferation and apoptosis is confirmed by results obtained by
combining invasion assays with array-based gene expression analysis (Wang et
al., 2005), which show that genes involved in pathways that regulate b-actin
polymerization and cell protrusion are markedly upregulated. These results
help explain the limited effect of killing invasive tumour cells by treatments
that interfere with cell proliferation; drugs that block cell proliferation could
still be used as a possible strategy to adopt in late phases to shrink secondary
tumor (Chambers et al., 2002).

Wound healing

Cell movement is also involved in the healing of a skin wound, a complex
process in which the contribute of several cell lineages and tissue is required.
The skin with its epithelial (epidermis) and connective (derma) tissue layers is
an important protective barrier against external agents, and if a break occurs, it
has to be rapidly and efficiently repaired. In the beginning, blood leaked from
damaged vessels produced by the wound sets to form a clot, which temporary
protects the exposed tissues. Later on, fibroblasts and other inflammatory cells
rush in to the clot, while epithelial cells at the wound edges start to proliferate
and move, in order to fill the wounded area. The process requires about a week
or two and may leave a scar; studies directed to investigate skin reconstruction
are important to improve treatment of traumatic as well as surgical wounds
(Martin, 1997; Wang et al., 2017).

1.1.2 Mechanisms of cell migration, a multistep process

Much knowledge about cell migration dynamics was acquired by observing
and studying the behaviour of cultured fibroblasts on two-dimensional surfaces
(Horwitz and Webb, 2003; Trepat et al., 2012). Fibroblasts move slower than
other cell types such as keratinocytes and leukocytes, and the succession of
different steps is more easily observed.

Cell polarization

After detecting a mechanical, chemical or other physical external stimuli, a
fibroblasts polarize and define a leading and a rear edge. The leading edge will
protrude towards the stimulus while the rear edge will retract. Fluorescence
microscopy revealed that many signaling components are not uniformly
distributed in polarized cells (Rappel and Edelstein Keshet, 2017); one of them
is phosphatidylinositol (3,4,5)-triphosphate (PIP3), whose level is higher at the
leading than at the rear edge for the combined action of phosphoinositide-3
kinase (PI3K) and PTEN, a PIP; phosphatase. PIP; accumulation at the leading



edge recruits Rac and/or Cdc42, Rho family small guanosine triphosphatases
(GTPases), that trigger downstream pathways leading actin polymerization.

Formation of protrusions

Actin filaments, while polymerizing, exert a force on the cell membrane and
push it forward, forming protrusive structures such as broad lamellipodia or
thin filopodia, characterized by different actin rearrangement and function.
Lamellipodia are formed by a mesh of actin filaments and have an important
role in defining the direction of cell migration, while filopodia are assembled
as long parallel bundles beyond the lamellar edge and are supposed to be
responsible for exploring environment during motility by functioning as
chemical and mechanical sensors (Faix and Rottner, 2006; Gupton and Gertler,
2007; Kurosaka and Kashina, 2008; Ananthakrishnan and Ehrlicher, 2007).
Different studies have suggested that inhibition of lamellipodia or filopodia
formation does not inhibit cell movement, but affects speed and directionality
of cells (Gupton et al., 2005; Yang and et al., 2007). Many of these aspects are
observed both in single moving cells and in cells that collectively migrate as
sheets (Horwitz and Webb, 2003; Mayor and Etienne-Manneville, 2016, De
Pascalis and Etienne-Manneville, 2017).

Actin polymerization and depolymerization are dynamic processes, highly
regulated by numerous proteins localized near or at the leading edge, such as
WASP, a downstream target of Cdc42 and an activating protein that enables
nucleator proteins such as actin-related protein (Arp)2/3 complex to initiate
polymerization and assembly of actin modules that extend existing filaments.
An additional regulator that can also take part in actin network growth is
cofilin, an actin depolymerization promoting protein, that severs actin
filaments and creates new plus ends for the growth of new actin filaments.
Additional molecules that regulate actin dynamics are actin binding proteins,
such as profilin and thymosinef3-4, involved in maintaining a steady actin
monomer pool for polymerization, cross linking and bundling proteins such as
filamin, o-actinin, fascin, involved in formation of actin networks, capping
proteins such as CapZ, that control filament length by capping actin filament
ends and stopping polymerization and, severing and fragmenting proteins such
as gielsolin and severin, that cut actin filaments and networks.

Adhesion to substrate

Once the protrusion at the leading edge has formed, it adheres to substratum by
adhesion complexes. These attachment points connect actin cytoskeleton to the
extracellular matrix, act as traction points and mediate intracellular signaling
transduction that regulate adhesion dynamics and protrusive activity. In
adhesion complexes catalytic and adaptor proteins have been identified. The



first group includes kinases, phophatases, proteases and other enzymes such as
phospholipase C-y, while the second group includes proteins that mediate
protein interactions by different protein-binding motifs such as LIM, calponin
homology (CH), four point one ezrin radixin and moesin (FERM), PSD95/
DIgA/ZO-1 homology (PDZ) domain, Src homology (SH) 2 and 3 domains. A
key role in the assembly of adhesion complexes is played by integrins,
heterodimeric proteins consisting of different combinations of o and B chains.
After binding extracellular ligands, integrins change their conformation,
clusterize by forming nascent adhesion structures called focal complexes that
can mature into more stable and large focal adhesion and promote activation of
intracellular pathways that involve Rho family of GTPase, ERK/MAP kinases
and other regulatory molecules. Different studies have demonstrated that
movement speed and adhesiveness are inversely proportional (Jurado et al.
2005). Adhesion to substrate have to be balanced, because weak adhesion
structures are not sufficient to support traction, while with exceedingly strong
ones movement is prevented.

Cell body retraction and release of cell adhesions

The last steps that allow cell movement are pulling of cell body towards the
protrusion by contractile forces that are generated by the sliding of myosin
motors on actin filaments and release of the adhesions in the rear edge, a
myosin-mediated process. Both steps are regulated by Rho GTPases through
effectors, such as ROCK, that regulate actomyosin contractility and release of
adhesions; this last is also mediated by action of protease, calpain, which
cleaves different focal adhesion proteins such as talin, vinculin (Horwitz and
Webb, 2003; Ananthakrishnan and Ehrlicher, 2007; Wu, 2007).

Regulation by GTPases

The activity of GTPases controlling cell migration is regulated by the opposing
actions of guanine nucleotide exchange factors (GEFs) and GTPase-activating
proteins (GAPs). GEFs activate GTPases stimulating the exchange of a bound
GDP nucleotide for GTP, while GAPs inactivate GTPases by catalyzing GTP
hydrolysis. The role of GTPases has been known for over 20 years, but in
recent years the high complexity of their regulation is emerged (Sadok and
Marshall, 2014; Ridley, 2015; Haga and Ridley, 2016; Lawson and Ridley,
2018). RhoGEFs and RhoGAPs regulate many aspects involved in cell
migration by forming complexes with other proteins. Most Rho GTPases are
modified at their C-termini by isopropyl-lipids, which facilitate their
localization to membranes. Rho guanine nucleotide dissociation inhibitors
(GDIs) regulate RHOA, RACI1 and CDC42, by binding to isopropyl groups



and extracting them from membranes. GTPases are also regulated by other post
translational modification such as phosporylation and ubiquitylation.

Cell migration in 3D environments

Although, as mentioned above, most work directed to investigate cell
movement dynamics has been performed in 2D cell culture, the behaviour of
cells in 3D environments has also been studied. Migration patterns observed in
2D environments also occur in 3D tissue environments, but cell morphology is
different in the two environments, because the distribution of ligands in 2D is
typically more uniform than in 3D matrix. Typically in 3D matrices cells
become elongated and perform more directional movements than those that
migrate on 2D surfaces (Trepat et al., 2012; Reig et al., 2014).

1.2 Methods and tools used to study cell migration

1.2.1 Studying cell migration by time lapse microscopy

Cellular movement is a dynamic process and largely benefits from continuous
long-term observation of cell cultures, developing embryos and other
experimental systems (Collins et al., 2018). Time-lapse microscopy is a
powerful and continuously improving tool directed to investigate dynamic
cellular processes and to observe the behaviour of cell populations as well as
that of single cells within a population. It is performed by acquiring
microscopy images at regular time intervals over an observation time that may
vary from seconds to days according to the phenomenon in exam. Time-lapse
microscopy was pioneered at the beginning of 20th century, but different
improvements, mainly related to computer assisted image acquisition, made it
an essential technique of studying dynamic phenomena such as cell division
and death (Ortega et al., 2013; Yang et al., 2015; Kamlud et al., 2017; Dosch et
al., 2018; Piltti et al., 2018), cell movement (Dai et al., 2005; Wagner et al.,
2005; Wells and Ridley, 2005; Hossain et al., 2008; Arocena et al., 2010; Jain
et al., 2012), evolution of cell-cell interactions (Merouane et al., 2015; Hirata et
al., 2015; Ciccocioppo et al., 2015; Chen et al., 2016; Dosch et al., 2018),
contact formation between cancer cells and environment (Al-toub et al., 2015),
dynamics of subcellular organelles (Herman et al., 1984; Farnum et al., 1990).
Time-lapse experiments have been an essential tool to study mammalian cells,
but a great number of observations have also been carried out on prokaryotic
and simpler unicellular or multicellular eukaryotic organisms (Kron et al.,
2002; Kumar et al., 2016; Penil Cobo M. et al., 2018; Ungphakorn et al., 2017;
Louvet et al., 2017; Ungphakorn et al., 2018; Schmidt et al., 2018 ).



