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Resumen

El desarrollo embrionario comienza con una célula formada por la unión de dos células se-

xuales, y termina formando un organismo multicelular con funciones y formas especializadas y

diversas. La organogénesis es el proceso por el cual un grupo de células se coordinan espacial y

temporalmente para formar el órgano maduro funcional. Concretamente, algunos tejidos como la

Retina Neural, el Epitelio Pigmentario de la Retina, la Médula Espinal o el Neocórtex se forman

a partir de una región anterior del tubo neural que, a su vez, proviene de la parte anterior de la

capa embrionaria del ectodermo. Los procesos moleculares que subyacen las decisiones celulares

han sido ampliamente caracterizadas para una gran parte de todos estos tejidos, encontrando una

red de regulación altamente coordinada y regulada para asegurar la versión madura del órgano.

En resumen, para que este proceso sea exitoso tienen que ocurrir tres grandes acontecimientos:

crecer en tamaño (proliferación), especializarse en una o varias funciones concretas (diferenciarse)

y coordinarse espacialmente para adquirir una forma final concreta (morfogénesis). Precisamen-

te, una de las grandes preguntas en la biología del desarrollo es cómo durante el desarrollo del

órgano maduro se puede controlar el crecimiento (es decir, el aumento en masa y en número de

células) y la diferenciación. Las células progenitoras son aquellas que tienen la capacidad de di-

vidirse y aumentar el número de células, mientras que las células diferenciadas son aquellas que

han adquirido una función específica. Por tanto, es el conjunto de células progenitoras el responsa-

ble directo del crecimiento (más células progenitoras dispuestas a dividirse a un tiempo concreto

en nuevas células diferencias y progenitoras) y diferenciación (mayor producción de células di-

ferenciadas a un tiempo concreto). En consecuencia, para entender el balance entre crecimiento y

diferenciación es clave entender el comportamiento de las células progenitoras. Además, nuestra

capacidad para integrar datos y extraer nueva información es determinante para conseguir ente-

der las propiedades emergentes del órgano maduro (es decir, su fisiología y/o patología). En esta

tesis, pretendo mostrar el trabajo derivado de dos líneas de investigación que tratan de abordar

dos grandes preguntas: ¿cómo se regula la proliferación de poblaciones de células progenitoras en

el espacio-tiempo? Y ¿cómo podemos usar herramientas cuantitativas para analizarlo?. Para ello,

hemos usado dos organismos modelos (Danio rerio y Mus musculus), una aproximación teórica

basada en cadenas de markov, y hemos desarrollado herramientas computacionales de análisis

para imágenes biológicas.
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Abstract

Embryonic development begins with a cell formed by the union of two sex cells, and ends with

a multicellular organism with specialized and diverse functions and shapes. Organogenesis is the

integration of spatial and temporal programs with the purpose to generate the mature version of

the organ. Concretely, some tissues as the Neural Retina, the Pigmentary Epithelium of the Retina,

the Spinal Cord or the Neocortex comes from the anterior region of the neural tube, a structure

whose origin is the anterior axis of the embryonic layer of the ectoderm (neuroectoderm). For an

important part of all these tissues, the molecular processes that underlie cellular decisions have

been extensively characterized. Basically, three activities must happen in the tissue development:

the growing in size (proliferation), the specialization in one or more specific functions (differen-

tiate) and the coordination of cell movements to acquire a specific final shape (morphogenesis).

Progenitor cells are those cells that have the ability to divide and increase the number of cells,

while differentiated cells are those that have acquired a specific function and they are not able to

divide into new cells. The action of the whole set of progenitor cells is the responsible to regulate

the number of new differentiated and progenitor cells (proliferation), while the sets of differen-

tiated cells is the responsible of the acquisition of specific function. In fact, the function of the

organ and the ability to increase in growth or produce more cells (i.e balance between growth and

differentiation) can not only be interpreted as the sum of function of each cell. Therefore, research

about the behaviour, regulation and properties for all populations of progenitor cells is key to

understanding the balance between proliferation (the system generates new progenitor cells) and

differentiation (the system generates new differentiated cells) of the embryo development. The

descents of the progenitor cells pool along the development regulates the rate between prolifera-

tion and differentiation of the tissue. Therefore, it is not only essential to understand the biology

of progenitor and differentiated cells, but it is also essential to understand how the union of many

progenitor cells works to form a complex system, such as a tissue or an organ. In this thesis, I

will intend to answer two major questions: how the proliferation and differentiation of progeni-

tor cell pools is regulated in space-time? And how can we use quantitative tools to analyze this

balance?. To do this, we have used two model organisms (Danio rerio and Mus musculus), a theo-

retical approach based on Markov’s chains, and we have developed computational analysis tools

for biological images.
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1 Abbreviations

Most common abbreviations are listed below:

RG: Radial Glia progenitor cell.