Coutu and Schroeder (Coutu and Schroeder, 2013) pointed out the main
problems related to long-term observations and possible solutions. During
time-lapse experiments a critical point is to keep cells alive under the
microscope stage over time and to recreate an environment as close as possible
the one in which cells live. To this aim, an inverted microscope, equipped with
a digital camera, 1s often associated with an incubator used to maintain, adjust
and monitor CO;, temperature, and humidity. CO2 supply is important to
maintain the physiological pH, but also to allow many cellular processes such
as glucose metabolism and the correct function of ion and acid-base
transporters. Phenol red, typically added to the culture medium to monitor pH
changes, should be avoided if possible in fluorescence time-lapse microscopy,
because of its fluorescence properties. A critical point is evaporation of the
culture medium caused by constant gas exchange in the incubation chamber,
which results in osmolarity changes of the medium by modifying the
concentration of the solutes present in the medium; the effect is stronger for
large incubators than cannot be fully humidified to prevent damage to
oxidative-sensitive microscope parts. Evaporation can be prevented by using
sealed chambers, covering medium with water-vapor-impermeable liquids such
as mineral oil or using large volumes of medium, although this last strategy can
produce increased noise in fluorescence images. More recently, time-lapse
microscopy is emerging as a promising clinical technique (Collins et al., 2018),
for example to select embryos for implantation (Sterckx et al. 2014, Sterckx et
al. 2017), to assess ex vivo engineered cells for cell therapy (Schiraldi et al.,
2014; Lin et al., 2014; Wei et al. 2015; Bago et al., 2016; Bago et al., 2016), to
evaluate side effects of antibiotics (Turani et al., 2015) and efficacy of
chemotherapeutics (Pulkkinen et al., 1996) or to estimate tumor malignancy
(Weiger et al., 2013).

1.2.2 Image acquisition and cell tracking

During time lapse experiments, cells may be observed by bright field or phase
contrast microscopy, as well as by taking advantage of fluorescence to
highlight nuclei, membrane and other subcellular structures. Less frequently,
confocal microscopy can be used to acquire z-axis stacks, used for detailed
analysis of the whole cell volume. Confocal microscopy is expensive and
generally more problematic as it increases the chances of phototoxic effects
and is typically used only when three-dimensional information is absolutely
required. To minimize phototoxicity, caused by short-wavelength light that
reacts with cellular components or dyes and produce reactive oxygen species
and free radicals that in turn damage DNA (Dixit and Cyr, 2003; Godley et al.,
2005; Grzelak et al., 2001), one strategy is to reduce illumination. When
samples are illuminated by visible light, acquisition can be recorded at high
temporal resolution, but high energy short wave illumination should only be



used when necessary and for brief exposure times. Sometimes a combination
of phase contrast and fluorescence microscopy, is used by taking, in addition to
relatively rare fluorescence images or stacks, more frequent phase-contrast
images, but these compromise approaches must be planned carefully and
require instruments that can easily alternate fluorescent and bright-field
microscopy (Baker, 2010).

Quantitative estimation of migration requires manual or automatic cell tracking
procedures. Manual tracking is carried out by an operator who selects a
reference point within a cell for each time-lapse frame. This approach is often
accurate, but it is time-consuming and affected by the difficulty to univocally
identify a reference point and by inconsistencies between different operators.
For these reasons different automatic cell tracking algorithms have been
proposed. Although their ability to track cells without errors is limited, these
are often used especially when large number of cells and/or cultures need to be
followed. Automatic cell tracking procedures may be classified in three main
groups (Svensson et al., 2017): tracking by detection, tracking by model
evolution and tracking by filtering. At the first group belong algorithms that
separate the objects of interest, i.e. single cells or cell clusters, from
background by a segmentation process. This separation may be obtained by
using a single threshold value, chosen so that all image pixels that are above it
are selected as ‘cells’, while the others are assigned to ‘background’, but this
approach is not usable for samples that are not uniformly illuminated; in these
cases local adaptive thresholding may be used to calculate a different threshold
value for each pixel, chosen on the basis of the intensity values of
neighbouring pixels. Other approaches to segment images use ‘edge detection’,
1.e. a method which relies on the concept that close to an edge there is often a
consistent change of intensity. Although this approach is more robust of the
others mentioned above, it still fails too often for “difficult” images, such as
low contrast ones.

Another limitation of these approaches is that they are not able at separating
cells from each other with the same efficiency obtained in separating cells from
the background; “watershed” filters have been used to identify local minimum
levels to use as borders.

Algorithms in the second group consider each tracked object as a deformable
model, whose margins are calculated in the first frame and then iteratively
modified in time by minimising a specific energy function (Ray and Acton,
2002; Li et al., 2008; Yang et al., 2005, Dufour et al., 2005, Dzyubachyk et al.,
2010). The procedures of the last group (Liu, 2008) are composed of three
main steps that are performed iteratively. Starting from random particles with
associated weights, during the selection phase the particles with the highest
posterior probability are chosen among the previous particle set, then in the
prediction step each particle is modified according to the state model, then in



the measurement step the weight of each particle is reassigned based on new
data.

1.2.3 Procedures for quantitative study of cell movement

The results of time-lapse acquisitions and cell tracking procedures are both
routinely analyzed to quantitatively estimate collective and/or single cell
migration parameters.

Estimation of collective cell migration

Examples of collective cell migration analysis include aspects such as degree
of plate coverage expressed as percent confluence or advancement of a cell
front as in wound healing assay. Fig. 1.2.3.1 (A) shows a schematic
representation of collective analysis used to determine wound size and
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Figure 1.2.3.1 Quantitative study of cell movement (A) Wound closure rates are estimated
by evaluating the advancement of a cell population front at a given time (middle), compared
to the beginning of the experiment (left) and displayed as a function of time (right). (B)
Single cell analysis is performed by determining trajectories of individual cells by tracking
procedures (left). The acquired x-y coordinates at each time point (middle) are used to
calculate descriptive parameters such as net displacement, distance between start and end
point of a path (middle top), convex hull, i.e. the smallest set of points that contains the path
(middle bottom), linearity, mean speed, MSD according to the formulas on the right.

migration rates: image segmentation or other methods are used to evaluate the



advancement of a cell population starting from a series of images contained in
a time-lapse stack. Migration rates have been calculated as wound size
difference between a given time point and the beginning of the observation,
difference in the wound size between subsequent frames, percent changes in
wound area, slope of the Richards function (a sigmoid function) that fit with
temporal trend of the wound area (Liang et al., 2007; Biith et al., 2007; Walter
et al. 2010; Ranzato et al., 2011; Topman et al. 2012). Coordinated movement
in a cell layer, or in a specific area of the layer, was estimated by calculating
the velocity correlation length (Petitjean et al., 2010; Milde et al., 2012).

Analysis of individual cell paths

To independently analyze single cell migration, the coordinates of each cell,
acquired during the cell tracking phase, are used to calculate parameters that
describe the displacement among two subsequent frames or total displacement
of a cell (Fig. 1.2.3.1 B). Displacements are vectors, characterized by a length
and a direction. Their length can be used to calculate mean speed, total distance
traveled by a cell, net displacement i.e. the distance between start and end
point, linearity, defined as the ratio between path length and net displacement.
An arrest coefficient may be calculated, based on a threshold speed that the
operator chooses to define that a cell is pausing, to indicate how many times a
cell stays still. Additional information can be obtained by determining a convex
hull, the smallest set of points that contains the tracked path, and calculating its
perimeter, area and circularity (Debeir et al., 2008; Mokhtari et al., 2013).
Different migration models have been used to describe movement and to
quantify differences between cells or populations. Movement expressed as
mean squared displacement (MSD) as a function of time is used to describe
diffusive movement of a cell (Codling et al., 2008), starting from the
knowledge that the value of MSD of purely random moving entities is
proportional to time, and that faster changes characterise superdiffusive
movement, while a system that evolves more slowly is classified as
subdiffusive. However, this measures does not uniquely describe migration, for
example it has been shown that in lymph nodes, T cells with different
movement types can produce similar MSD profiles (Beltman et al., 2009;
Svensson et al., 2017).

The combination of wet lab experiments with in silico modelling has been
shown to be extremely powerful for cell migration research (Rosello et al.,
2004; Safferling et al. 2013), above all for tumor invasion studies (Sanga et al.,
2007; Anderson et al., 2008; Kam et al., 2012). In in silico experiments, the
evolution in time and space of a cell and its components is described by a set of
mathematical equations. Cells can be represented as continuum models or
agent-based models (ABM). In the first case cells are considered as a group
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that shares the same properties, while in the second case each cell is a single
entity that interacts with the others. The simulation of each single cell may be
prohibitive, above all with a great number of cells, so this approach is preferred
to simulate condition in which the number of cells is restrained. The ABMs
models may be further divided into two groups, namely nuclei-centered and
deformable models, on the basis of their representation in space. Indeed, while
in the first group cells are represented by their nuclei, in the second one the
cells are single entities with their own shape, volume or area that evolve in
time on the basis of the cell state or of interactions with neighbouring cells and
other environmental components.

1.2.4 Tools for movement analysis

Several tools, both commercial and available as free software, have been
developed over the years to investigate intracellular and extracellular
mechanisms involved in cell migration (for reviews see Masuzzo et al. 2016).
Most of them have support for image processing, segmentation and cell
tracking, but not many include advanced tools specific for quantitative analysis
of cell migration.

Some tools were implemented as plug-ins of imageJ, for example Adapt (Barry
et al., 2005), that detects cell trajectories as well as filopodia and blebs. While
1Track4U (Cordelieres et al., 2013) is an automatic cell tracking program
which use mean-shift algorithm and computes different variables that
characterise cell trajectories and motility.

Specific tools have been developed to analyze collective cell migration such as
AVeMap (Deforet et al., 2012), Cell Image Velocimetry (Milde et al., 2012),
TScratch (Gebick et al., 2009). Differences among these free tools include the
algorithm adopted to segment cells and the parameters calculated to estimate
collective cell migration. AVeMap performs a fully automated correlation-
based method to segment cells, the parameters calculated are velocity, wound
area, wound edge tortuosity, quality index. Cell Image Velocimetry carries out
image velocimetry algorithms, that were found particularly effective to process
images with low signal to noise ratio and/or contrast. TScratch uses the fast
discrete curvelet transform to separate background from cells in the bright field
images, then the open area, defined as the ratio between later time point
measurement and initial measurement, is measured for each image and may be
eventually manually modified. Other tools, such as CellProfiler (Carpenter et
al., 2006) and Pathfinder (Chapnick et al., 2013), have been developed to
estimate single-cell and collective migration. For each identified cell and sub-
cellular compartment, CellProfiler calculates location, area, shape, Zernike
shape features, Haralick and Gabor texture features. The tool is also able to
measure other objects, such as yeast colonies, yeast growth patches, wounds in
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scratch assays and tumors. In addition, thanks to its modular structure new
algorithms may be added.

For each detected cell, Pathfinder, calculates from fluorescence microscopy
images, speed and angle values, but also the changes of these parameters in
time. In particular at each time point, the angle of deflection, defined as the
angle between two lines, that are two consecutive displacements, is calculated.
These data are used to estimate the migration persistence, measured as the
average absolute angle of deflection: a decrease of this value reflects an
increase of cell population persistence. The standard deviation of the
distribution of all trajectory angles is also calculated: large values indicate that
the cells are moving in different directions, without following a specific one.
Pathfinder, unlike other tools that quantify collective migration, does not
calculate wound size of the segmented area.

1.3 MotoCell

MotoCell (Cantarella et al. 2009) is a web application, previously developed in
the hosting laboratory, directed to quantitatively study the motility of cell
populations, maintained in different experimental conditions. The software was
originally developed to track and analyze the paths covered by cultured cells
on a surface during the observation time. MotoCell was designed to load an
image stack acquired by time-lapse microscopy, and to record cell paths by
clicking the positions of cells in subsequent frames and registering at the same
time also cell origin and destiny (death, split after a mitotic event or move out
of the observation field). Tracked paths may be displayed over the images,
edited to correct eventual errors and stored into a text file; data stored in this
file are analysed by calculating for each cell or for the whole population,
movement parameters such as path length, average speed, linearity, average
angle. Directional movement may be studied by circular statistics analysis by
calculating linear dispersion coefficient (R) and angular dispersion coefficient
(S) to detect the non-uniform distribution of angles, without discriminate
between different non-uniform distributions; curve fitting to Von Mises and
uniform circular distributions are used to assess whether movement is
concentrated around a mean direction, as it happens in unidirectional
movement. Watson test is also integrated to assess the goodness of fit.
Additional tools allow to evaluate the behaviour of cells in time, so speed,
persistence and mean angle are calculated by averaging the values at each time
point.
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2. AIM

The aim of this work was to evaluate cell movement in transformed cell lines
by time lapse microscopy, computational analysis and in silico simulation, in
order to investigate intra and extra cellular aspects involved in this
phenomenon. Main goals were to create an environment in which comparative
analysis of many time lapse experiments, modelling and simulation of
eukaryotic cell cultures were all integrated.
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3. MATERIALS AND METHODS

3.1 Cell propagation

Computational procedures projected and realized during this work have been
used to study migration and proliferation of several cell lines, by comparing
their behaviour in different experimental situations. NIH3T3 murine
fibroblasts, NIHRas transformed murine fibroblast, HelLa cells from cervix
adenocarcinoma, MDA-MB231 metastatic cells from pleural effusion of breast
adenocarcinoma, PC3 from prostate adenocarcinoma, T24 from urinary bladder
carcinoma, were cultured in 100mm diameter Petri plates, in growth medium
prepared with DMEM (Dulbecco’s Modified Eagle’s Medium) and FBS (Fetal
Bovine Serum) at appropriate concentrations and supplemented with penicillin
(10 U/ml), streptomycin (10 ng/ml) and L-Glutamine (2mM). Cultures were
maintained at 37°C and 5% CO2 in a humidified incubator. For propagation
and plating, cells were detached from the culture plate with Trypsin/EDTA
(0.05%/0.53 mM), collected with culture medium and resuspended after
centrifugation at 1200 rpm for 10 minutes. In order to seed cells at precise
density in 12 well plates, a Burker chamber was used.

3.2 Drugs

FR180204 (5-(2-Phenyl-pyrazolo[1,5-a]pyridin-3-yl)-1H-pyrazolo[3,4-
c]pyridazin-3- ylamine), is a competitive inhibitor of Erkl/Erk2 which
interacts with nucleotide binding domain. Stock solution was prepared
dissolving the inhibitor in DMSO at final concentration of 3 mM.
XMD8-92(2-[[2-Ethoxy-4-(4-hydroxy-1-piperydinyl)phenyl]amino]-
5,11dihydro -5,11- dimethyl-6H-pyrimido[4,5-b][1,4]benzodiazepin-6-one) is a
competitive inhibitor of Erk5 for nucleotide binding domain. Stock solution
was prepared dissolving the inhibitor in in DMSO at final concentration of 10
mM.

LY 294002 (2-(4-Morpholinyl)-8-phenyl-4H-1-benzopyran-4-one)) was
purchased from Calbiochem. A stock solution (10 mM) was prepared in
DMSO, stored at -20°C and used at final concentration of 10 pM.

3.3 Microscopy and image acquisition

For microscopic observations, cells were seeded in complete growth medium.
Random migration experiments were done by plating cells at low density,
while for wound-healing experiments, cells were grown to obtain confluent
monolayers, then scratched with a tip. The classic wound-healing assay was
used in combination with time-lapse microscopy to obtain live cell imaging.
Image stacks have been acquired by using the experimental setup reported in
fig. 3.3.1. The system is composed by an inverted microscope (Zeiss Axiovert
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Figure 3.3.1 Experimental setup for time-lapse image acquisition.

200M) with motorized stage which allows to move the sample along three axes
(x, y and z) and permits prolonged automatic acquisition at different positions
or levels; an incubator chamber is used to maintain the conditions necessary for
long time observations of living cells and a digital camera (Axiocam H/R) has
been used to acquire digital images of the observation field. The microscope is
connected to an Intel personal computer running Window XP, through the
Zeiss acquisition software (Axiovision 6.0) that is used to manage the
microscope and capture images. Within this work, digital frames were in most
cases acquired with 10 minutes intervals for 24 hours or more.

3.4 Mathematical models

Curve fitting analyses performed in MotoCell rely on the nls (non-linear least
squared) method available in R.

The proliferation analysis discussed under 4.4 has been performed by fitting
Weibull distribution whose equation is reported here after:
y=Asym—(Asym—1)- e_elrc'xShape
where Asym is the asymptote of the curve, shape is a parameter whose value is
one for an exponential curve and larger as the distribution is more sigmoidal,
Irc is a scale parameter that becomes bigger as the curve spreads out.
Movement modelling tools analyze the relationship between mean squared
displacement (MSD) and time for an observation time whose amplitude can be

decided by the users through a dialog box. The analyses are carried out on
overlapping time windows to evaluate cell behaviour in time.
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The diffusion analysis discussed under 4.3.3 has been carried out by fitting
diffusive model to mean squared displacement (MSD) in time. Diffusive model
function is:

MSD = kt*

where k is a coefficient that depends on cell velocity and a a value between 1
and 2, coming from diffusive to ballistic behaviour.

In the persistence analysis the same data are tested by using the persistent
model function:

MSD = 282P[t — P(1 — ¢7)]

where § is the root mean squared speed and P is the directional persistence
time. In these analyses, at each MSD calculated is assigned a different weight
on the basis of how many squared displacements have been contributed to the
calculation of the average.

The analysis tool that models MSDs as the sum of three components initially
calculates the bias vector by performing the vectorial sum of all cell
displacements. After this, for each displacement, its projection on the bias
direction (dv) and the difference between the previous step and the direction of
the bias are calculated. The results are used to fit the following function:

d,=b +p -cos(a)

where bias (b) and persistence (p) vectors are quantified and then subtracted
from each displacement to obtain the corresponding random vector (r).

3.5 Software development

3.5.1 Use of objects

MotoCell has been developed by using the object-oriented programming
(OOP), by taking advantages of the ability to create modules that do not need
changing when a new type of object is added. New objects are created by
extension of existing objects and inherit all of their features. Each object’s data
and logic is essentially hidden from other objects. The OOP approach has been
heavily used to develop modular software where different tools share the same
objects ad so acquire specific characteristics and behaviour.

3.5.2 PHP

PHP (website: PHP) is the main programming language used during the
development of MotoCell. PHP is a scripting language, originally designed for
producing dynamic web pages and it is tight integrate with the Apache server.
Within MotoCell, PHP has been occasionally used as a simple scripting
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language for web pages but mostly as a standard language for the development
of complex multifile programs. The version currently in use is PHP 5.6.30.

3.5.3 R tool for statistical analysis

Within MotoCell, different analysis use R, an open source environment for
statistical computing and graphics, which runs on a wide variety of platforms.
R is a combination of different statistics packages and programming languages.
In the R environment, there are several packages supplied for statistical
techniques, which can be extended via packages available through the CRAN
family. The software version used was R 3.3.2.
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4. RESULTS

A major achievement of this work has been setting up an integrated analysis
environment to study cell movement by computational analysis of cultured cell
populations observed in time-lapse microscopy experiments. The environment
1s based on MotoCell, a web application previously developed in the hosting
laboratory, which was completely reorganized and mostly rewritten to
generate an extendable development environment where new tests and analysis
procedures may be easily introduced. The “new” MotoCell includes tests for
different movement models and is an effective tool for comparative analysis of
multiple time-lapse experiments. It was complemented by interfacing with a
simulation tool, used to predict the evolution of synthetic cell populations
which reproduce the behaviour of experimental cell lines observed under
specific conditions. A number of satellite tools were added to deal specific
functionalities such as image acquisition and analysis, dynamic movie display
and others. Within this environment it is possible to acquire, manage, analyze,
model and simulate cell cultures grown on petri dishes or other supports and
observed in time.