NEP: Neuroepithelial progenitor.

SC: Single Cumulative.

DC: Dual Cumulative.

PC: Pulse-Chase.

BP: Branching Process.

pp-dd: rate of differentiation.

T: Cell cycle time.

FGF2: Fibroblast Growth Factor 2.

OSCAR: Object Segmentation, Counter and Analysis Resource.

KR value: Kernel Radius value to filter digital images.

rad.: Length of the line to introduce alteration in the shape of objects.

NR: Neural Retina.

n: Nasal.

t: Temporal.

l: Lateral.

m: Medial.

d: Dorsal.

v: ventral.
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2 Introduction

This sections explains the basic aspect of the development of the Neocortex and the developing

Neural Retina and it also provides a theoretical framework to highlight the relevance to get rig-

orous tools for the description of biological processes. However, I have involved in other two

projects during my doctoral thesis that are also focusing in the tissue development characteriza-

tion. First, it was a collaboration with the laboratory of the Dra. Christine Mummery at "Uni-

versiteit Leiden", where we collaborate in the characterization of micro-tissues (MT) of human

cardiac tissue from induced pluripotent stem cells (iPSC) [87]. In this article, I performed 3D-

quantification of the samples with the purpose to characterize the effect to growth cardiac cells in

presence of other type of cells in the composition and shape of the MT. The second one was a col-

laboration with the Dra. Paola Bovolenta group at "Centro de Biología Molecular Severo Ochoa",

where I was involved in the quantitative description of the morphogenesis of a thick epithelium

that is surrounded the Neural Retina, the Retinal Pigment Epithelium (RPE). In brief, the origin of

this structure is a small patch of columnar cells that expands along the optic cup (i.e the structure

where the Neural Retina is differentiated). In this article [112], we show that the proliferation is

not a relevant process to explain the RPE expansion, unless we suggest that the main driven force

in the morphogenesis of the RPE comes from changes in the cellular shape and, remarkably, this

changes helps in the folding of the optic cup.
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2.1 Neocortex development and Radial Glial cell biology

The Neocortex constitutes the main part of the mammalian brain, and the location where the

processing of all higher-order brain functions resides. Understanding its formation is one of the

major interests in the field of Developmental Biology [94]. The Neocortex develops from a strat-

ified neuroepithelium, called the neural tube, into a complex structure of six horizontal layers of

excitatory and inhibitory neurons [105]. Neurogenesis in the developing Neocortex initiates when

self-renewing neuroepithelial progenitors (NEP) transform into apical and basal Radial Glial (RG)

progenitor cells and start to produce neurons and intermediate neuronal precursors [13, 163].

Since the discovery that RG constitute the progenitors of potentially all neurons in the vertebrate

Neocortex [45, 53, 109, 120], a great effort has been focused in identifying their features and prop-

erties: how they coordinate in time and space to form the multiple layers of the Neocortex?; which

signals control their fate?; and how these signals orchestrate the correct balance between prolifer-

ation or differentiation during neurogenesis?. In principle, this balance can be robustly achieved

via stochastic or deterministic cell decisions [95]. In brief, stochastic models assume certain prob-

ability of differentiation that depends on the intracellular and extracellular signals that the cell

is receiving. In this context, the fate at the single cell level is unpredictable and the balance be-

tween proliferation and differentiation is regulated at the level of the population [165]. On the

other hand, deterministic models of stem cell differentiation assume that the fate of the progeny

is fixed and, therefore, the correct balance between the numbers of different types of neurons is

achieved at the single cell level [113]. The dynamics of differentiation is often characterized based

on the fate of the two daughter cells of a cell division relative to each other [84]. This way, prolif-

erating progenitors can perform pp (progenitor-progenitor), pd (progenitor-differentiated) and dd