4.1 The main interface panels

MotoCell interface (figure 4.1.1) is organized in an application header, also
used to customise the main settings of the application, such as units of
measurement for lengths, angles and time, and a main area where most
activities are carried out. This includes the image display panel, where cell
paths are built, edited and visualized superimposed onto the acquired images
and two panels used to respectively manage the collection of image stacks

VIOt ?Help & User:anonymous & Settings.

me — Zoom: 100% + @ ‘Xmlge stacks Load...  Load sample | | Remove °

Title Frames | Min |Duration Cell line Condition
[sample_Hela_ch20. 145 10 1440
|stg_ch1_2jr78a 145 10 1440
sample_Hela_ch20 145 10 1440

Title Paths Stack ID Cell line Condition
cni-left 41 - - -

[ch1-right 41
[chi-left 41
_ |merge-ch1 82

Title: chi-left a 7 ID  Start  oOrigin End Destiny  Mother 1D | ¥
v start 144 end -
Acq ID: Px scale: 1 @ o start 12 spiit
Acq date: Pxscaleunlt: um |V 3 12 split 144 end P2
Stack ID : 7 P 12 split 144 end P2
Cellline: P50 start 88 split
Note 9 p6 88 spiit 144 end PS5
cntlet ™ split 144 end 5
w0 start 144 end
Frame: 144 Set interval: 1 < < > Lt g e e ot

Figure 4.1.1 MotoCell interface. The figure shows the main MotoCell interface window after
loading three image stacks and four movie files. The second image stack is currently displayed
in the left panel, together with the paths from the third movie file, which is also displayed in
detail mode below the list of the loaded movies.
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available to the application and the loaded datasets (movies), containing the
paths followed by individually tracked cells.

Image display panel

The image display panel (fig. 4.1.2), is used to build, display and edit cell paths
stored in movie files. In the new MotoCell the display panel is completely
based on new, more powerful, movie object (see below under Architecture)
used to read, convert and store movies, as well as to extract data according to
specific filters. The new interface allows to keep many movies open at the same

Choose which
movies to view

T — Choose which paths, time Download
- Nesf/ movie... : points and how to display image and/or
Movie opts Which paths al o paths
Colith i from-start &
‘Which current < points °
|_' How lines B |—> Change zoom
% T
rMP = Zoom: 100% + =
0 139 33 f -
4 139 33 f -
8 139 33 f -
12 136 37 d -
View path

details

1) Go first frame

2) Go previous frame
3) Play movie

4) Go next frame

5) Go last frame

Choose frame
to show

44— Frame: 144 Setinterval: 1 << < ’ > >>

Choose the interval among
subsequent frames

Figure 4.1.2 Organization of the image display panel. The figure shows the image display
panel annotated with arrows pointing to the main functions. The palettes displayed around the
main panel are used within the application to choose the movie file to be superimposed to the
image (top left), the paths to display and how to draw them (top), to show the locations
included in the selected path (left).

time, and to quickly switch from one to the other. The user interface is now
much improved, as cell paths superimposed on the image can now be
graphically selected by clicking on the path and edited by clicking and
dragging the points representing the position of a cell at each time point. The
panel is also used for selecting paths and/or areas of an image (see below).
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Image collection panel

The image collection panel, shown in fig. 4.1.3, was introduced to add the
capability to manage image stacks from many time-lapse experiments at the
same time. Movies to be compared may in fact come from the same image
stack, but more often derive from stacks corresponding to different
experiments. The interface panel was designed to manage many image stacks
at the same time, and movie-stack mapping was introduced, to enable
MotoCell to work on different experiments, while correctly keeping each
movie aligned with the corresponding image stack. The panel contains a table
reporting the available stacks with essential details, such as ID, number of
images, duration of acquisition and other experimental conditions.

HeLa MDA

Image stacks Load... Load sample Remove ¢
Title Frames Min Duration Cell line Condition

| |stg_ans4fw 145 10 1440 HelLa Wound

| |stg_u57d6f 145 10 1440 MDA Wound

| |stg_snbu6d 145 10 1440 PC3 Wound

~ |stg_awhvgm 145 10 1440 3T3 Random

Figure 4.1.3 Multiple stacks displayed within the application interface. The figure shows
the content of the image display panel while displaying a representative image from each of
four image stacks obtained from time-lapse recording of different cell lines in culture (top)
and the image collection interface panel used to display info about the stacks and to select
them (bottom).
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Movie collection panel

The movie collection panel, is used to manage datasets contained in movie
files, i.e. text files containing the description of the experiment in terms of
locations occupied by the observed cells, details of the culture conditions and
events occurred during the observation time. It is organized in two sections, the
upper one hosting a table of the currently loaded datasets, and the lower one
containing the main features of the currently selected dataset. The panel is
extensively used for management of multiple experiments and is better detailed
in the next section.

4.2 Management and simultaneous analysis of multiple time-lapse
experiments

Comparative analysis of different experiments is necessary to identify
similarities and highlight differences among them. To effectively compare the
behaviour of cell populations within MotoCell, a major rewriting of the input
and analysis sections was undertaken, within which the application was
substantially modified to add the ability to upload and manage groups of
coordinate files at the same time and to carry out comparative analysis.
Specifically, a dedicated tool, whose functions are accessible through the movie
collection panel (fig. 4.2.1), was built to manage different datasets contained in
coordinate files, that in our system are called movies. For each dataset, the

| Datasets Load... New dataset Save < Remove <

Title Paths Stack ID Cell line Condition
—» | | |datasetl 54 rand-Hela_pw21 Hela random —_—
dataset2 34 wound-Hela_42hv Hela wound
dataset3 30 wound-PC3_ilsq PC3 wound
Title: datasetl a v ID Start Origin End Destiny Mother ID L]
Operator: Rossella 7 Pl 0 start 144 end - f
Acq ID: 2ir78a Px scale: 13 vl P2 0 start 12 split
Acq date: 03/10/2019 Px scale unit: um vl P3 12 split 144 end P2
Stack ID: rand-Hela_pw21 Time scale: 10 v P4 12 split 144 end P2 <«
Cell line: Hela Time scale unit: min vl P5 0 start 88 split
Note v/ P6 88 split 144 end P5
vl P7 88 split 144 end P5
v/ P8 0 start 144 end
vl P9 0 start 68 snlit

Figure 4.2.1 Multiple movies loaded within the application interface. The figure shows the
two sections of the movie collection panel, the table section (middle) used to display the three
loaded movies (top) and the movie detail section (bottom).
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table includes the title and some essential features such as the number of
tracked paths, the stack from which data derive, the cell line used and
experimental conditions that indicate for example if an inhibitor has been used
or a wound has been inflicted. At the top of this table have been included
commands to load, remove, create and save datasets; to facilitate data feeding,
the capability was added to upload a compressed zip file containing a number
of coordinate files (movies). For each selected dataset, additional features are
reported in the lower panel, for example acquisition ID and date, the pixel scale
used and the time scale that indicates the frequency with which images were
acquired, and also the name of the operator that performed the tracking
procedure to build cell paths.

The collection of tracked cells has been organized into a table including, for
each tracked cell, ID, origin, start and end time points, destiny and mother ID
together with a link that generates the opening of a window showing the
position and the shape assumed at each time point by the cell.

Movies and cell paths can be selected from the respective tables, by setting a
checkbox which makes them available for further processing. In addition, cell
paths can be automatically selected on the basis of their behaviour and features
by using the selection system discussed in details under ‘4.3.3 Data selection
and functional reorganization’.
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4.3 Quantitative analysis of cell movement

4.3.1 A family of analyzers

The large number of analysis tools are available within the “analyze” panel,
where they appear organized in six groups: ‘Culture’, ‘Cells’, ‘Time points’,
‘Model’, “‘Wound’ and ‘Stat test” as shown in figure 4.3.1. The ‘Culture’ group
includes analysis tools that extract descriptive parameters, such as average
speed and direction of the cell population in exam. Under ‘Cells’, tools may be
found that separately calculate movement parameters for each cell. The tools
under ‘Time points’ estimate movement parameters in relation to time and
allow virtual synchronisation of the observed cells. The ‘Stat test’ label groups
inferential statistics tools that evaluate experimental data distributions and
assess the goodness of fit. Models able to describe cell behaviour have been
grouped under the ‘Model’ label and work by fitting mathematical models

Extraction of Estimation of Evaluation of
culture descriptive parameters in wound
parameters time progression
Analyse
Culture Cells Time points Model Wound Stat test
Angle Length Correlation General General cs Cell Destinies
History Movie Export Summary Simulate
Calculation of Fit mathematical Inferential
movement parameters models to statistical
foreach cell experimental data analysis

Figure 4.3.1 Panel of the analysis tools. This figure shows the panel through which the
users can access to analysis tools, organised in six main groups selectable through the
corresponding tabs: ‘Culture’, ‘Cells’, ‘“Time points’, “‘Model’, “Wound’ and ‘Stat test’.

describing diffusive and persistent movement to squared displacements
produced by cells from experimental cultures. The ‘Wound’ group includes
analyses aimed to evaluate collective cell migration in wound healing
experiments by two different approaches, the first starts from cell locations and
evaluates the wound area as the fraction of smaller rectangular areas not
occupied by cells, while the second works with the acquired images and is
aimed to measure the wound area by differentiating cell covered pixels from
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background pixels according to signal intensity. A description of the single
analysis tools available in MotoCell is reported in table 4.3.1

Table 4.3.1 - The analysis tools.

Analysis tools

Description

égfrlei;;ie;lfth Puts in relation step lengths and angles
Calculates population statistics for the whole recorded steps.

General Coherence bar plot for the whole recorded steps. Average step bar
plot for the whole recorded steps.

General cs Calculates population circular statistics for the whole recorded steps.
Linear dispersion coefficient R bar plot for the whole recorded steps.

Cell Destinies (Sihoyvs origin and destiny for eaeh re.corded cell path. Origin and

estiny for each cell are displayed in a line plot.
History Displays cell status for each cell at each time point
Movie Draws synthetic populations

Export Summary

Calculates the main descriptive parameters that allows to describe the
mean behaviour of cell population

Simulate

Calculates the parameters necessary to simulate a synthetic cell
population with the same features of the cell population in exam and
interacts with the simulation tool

Path features

Calculates statistics for each recorded cell path. Direction and path
length for each cell are displayed in a polar plot. Deviation/linearity
scatter plot for each cell. Linearity/average step length scatter plot for
each cell. Linearity scatter plot for each cell. Deviation scatter plot for
each cell. Average step scatter plot for each cell.

Path steps

Displays step lengths for each cell and at each time point as well as
average step for each cell and time point

Path angles

Calculates direction angle for each cell and at each time point as well
as average angle for each cell and time point

Path cs

Calculates circular statistics parameters for each recorded cell path
and plots linear dispersion coefficients (R) as a scatter plot

Volumetric Growth

Shows the volumetric growth of the cell population in exam

Step features

Calculates statistics by integrating all steps at each frame. Step length
line plot in time

Step cs Calculates circular statistics by integrating all steps at each frame
Executes Rayleigh test for linear dispersion coefficient R. Angular

Rayleigh test deviation and linear dispersion coefficient R in time are displayed in a
linear plot

Proliferation Calculates statistics and fit data using Weibull growth curves

Direction correlation

Evaluates the correlation between consecutive directions

Tests diffusive movement by calculating alpha and k coefficients

bt from diffusion model for different time windows

Diff with bias Tests biased random walk model for different time windows

Combined Quantiﬁes three movement features (.random, persistence and bias)
and their contribution to overall migration over time

Persistence Tests persistent random walk model for different time windows
Performs a fit to Levy walk model. Normalized logarithmic bins of

Levy walk step lengths are represented together with the estimated Levy model
in a scatter plot

Db manager Builds a database of concentrations
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Analysis tools

Description

Bioc Mod

Runs biochemical simulations

Evaluate trend

Evaluates data trend

Calculates the wound area as the fraction of smaller rectangular areas

Space fill not occupied by cells
Calculates the wound area by image processing procedure,
Space fill 2 differentiating cell covered pixels from background pixels according

to signal intensity

Cell segmentation

Calculates for each cell detected from fluorescence microscopy
images the area, the perimeter, mean radius, minimum radius,
maximum radius

Comparison Shows the more dependable than values
parameters
Performs normality test for step length distribution. Step length
Normality test histogram is represented together with the Normal and log-normal
distributions.
Performs a fitting analysis between cell directions and Von Mises
Von Mises distribution. The directions are represented tighter with the Von Mises
distribution function in a polar plot
s Performs a fit to six statistical distributions. The real and estimated
Distribution fit

distributions of step lengths are represented in a line plot
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4.3.2 Data analysis in MotoCell
Figure 4.3.2.1 shows two examples of comparative analysis of 4 different cell
lineages, HeLa, MDA, PC-3 and T24, stimulated by inflicting a wound in the

MotoCell - Analysis: general ( compared to all)

Dataset: multiple

General xt pdf
(Ci
- MDA-  PC3- L, ge step P
Dataset ela- wound-  wound- 25
wound-C C-dx C-dx wound-C
Threshold 0 0 0 0

(%)

20
Direction

of

population 171.86 176.95 239.58 177.81
vector

(deg)

Module of
population 1,763.65 1,392.97 233.66 2,588.89
vector (px)

Average step (px)

Average
step (px)
Step 5
length

standard +/-4.6 +/-49 +/-79 +/-8
deviation

(px) o -

MSD (px) 58.25 57.81 121.17 186.21

6.09 5.79 7.72 11.08

MotoCell 2.1

‘ PathIntegration txt pdf‘

MotoCell - Analysis: csGeneral ( compared to all)

Dataset: multiple

Pathaverage txt pdf
Hela- MDA-  PC3.  To4- Linear dispersion coefficient R (Compared datasets)
Dataset wound- wound- wound- wound- 10
© C-dx C-dx @ .
Average 0.9 -
Angle (deg) 181.77 194.09 194.03 182.85
0.8 -
R 0.77 0.48 0.23 0.57
s 39.15 58.65 70.96 52.88 07 4
Rayleight € 06
Coeff. 0.39 0.31 0.39 0.38 '§
£ 05+
8
Stepaverage txt pdf T 04 -
Hela- MDA- PC3- T24- 03
Dataset wound- wound- wound- wound- )
(o] C-dx C-dx o)
0.2 -
Average
Angle (deg) 174.60 189.56 202.77 175.80 01 4
R 0.87 076 0.12  0.93 0.0
S| 29.24 39.53 75.91 22.07

MotoCell 2.1

Figure 4.3.2.1 Estimation of descriptive parameters by MotoCell. This figure shows the
output of two analyzers used to perform comparative analysis of HeLa, MDA, PC-3 and
T24 cell cultures. The top panel is from the General analyzer and includes the comparison
of basic motion parameters in table and graph form, while the bottom panel presents circular
statistic parameters calculated by General CS analyzer also in table and graph form.

cell layer using the procedure described under ‘Materials and Methods’. For
each cell line, general descriptive parameters in the top panel and circular
statistics parameters R (linear dispersion coefficient) and S (angular dispersion
coefficient) in the bottom one, are calculated and reported side by side in the
tables. Average step length in top panel and linear dispersion coefficient R in
the bottom one are also graphically plotted as a histogram. The results of the
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analysis procedures, readily highlight the differences between the cell cultures,
and show that HeLa cells (pink) move more slowly than T24 cells (orange), but
with a stronger directional behaviour, demonstrated by the higher value of R
coefficient and the lower angular dispersion coefficient S. PC3 cells (green)
move faster than HeLa and MDA (blue) cells but their movement is less
directional as shown by the much lower values observed for R coefficient.
Figure 4.3.2.2 shows the results produced by two analysis procedures directed
to investigate cell movement by evaluating step length (top) and path angle
(bottom) distributions. In the top panel, step length distribution was evaluated

MotoCell - Analysis: dispLengthDistr (current dataset)

Dataset: Hela-random
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0.1 o =
Cauchy location 4.82 S
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Log-Normal mean 1.67
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MotoCell - Analysis: vonMises (current dataset)

Dataset: HeLa wound

Pathanglevonmises  txt pdf
Density of a VonMises Distribution
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Direction
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von Mises distr. fit 005
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distr. fit
Crit. value (Circ)
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Direction txt pdf
Cell Direction
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Figure 4.3.2.2 Analysis of cell movement by evaluating data distribution. Two examples of
analysis procedures directed to investigate cell migration by evaluating length (top panel) and
angle (bottom panel) distributions are reported. The top panel reports the results of fitting
different distribution functions (Normal, Exponential, Cauchy, Weibull and Log-Normal) to
step length distribution both in table and in graphic format. The bottom panel reports the result
of fitting a Von Mises and a circular uniform distribution both in table and graphic format.
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by fitting different distribution models (Normal, Exponential, Cauchy, Weibull,
Log-Normal) to step length values obtained from a culture of HeLa cells
moving “randomly” i.e. in absence of specific external stimuli. For each
distribution model, the goodness of the fit is estimated by calculating R2
determination coefficient and by applying the Kolmogorov-Smirnov test. In the
reported experiment, the calculated R? determination coefficient indicates that
a Log-Normal distribution, with mean equal to 1.67 and standard deviation
0.75, fits better than others with the length distribution of randomly moving
HeLa cells. The analysis tool used in the bottom panel graphically displays
path directions along a circle and helps investigate unidirectional movement by
showing the results of fitting a Von Mises and a circular uniform distribution
function to the observed cell directions. The von Mises distribution describes a
unidirectional distribution of angles differently concentrated around a mean
direction, while the circular uniform distribution describes homogeneously
distributed angles. In the reported experiment in which HeLa cells have been
stimulated by inflicting a wound in the confluent cell layer, the results indicate
that cells move according to an unidirectional model, because the result of the
Watson test is better (lower) than the corresponding critical value for the Von
Mises distribution, and worse (higher) for the circular uniform distribution.
Figure 4.3.2.3 shows the results of a comparative analysis of normal NIH3T3
fibroblasts and transformed NIHRas, aimed to describe the two cell
populations in terms of speed and directionality. The cells were followed after
stimulation with a wound in the confluent monolayer, and according to
distance from the wound edge, 3 groups of cells have been identified and
separately analysed: ‘wound front’, "'wound middle’ and ‘wound inner’. Cells
grown without directional stimuli (random), but at low density, were used as a
reference for the cell line. For each cell population, several (5 to 15)
experiments were carried out and results are reported as a “box and whiskers”
representation.

Speed of the population, expressed as the average step length walked by the
cells at each time interval, shows that, for both NIH3T3 and NIHRas, the cells
immediately close to the wound edge are faster than the middle and inner
populations. The random populations are faster than the comparable inner
populations, probably due to the combination of lower density in the plate and ,
for NIHRas, the effect of the oncogene constitutive activation.

The coherence of the populations and the linear dispersion coefficients (R)
express the overall capability of cells to migrate in a coordinate way; “front*
cells, faster, are also more sensitive to the wound stimulus and move with
higher coherence and directionality than middle and inner cells. However,
“middle” and “inner” populations, even if farther from the wound, are still
sensitive to the stimulus with higher values of coherence and R than randomly
moving cells.
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The contribute of the “bias” component to total displacement is indicative of
the capability of cells to respond to external stimuli, and, as expected, is very
high for cells at the front, lower for middle cells and variably present in the
inner populations. Cells moving randomly have a bias close to zero.
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Figure 4.3.2.3. Comparative analysis of NIH3T3 and NIHRas cells. Cell populations are
stimulated by a wound and divided into 3 groups on the basis of their distance from the wound
edge: ‘wound front’ (WF), ’'wound middle’ (WM) and ‘wound inner’ (WI); the reference
population (R) was cultured at low density and without the wound. Top/left panel shows the
distribution of average speed; coherence and linear dispersion coefficient (R) are in top/right
and bottom/left panels respectively, while the contribute of the bias component to total
displacement is in bottom/right panel.