(differentiated-differentiated) divisions [65]. In this context, differentiation in the developing chick

spinal cord [108], in the zebrafish retina [25, 55], epidermis [28], airway epithelium [164], germline

[80], and the intestine [151] of mice follow a stochastic model. In these systems, progenitors can

potentially perform each of the three types of division, and the corresponding rates are probabilis-

tic and change overtime. On the other hand, the differentiation of RG in the mammalian brain has

been shown to follow a deterministic asymmetric-only mode of division [13, 47]. Several years

ago, the group of Austin Smith showed that RG extracted from mouse developing Neocortex can

be successfully cultured in vitro [29]. Driven by the multiple phenotypic similarities between neu-
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ronal precursors differentiated from embryonic stem cells in culture and RG, authors suggested

that these neuronal precursors are the culture analogs to RG. In the same paper and driven by

this observation, they also showed that in vitro cultures of RG can be established with Fibroblast

Growth Factor 2 (FGF2) and EGF as the key molecules that facilitate their expansion [29]. FGF2 is

an extensively studied neurogenic factor for proliferation and differentiation of multipotent neu-

ral stem cells both during development and in the adult mouse brain [77]. FGF2 has been shown

to be necessary for cell proliferation and neurogenesis in vivo, and to induce additional mitoses in

progenitor cells in vitro [128]. In addition, stem cells from the adult mouse brain have been shown

to proliferate and self-renew in vitro in the presence of FGF2 [50]. On the other hand, FGF2 stimu-

lation have been shown to control the fate, migration and differentiation but not the proliferation

of neuronal progenitors in vivo [34], while more recent studies do show an impact in promoting

the cell cycle progression in cultures of Rat glioblastoma cells [9]. From all these potential effects

of FGF2, the specific features that facilitate the transition of RG from a non-expanding population

in vivo that can only perform asymmetric pd divisions (and therefore, incompatible with progen-

itor cell expansion in number), to a self-renewing in vitro culture have not been quantitatively

characterized in detail. In principle, this transition can be achieved by reducing the rate of neuro-

genesis, by promoting proliferative (at the expenses of asymmetric or symmetric differentiative)

divisions, by increasing the proliferation rate (by shortening the cell cycle), by inducing cell cycle

reentry of quiescent progenitors (i.e., increasing the growth fraction), by reducing apoptosis (as

a pro-survival signal), inducing intermediate progenitors (that perform additional terminal divi-

sions), or also by shifting RG towards its less mature NEP phenotype (that perform pp divisions in

vivo). In this work, we quantify the specific effects of FGF2 on key features of the proliferation and

differentiation dynamics of RG that allow them to be cultured and expanded in vitro. To do that,

we quantify values of cell numbers of RG and differentiated neurons extracted from the mouse

developing cerebral cortex and cultured in the presence of different FGF2 concentrations and at

different time points. These values inform a theoretical framework based on a branching process

formalism [108] that provides average values of mode and rate of division of the RG population

with temporal resolution. Our results show that FGF2 does not affect the rate of neurogenesis

(i.e., the amount of differentiated neurons produced), it does not promote NEP or intermediate

progenitor phenotype and it does not significantly affect the apoptosis rate. On the other hand,

FGF2 does promote symmetric pp divisions, it increases the growth fraction, and shortens the av-
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erage cell cycle length. These three key effects when combined, strongly facilitate the propagation

and expansion of the culture. In addition, discrepancies between predictions for the cell cycle

length and growth fraction using several methods in our study pointed us to compare the accu-

racy of several common methodologies used to measure cell cycle features. To do that, we use

a numerical model to show that methods based on cumulative thymidine analogs (such as Edu

and BrdU) are not accurate in conditions of variable differentiation dynamics. On the other hand,

the method based on branching process formalism performs better when mode and/or rate of

division are changing, which is the case in our RG cultures and many other in vivo developmental

systems. Furthermore, the branching process method is superior due to its temporal resolution,

robustness, minimal interference with cell homeostasis, and simplicity of use.
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2.2 Quantitative biology: why a system biology approach is needed to understand

the formation of organs and tissues?