4.3.3 Data selection and functional reorganization

Cell motility studies are typically performed on heterogeneous cell populations
where individual cells show different features and behaviour, but sometimes
homogenous subgroups of cells behave in a more consistent way. To separately
investigate potentially homogenous cell subpopulations, a complex selection
system has been designed and introduced in MotoCell (fig. 4.3.3.1). As a
result, within the application, cell paths may be selected on the basis of a
number of specific aspects of cell behaviour such as speed, location, movement
direction, path length, life time as well as on the basis of their origin, i.e. cells
present at the beginning of the observation (start) or appeared later in the
observation field after a mitotic event (split) and/or of their destiny, i.e. cells
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Figure 4.3.3.1 Data selection. This figure shows on the left the interface element that allows
to select paths on the basis of the cell features and behaviour and on the right the growth
curves obtained by analyzing different subset according to the acquisition time in the top and
middle graphs and to cell age in the bottom one.

that undergo mitosis (split) or grow until the end of the observation. Cell path
selection is carried out by using the selection system interface reported in the
left panel of fig. 4.3.3.1. In the same figure (right) the results of calculating the
fraction of unsplit cells, starting from all tracked cells (top panel) or from only
the cells born during the observation time (middle panel), is plotted as a
function of acquisition time. The bottom panel reports the same data as the
middle one, but plotted as a function of cell age rather than acquisition time,
thus resembling the growth curve of a synchronous population of the same
type. The last plot may be used to estimate the probability, for each individual
cell, of undergoing mitosis, and thus to calculate the “real” duplication rate of
the population (see also ‘4.4 Evaluation of cell proliferation and its effects’).

Analyses may be limited to shorter temporal ranges according to acquisition
time, but also cell age, time that remains to live to the cells and percent of cell
lifespan. These aspects can be chosen in the dialog box shown in fig. 4.3.3.2, in
which analysis parameters are set and may be used to limit the requested
analysis according to complex combinations of the above mentioned criteria.
To implement this selection system, the movie object (see later under
Architecture) has been extensively modified to support selective data retrieval.
Next to the dialog box, fig. 4.3.3.2 shows examples of analysis performed by
selecting according to different aspects. The dataset is limited to cells followed
between two split events and average speed is evaluated in relation to
acquisition time, age of cell and time remaining to live. The results show that
after a split event (age panel) average speed is initially higher, but rapidly
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Figure 4.3.3.2 Data reorganization. This figure shows the dialog box by which analysis
parameters are set. The user can choose to perform the analysis according to acquisition time,
cell age, time that remains to live to the cells and percent of cell lifespan. On the right the
average speed is evaluated as function of the cell age, acquisition time and time that remains
to live.

decreases much faster than immediately before the next split (time to live
panel), where the small speed decrease observed is comparable to that of the
standard acquisition time based analysis (movie time panel). Comparative
analysis are often performed by having one or more reference datasets
compared to test experiments. To support this possibility all analysis tools can
produce output results where control datasets are paired with test ones in
different combinations: the current movie can be compared to all or selected
movies, each movie in the selected collection can be compared to all or selected
movies, all or selected movies can be compared with each other not giving
particular emphasis to any specific movie.
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4.3.4 Modelling tools describing cell movement

In MotoCell, tools have been added to study cell motion by fitting different
movement models to experimental data describing speed and direction of all
tested cells. The simplest test is based on a simple diffusive model (see
Methods), by evaluating mean squared displacement (MSD) against time, as
shown in fig. 4.3.4.1; in this model it is assumed that squared displacements
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Figure 4.3.4.1 Evaluation of diffusive movement by curve fitting. The figure shows
diffusion analysis performed on HeLa cells, maintained under standard conditions (top) and
in presence of a directional stimulus (bottom). For both populations MSD is presented as a
function of time in the graphs displayed on the right.

are proportional to time raised to a diffusion coefficient (o) ranging between 1
and 2, with 1 indicative of a perfectly diffusive behaviour, as those shown from
randomly moving HeLa cells in the top graph, whereas higher values indicate
a superdiffusive movement, as shown by HeLa cells observed following a
wound stimulus in the bottom graph. Values higher than 2 are not frequently
observed and would not be typical of continuous movement, as they imply
some level of “jumping”, as for Lévy’s model.

Superdiffusive movement may be produced by different models, such as the
persistent model, which relies on the concept that at any time interval, cells
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move along a direction likely to be close to the previous one, unlike the purely
diffusive model, which assumes that, at each time step, cells have equal
probability to turn in all possible directions. In the persistent model, MSDs are
related to the time by two parameters average speed S (um/min) and
persistence time P. Figure 4.3.4.2 shows the results of persistence analysis,
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Figure 4.3.4.2 Study of persistent cell movement. The figure shows persistence analysis
performed on HeLa cells stimulated by inflicting a wound in the cell layer. The three graphs
report MSD vs time for three partially overlapping time windows as indicated at the top left
corner for each graph.

performed on Hela cells from a culture where directional migration is
stimulated by inflicting a wound; persistence is higher for the first 12 hours as
shown in the top graph and then it assumes lower values in two subsequent
time windows reported in the central and bottom graph.

By using the above procedure, the right persistence value can be correctly
obtained only for purely persistent movements, as for more complex
movements this value could be easily overestimated by other components
producing superdiffusive movement, such as a directional bias. To this aim an
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analysis tool that models MSDs as the sum of three components (random,
persistence and directional bias) was developed to separately estimate the
contribution of each of the three components. Table 4.3.4.1 shows the results of
using this model to evaluate movement of HelLa and NIH3T3 cells maintained

Table 4.3.4.1
HeLa Random HeLa Wound NIH3T3 Random | NIH3T3 Wound

Random 6.09 6.05 9.41 7.61
Persistence 1.40 1.94 4.59 4.18

Bias 0.42 3.21 0.23 4.87
Mean step 6.13 7.30 10.51 10.31
Random contribution 5.8 4.87 8.38 4.59
Persistence contribution 0.20 0.81 1.68 2.51

Bias contribution 0 1.38 0.02 3.04

under standard conditions and under a directional stimulus (wound). For both
cell lines, the wound results in a strongly increased bias, unlike persistence
which is increased for Hela cells, but remains identical for NIH3T3 cells. Time
based analysis, reported in figure 4.3.4.3, confirms this result, and allows to

HelLa Random HelLa wound

28 - Random 28 Random
Persistence Persistence

26 - Bias 26 Bias

24 o 24 -

Contribution to Step Length (um)
Contribution to Step Length (um)

8- 8 |
6 6 -
44 4
24 2
O e e B e B e B B e B B o e e o T T T T T T T T T T T T T T T T
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 0 1 2 38 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
r— Motocat2 1
Analysis oo Analysis
NIH 3T3 Random NIH 3T3 wound

Random
28 o

Persistence 2 - Ferstanca
26 - Bias 26 o Bias
24 o

Contribution to Step Length (um)
=
|

Contribution to Step Length (um)

8 sz_/_’_/—/—

6 6

4 4—_,*/—/—’/

2 24

O+—r1 71T T T T 1 T T T T T T T T T T T OT——7 1 T 1 T T T T T T T T T T T T T
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

Motocei 21

Analysis oozt Analysis

Figure 4.3.4.3 Study of cell movement by fitting a three component model In figure the
contribute to average step length of each component (random, persistent, bias), calculated as
described in ‘Methods’, is reported for HeLLa and NIH3T3 cells maintained under standard
conditions (left panels) and under a directional stimulus (right panels).
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relate the superdiffusive component, given by the sum of the persistence
(green) and bias (red) component, to the wound closure process. In the four
panels reported in figure, at every timepoint, average cell displacement has
been reported as sum of three component, respectively produced by random
(blue), persistence (green) and bias (red). For HeLa cells maintained under
standard conditions, the random component is predominant over the
persistence one, which is very low, while bias, as expected, is absent. When a
directional stimulus is introduced, persistence and bias components become
considerably higher, but are progressively reduced as the wound is filled. The
same analysis has been carried out on NIH 3T3 cells, which, unlike HeLa cells,
move more as individually separated entities. In this case, cells show a higher
persistence component clearly visible in both random and wound stimulated
movement; as for HeLa cells, the bias component is strongly increased after a
directional stimulus is introduced.

Figure 4.3.4.4 shows a comparative analysis directed to estimate the ability of
NIH3T3 and NIHRas cells to maintain the same direction in time which takes
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Figure 4.3.4.4. Comparative analysis of ability to maintain the direction. Top/left panel
reports data about persistence time that is the time in which cell persists in the same
direction; top/right panel reports data about linearity that express the winding of the cell
paths; bottom/left and bottom/right graphs contains the distributions of random and
persistence contribute to average step length.

advantage of different analyses. As already said for figure 4.3.2.3, for each cell
population, several (5 to 15) experiments were carried out and results are
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reported as a “box and whiskers” representation. Persistence time, evaluated as
the time needed to loose the effect of the previous movement direction,
progressively decreases from front to inner cells, although it should be
considered that, as previously discussed, this measure also includes the effect
of directional bias, which cannot be separated. The same is true for linearity,
1.e. the ratio of net displacement to path length, which similarly is maximum in
the cells located near the wound stimulus and progressively decreases in cells
far away from the wound. Separate evaluation of random and persistence
contribute to average step length, calculated by the three component model
described above under 4.3.4, shows more similar persistence components
between the three cell layers, but highlights the different speed of the three
populations. The same analysis gives evidence to the strong persistence of
randomly moving Ras transformed cells, even in absence of any directional
stimulus.

Figure 4.3.4.5 shows the same analyses carried out on NIH3T3 in wound
healing assays, and highlights the effect of different signalling molecules on
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Figure 4.3.4.5. Role of signalling molecules on NIH3T3 movement features in wound
healing assays. Wound stimulated cells were treated with LY, a PI-3 Kinase inhibitor, with
FR180204 that blocks Erk1/2 kinase activity and with XMD-8-92, an Erk5 kinase inhibitor.
Combination of the FR180204 and XMD-8-92 is also used.
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specific movement features. Wound stimulated cells treated with LY, a PI-3
Kinase inhibitor, show a marked speed reduction, as seen in the “avg speed
length” panel, but no effect on directional parameters such as R, coherence and
bias. Similarly, linearity and persistence are essentially unchanged. Blocking of
Erk1/2 kinase activity by adding FR180204 appears to result in a specific loss
of persistence, which is not shared by XMD-8-92, an ErkS5 kinase inhibitor. No
major effect is produced on coherence or R directionality indicators.
Combination of the two inhibitors has the same effect of adding FR180204
alone, indicating that no interference exists between the two kinases.

Finally, figure 4.3.4.6 shows a comparative analysis of a set of different cell
lineages: NIH3T3 murine fibroblasts with normal phenotype, NIHRas murine

Avg step length Alpha
20 _ -
20 j
= = e H .F
" i * s EHm B
i ! ! - - - ° ° =
| 1 : E —
w04 - E 10 - - °
= . T
5 1 = 05
0 0.0 |
Linearity Random
10 A 20
0.8 - - [ ]
[} H 15 i
- -+ o
.
" B m E - o
- o 10 ! —_—
w e - . o N
°© % = ; _— T
0.2 5 e b ° o
00 | 04
Coherence Persistence

o
i
08 - = - - =
] I |
! - o
o6 T T 8 ! : T
o ] 6 -

04 -

_ =
02 1 B - ==

0.0 04 °
R Bias

S B IR

i
I
L]

° o

2 ==

06 L

04 +

) .| = Q -
. -
> ° - [ | : =
0.2
B . == = 2 T ‘ o =
T =2 — - mmC
0.0 o 0 - =
T T T T T T T T T T T T T T T T
= x = x = ¥ oz = © = = x oz
© o @ & b © h<A < fd o ) & © @ -4 <
£ i 5 &
£ & g 2 i g G £ B g 2 3 3 LI
T T T

Figure 4.3.4.6 Comparative analysis of migration parameters of different cell lineages.
NIH3T3 murine fibroblasts with normal phenotype, NIHRas murine fibroblast with
transformed phenotype, HeLa from cervix carcinoma and T24 from bladder carcinoma, are
compared under standard colture conditions and in presence of a directional stimulus
(wound).
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fibroblast with transformed phenotype, HeLa from cervix carcinoma, and T24
from bladder carcinoma, under standard conditions and directional stimulus
(wound). All cell populations, when stimulated by a wound, show strong
directional movement, indicated by higher values of coherence, R close to 1,
high linearity, and evidence the contribute of directional bias to average step
length. NIHRas and T24 cells, which both express constitutively activated Ras,
show a characteristic, much higher, speed under standard conditions.
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4.4 Evaluation of cell proliferation and its effects

When time-lapse experiments are followed for longer than a few hours, cells
move but also tend to proliferate. In order to evaluate the contribution of
proliferation in motility assay, an analysis tool has been developed in
MotoCell, directed to quantify this aspect. The tool estimates replication rates
of the culture by plotting the fraction of not split cells vs time and fitting a
Weibull distribution (see in Methods) to these data (fig. 4.4.1). The Weibull
distribution is used rather than a simple exponential one, as it can also fit to
dataset whose growth curves show an initial lag.

Proliferation Split-Split + % Split-End

1.0
0.9
08 FitWeiSESynchro txt pdf
c 0.7 Asym 0.22
S 06 Drop -0.78
3 o054 Lrc -25.43
Ez 04 4 Shape 5.25
2 . Scale (10min) 139.38
T50 (10min) 127.17
0.2
weiDist 0.71
0.1 o
0.0 TTTTTTTT T I T I I T T T I T T T I T I T T T T T T I T I I T T T I T I T T I T T I TTITTTITTTT

0 12 28 44 60 76 92 108 128 148 168 188 208 228 248 268

MotoCell 2.1

Aae (10min)

Figure 4.4.1 Quantitative evaluation of cell proliferation. In this figure an example of
proliferation analysis is reported. On the left side the not split fraction of cells vs cell age is
reported with the Weibull curve that better fit with data. The results of the curve fitting
analysis are reported in the table on the right side.

The tool describes the proliferative behaviour of the population in terms of
asym, the asymptote of the function that indicates the fraction of unsplit cells at
the end of the observation, T50, the time at which 50% of cells are split, and
shape, a parameter related to the shape of the decay curve (one for a purely
exponential curve or larger for sigmoidal curves). In fig. 4.4.1 the same tool is
used to determine the true T50 of a population, by limiting the analysis to cells
born during the observation virtually syncronized at birth as described in 4.3.2.
The parameters calculated by curve fitting are reported in the table; asym
indicates that 27% of cells don’t split at the end of the observation, T50, the
time in which 50% of cells split, is about 19 hours.

4.5 Simulation of synthetic cell populations

MotoCell has been able to interact with a simulation system, developed in the
hosting laboratory, to predict the behaviour of cultured cells in different
experimental conditions observed in time-lapse experiments. The simulation
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tool predicts the behaviour of single cells by using models able to describe the
main cellular processes, such as movement, proliferation, growth and death.
Populations ranging from tens to thousands of cells may easily be predicted
within minutes or tens of minutes. Figure 4.5.1 shows the interaction of

Simul txt pdf
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Irc -8.04
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Figure 4.5.1 Interfacing the simulation tool with MotoCell. This figure shows a schema
which describes the flow according to which MotoCell and the simulation system interact.
The movement and proliferation parameters calculated from a coordinate file derived from
an experimentally observed cell population are passed to the simulation tool that in turn
generates one or more synthetic cell populations sharing the same features of the starting
population.

MotoCell with the simulation system: typically, a coordinate file derived from
an experimentally observed cell population is analyzed and the parameters
calculated are ‘passed’ to the simulation system that in turn generates one or
more synthetic populations sharing the same features of the starting cell
population. Before executing the simulation one or more parameters may be
changed, trying to predict the behaviour of the same cell population in response
to changed conditions, such as after a mechanical and/or biochemical stimulus.
The results of a simulation is a dataset contained in a movie file that is loaded
in MotoCell to be analyzed, for example, compared to the experimental
dataset. As shown in figure 4.5.2, feeding the data derived from MotoCell
analyzers to the simulation system, different movement patterns are generated
(middle row), which closely resemble those observed for the experimental cell
populations from where the parameters were obtained. The results are
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Figure 4.5.2 In silico experiments. The figure reports the paths calculated for three
synthetic cell populations characterised by diffusive (left), persistent (middle) and combined
(right) movement, built by using the parameters calculated for three experimental cell
populations. The top and middle rows respectively display the paths observed with the
experimental populations and calculated for the synthetic populations. The bottom row
shows numerical parameters calculated from both experimental and synthetic populations.

confirmed (bottom row) by noting that mean squared displacement, persistence
and bias module/direction calculated for each dataset closely resemble those
produced by evaluating the same parameter for the corresponding original
populations.

In addition procedures to model cell profile while cells adhere and move and to
visualize simulated datasets have been added. All cells after the seeding are
detached and considered like spheres that fluctuate in the medium, then when
cells anchor the substratum are still spheres but stop to move. Once that cells
adhered, after about an hour, they start to spread and to assume a more
irregular profile reproducing membrane ruffles and to increase their size. In
this phase mean cell radius is calculated by multiplying the radius of a sphere
with the same volume of the cell by square root of a spreading factor. Once that
spreading factor reach its maximum value the cell is completely spread and
assumes the typical shape of its cell type. When cell starts to move its profiles
is evolved according to the movement by adding protrusions that justify the
movement and removing the others that are not compatible.
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Within this work, keeping the architecture in tune with the original project
principles, many objects were modified and others added to make MotoCell an
effective tool to quantitatively study in parallel cell movement in many time-
lapse experiments by integrating the calculation of movement and proliferation
descriptive parameters, the fit of movement models to experimental data, the
execution of in silico experiments and the visualization of many image stacks
with the cell paths.

4.6 Motocell architecture

MotoCell is a web application written in PHP, and uses two main html pages:
the main one (index.php), to display and edit images and paths, and to request
all analysis procedures, and a second page (calcStatistics.php), used to generate
all analysis results. Additional web pages are used to display dialogs, used to
acquire optional parameters necessary for the execution of most analyses, and
to recover data stored on Server, such as images or movies. Storage space is
used to keep temporary copies of images and datasets, to store the current
application status, to keep track of used ids, to store images and graphic plots
waiting to be downloaded by the clients.
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4.6.1 Objects hierarchy
Most code is contained in a number of objects, developed to support specific
functions and reported, as an inheritance hierarchy, in figure 4.6.1 The main

Analyzers
Web application interface analyzer
appStatus csAnalyzer
raytestAnalyzer Support
webservice csStepAnalyzer dataObject
page csPathAnalyzer scalar
motoPage csGeneralAnalyzer Analysis results length
dialogPage movModAnalyzer motoCalc sArea
mcDIgPage vonMisesAnalyzer coll volume
resultPage IwAnalyzer mColl time
motoCell distrAnalyzer mpColl concentration
acqManager displLengthDistrANalyzer mpForm quantity
prwAnalyzer mpVect point
area distr2Analyzer mpMatrix shift
resultPane dirCorAnalyzer pColl vector
mainPane movContributionAnalyzer vectNew step
analysisPane dispDistrAnalyzer form point3D
collectionDealerPane diffusionAnalyzer vect polygonal
imageDealerPane biocModAnalyzer matrix polygon
movieDealerPane protConcsDBAnalyzer regPolygon
headerPane biocModSimulAnalyzer angle
movieContainerPane biocModSimul2Analyzer
pathDealerPane biocModSimul3Analyzer
pathsPane stepAnalyzer
trackPane spaceFillAnalyzer
dialogPane spaceFill3Analyzer
mcDIgPane simulAnalyzer
pathStepAnalyzer Graphic output
displayPort pathDestAnalyzer * textOuter
pathAngleAnalyzer textWriter
panel pathAnalyzer motoCellWriter R connection
normAnalyzer * plotter rExec
movieAnalyzer rPlotter rParser
Data Handling mannWhitneyAnalyzer * motoCellPlotter rResults
dealer physicalEvent generalAnalyzer element
movieDealer acq exportSummAnalyzer table
imageDealer movie compareAnalyzer * title
imgStack shape cellSegmentationAnalyzer
cellSegmentation2Analyzer
historyAnalyzer *

Figure 4.6.1 Objects hierarchy. The figure shows the objects used by MotoCell, grouped in 7
main hierarchies: ‘“Web application interface’, ‘Data handling’, ‘Analyzers’, ‘Analysis results’,
‘Graphic output’, ‘Support’, ‘R connection’.

object subfamilies include those for building the web interface, including
several “page” and “pane” objects, a family of data handling objects, used to
deal with image stacks and movies, a large family of analyzers, responsible for
most analysis procedures, a set of objects for generating variously formatted
text and plots to be used for graphic output. Additional sets of objects include
data objects used as containers for analysis results, and a family of data objects
used as support for representing physical entities involved in cell movement.
Interfacing with R is provided by a small set of objects that execute R scripts
and convert input and output data.

MotoCell interface was organized using 5 panes, described in 4.2.1: for each
pane, the html code is generated by a specific object that extends a parent area
object, that handles also the store of variables related to its own status. The
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panes that collect image stacks and coordinate files are used by two objects that
handle data collections, respectively the imageDealer and movieDealer
objects. imageDealer collects and manages image stacks as imgStacks objects,
while movieDealer stores and handles cell tracking data as movies objects.
Image dealer pane and movie dealer pane communicate with the panel that
manages editing, display and cell tracking by tools presented in dropdown
menus, to determine data on which operate. Access to the analysis system is
through the “analysis pane” acting as the access point and through which data,
selections and application status are passed to analyzers, to enable them to
carry out the respective analyses. An intermediate dialog page allows to
customise the behaviour of most analyzers by setting specific optional
parameters. The ‘graphic output’ objects are used to assemble the final web
page with tables and plots.

4.6.2 Data objects

Movement parameters expressed in standard units of measurement are essential
to compare different experiments, considering that the dimension of the pixel
can change between an experiment and another and consequently using
measurements expressed in pixels would make the results not comparable:
image stacks from which cell paths are obtained can in fact have different pixel
scales and positions tracked for each cell, are stored in pixels in the application
and coordinate files. To help solving this as well as other problems in handling
physical entities such as locations and displacement vectors, a set of
dataObject objects were developed to manage the entities involved in
analysing cell morphology and migration patterns, such as position, shape,
time. These objects manage the mathematical operation between physical
quantities expressed in the same or different units and allow the retrieval of
data in the required unit of measurement by taking care of the conversion
between arbitrary values, expressed in arbitrary units, and physical objects
characterised by a specific unit of measurement.

4.6.3 Interfacing with R

R (website: R) is a data analysis environment originally designed to support
statistical analyses, but later extended to support applications in wider
contexts, including physics, mathematics, image analysis, bioinformatics
among others, by providing data analysis tools and graphic routines. In order to
take advantages of its functionalities, for example for estimating curve fitting
parameters or to use statistical tests, an interface was built which could
trasparently pass data and recover the results after executing R routines and
functions. The interface, based on the rExec and rResult objects, was
developed to facilitate the execution of R scripts in MotoCell by indifferently
using a local R instance installed on the web server or a remote one, accessed
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via Rserve (Urbanek, 2003). The analysis performed in MotoCell has no need
to change script or input data according to the execution mode, as rExec builds
the final script to be executed in R by adding up input data, script content and
variables to be sent in return before running the script. As a result, R scripts
receive input data and return the results in variables thanks to functions added
to the main analyser object and readily available to all analysers modules that
manage the analysis procedures (see below).
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4.7 The analyser objects: MotoCell as a development environment

The large number of analysis tools available in MotoCell was implemented by
using a modular structure, where each set of related analysis tools is included
in an object that acts as a plugin module containing all the information and the
behaviour necessary to add the tools to MotoCell.

4.7.1 The analyzer objects

Figure 4.7.1 shows how analyzer objects have been organized. A parent
analyzer object with no interface, i.e. not appearing in the analyzers panel,
contains the basic functions and all analyzer objects acquire these
functionalities by extending it.

1
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Figure 4.7.1 Hierarchy of analyzers. The image shows the hierarchy of analyzers objects
currently available in the application. A parent object analyzer, contains all the basic
functions that are acquired by all analyzers objects that extend it. Some of them are parent
objects of other analyzers such as movModAnalyzer, csAnalyzer and biocModAnalyzer that
respectively contain the functions to extract mean squared displacements (MSD) for the
routines that test mathematical models, to calculate circular statistics parameters and to
support biochemical pathway simulations.

Current analyzers either directly extend the base analyzer object, or another
analyzer (with or without interface) which includes common routines. To this
aim a parent object movModAnalyzer was built to extract and/or calculate value
sets such as mean squared displacements (MSDs) vs time, that are then used as
input data by other analyzers such as diffusionAnalyzer and prwAnalyzer,

46



respectively testing the diffusive and persistent random walk movement model
by fitting the relative models to MSDs. Similarly, csdnalyzer is the parent
object developed to calculate circular statistics parameters such as linear
dispersion coefficient (R) and angular dispersion coefficient (S); these routines
are used by other analyzers extending it, such as csGeneralAnalyzer,
csPathAnalyzer and csStepAnalyzer to calculate R and S respectively for the
population, for each path and for each time point. In addition, in an initial
effort to introduce simulation of biochemical pathways, another parent object
biocModAnalyzer has been built to estimate and retrieve concentrations of
molecules involved in a specific biochemical pathway on the basis of the cell
line. These data are used for example by analyzers as biocModSimulAnalyzer
to carry out specific simulations.

4.7.2 Services and functionalities available to analyser objects
As shown in figure 4.7.2.1, the basic functions available to all analyzers allow
to determine how it is presented in the analyses pane, how to organize the

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Analyzer

> Interface

Layout

Calc functions

Plot functions

Figure 4.7.2.1 Analyzer functionalities. An analyzer object always contains functions to
determine its interface in the analysis pane, to organise the results in the final page, to
calculate and to plot data, in addition to functions deriving from the specific nature of the
performed analyses.

layout in the result page, basic calculations to calculate movement and
proliferation parameters and to plot data.

Each analyzer object provides routines for data processing and for generating
output elements, such as tables and plots. The analyser system provides means
of caching intermediate results: in this way results calculated for a given output
may be reused for different outputs or for other calculations, reducing the
execution time of analysis tools, a feature which is particularly effective when
many large datasets are analyzed in parallel.
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By using the rExec method, analyzers have access to the whole R environment
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Figure 4.7.2.2 Interfacing with R. The figure shows the interaction between analyzer object
and rExec. An analyzer sends to rExec the R script to execute, the necessary input data to run
it and the list of the variable to retrieve, the rExec runs the code by using an R instance
locally installed on the web server or one installed on a remote server accessed via network
and returns the results that are to be used by the analyzer for further processing or display in
the output tables.

to execute scripts, with the analyser system taking care of passing arguments
and retrieving results.

rPlotter, a new object developed to deal with graphic data representation, also
uses R functionalities, to produce a relatively large set of graphs able to
highlight trends, changes and relationships. Results calculated by analyzers can
now be plotted with the support of rPlotter that, after receiving by an analyzer
input data to plot and all the features necessary to build the plot such as the plot
type (line, bar, polar), the main title, X and Y axis titles, the colors to represent
datasets, builds the script to pass to rExec to generate the graph, as shown in
Figure 4.7.2.3.

The introduction of a get-image web service has added the possibility of
directly processing acquisition images within the analyser system, rather than
operating on numeric data contained in movie files. Scripts executing in R can
use R image analysis functions in R scripts via a strategy devised in MotoCell,
to “pass" images through getlmage, a web service that returns an image
defined by a stack ID and a frame. Figure 4.7.2.4 shows how the modules
interact in the case of an analysis that requires image analysis functions: a list
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of URLs that point to the get/mage webservice is passed as input data to rExec
and R subsequently uses the URLs as file identifiers to pass to image analysis
functions.
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Figure 4.7.2.3 Using R for graphic representation of data in MotoCell. The image shows
the flow to generate graphs with the support of R functionalities.
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Figure 4.7.2.4 Image analysis with R in MotoCell. The figure shows a schema depicting
how the modules interact when an analyzer carries out functions to analyze images by using
R functions.
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The recent development of this model, combined with the modifications
introduced in the analyzers to analyze cell tracking data and images, the
possibility to easily and transparently access R functionalities, the ability to
produce output tables and graphs are turning it into a development environment
in which new analysis procedures may be easily created and tested, taking
advantage of the many services provided by the package, also by people who
are not part of the development team.
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5. CONCLUSIONS

An integrated environment was developed to study cell migration by
combining time-lapse experiments and computational analysis. The
environment is composed of different modules and is based on MotoCell, a
web application that can manage images contained within acquisition files,
produce, display and edit text files containing the paths followed by individual
cells and analyze the data by a number of different statistical analyses.

Within MotoCell, different time-lapse experiments can be simultaneously
managed and comparatively analyzed to highlight similarities and changes
among different experiments. Analysis may be restricted to specific sub-
population thanks to an intelligent selection system which allows to select cells
on the basis of their behaviour and features such as path length and direction,
life time, origin and destiny. In addition, the behaviour of cells may be
investigated as a function of acquisition time, their age, time that remains to
live and percent of lifespan and by limiting the temporal ranges.

The possibility to acquire from time-lapse microscopy image stacks
information about each single cell by tracking procedures combined with the
capability to select cells on the basis of their features, allows to investigate the
movement of specific subgroups in order to characterize homogeneous cell
populations and to investigate similarities and differences among different
groups. Cells that belong to different groups can respond differently to drugs,
so, knowing the heterogeneity in a cell population, it is possible to test and
hopefully set up more efficient therapeutical strategies.

Mathematical models describing various types of movement may be tested by
performing curve fitting analysis to test different movement and proliferation
models. Curve fitting parameters may be used to simulate specific cell cultures
able to reproduce the behaviour of cultured cells observed during time-lapse
experiments and to predict their behaviour in response to mechanical or
biochemical stimuli. Within MotoCell, mitosis events may be recorded, stored
and analyzed in order to estimate the contribute of cell proliferation to motility
assays.

The environment has been developed to enable comparative analysis of
multiple experiments simultaneously. Overall, these capabilities may be used to
highlight similarities and differences among different experiments and to
compare and evaluate the effects of drugs, to investigate biochemical pathways
involved in cell movement, to characterise the effects of mutations in
molecules that affect cell movement and morphology, to highlight similarities
and differences among cell lines that originate from the same or different
tissues.

In its present form, thanks to its object oriented structure and to the modular
organisation of analyzer objects, the system also acts as a development
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environment, in which routines such as those able to extract, reformat and
select data, access the R environment, output result sets in tables and graphics,
are easily available and provide support for the generation of custom designed
analyzer objects.
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