The acquisition of a certain shape (morphogenesis), the growth in size and number of cells and

the acquisition of complex functions (differentiation) are the three basic element for the formation

of adult organs. These processes depends of a series of highly regulated molecular events that

happens in the cells during the development. These cells sense, process and respond to changes

in their surroundings, and the correct interpretation of these external cues is key to provide a co-

ordinated behavior that ensures the proper function of tissues and organs. In fact, the study of

the intracellular and extracellular signals that regulate this complex balance has been essential for

the study of organ generation, and this is usually possible thanks to the acquisition of biological

images taken with fluorescent techniques of confocal microscopy [22, 62]. Classical research about

the embryo development is usually performed only with the information from two-dimensional

(2D) images since there are several technical constrictions to acquire, process and analyze large

data set of three-dimensional (3D) images. This information is acquired in only one confocal or

histological slice and lately, the results are scaled to the 3D space or, in another scenario, the im-

ages are only analyzed qualitatively. The acquisition of 3D images had to wait until the appear-

ance of new lasers and new technology that allowing the appearance of new options to acquire

high-resolution biological images [73, 136, 153]. In addition, the progressive establishment of 3D

cultures of induced human stem cells and the experimental protocols designed specifically to re-

duce the scattering of the laser across the sample and to increase the resolution of the image have

contributed to the accelerated development of the 3D acquisition, processing and analysis of bio-

logical images [44, 48, 107, 124].

3D biological image is a tomographic reconstruction from the 2D images that comes from the

optical sectioning that is typically performed in confocal microscopy or light-sheet microscopy,

among others [43]. Each 2D image is a digital image composed by several individual blocks ar-

ranged spatially in the image and associated with an intensity value (ie "the amount of signal" that

has been taken by the camera) for each one (voxels). Biological images shows an unique biological

strucutre (organs, tissues or groups of cells in a known biological position inside of the organism)

but they also show information about the sub-structures that appears inside of the image (cells,

nuclei, organelles, or, even, large region with different features, etc), which we refer as 3D objects.
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Depending on the scale of the voxels, the equipment, the settings of acquisition, and the biologi-

cal features of the sample, each 3D object is composed by a variable number of voxels that fills a

certain volume inside of the 3D image. The 3D image analysis (i.e quantification of the 3D image)

is an open field since the resolution of the tomographic reconstruction of the biological images is

easily altered by multiple factors, such as some common experimental problems during the sam-

ple staining, sample preparation or by a limited resolution of microscopy equipment (even at high

resolution). Loss of resolution in the shape of objects easily happens and has bad consequences

for the accuracy of the the identification of 3D objects (segmentation). Therefore, before to classify

the voxels in 3D objects, some modifications are performed using the spatial information about

voxel intensities present in the image. One of the most basic algorithm to improve this task is

the watershed algorithm and it is based on the computation of a new image where the intensity

of the voxels that present a pixel intensity higher than zero in the original image (foreground) is

replaced by the value of the closest distance with any voxel with a voxel intensity equal to zero in

the original image (background). After, the algorithms are able to split objects that are together in

the original image with a rate of error that varies depending on the quality of the image [83]. Other

strategies involves the modification of this algorithm in multiples ways, the use of statistical mod-

els and clustering methods, the analysis of the pixel intensity values histogram or the design of

neural networks for deep learning, among others [1, 10, 26, 64, 117, 124, 129, 136, 138, 140, 154, 172,

173]. Although, the quality of this algorithms is limited when the resolution of the image is not

well performed. Concretely, those images that represents biological samples with a large number

of cells in a small space (i.e crowded environment) present usually multiple error in the automatic

segmentation of the 3D objects and, finally, the process usually requires the involvement of a late

manual correction.

Automated quantification is essential by, essentially, one big question: it reduces the variability

of data since all measures have the same rate of error. One example of the relevance of automatic

quantification is in the comparison between different experimental conditions, especially when

the alteration of the experimental conditions can also affect the properties of the images (and both

images are equally processed). Other example is in the analysis of the experimental dynamics

(i.e studies about how a variable changes over the time, for example the number of cells in a

tissue) because the alteration of the measure can alter the tendency of this dynamic (i.e linear,

exponential, quadratic, etc) [39, 44, 48, 49, 75, 146]. Moreover, the automated generation allows
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that the involved time in the manual step for the acquisition of data can be used in other task like,

for example, to increase the sample size or the temporal resolution in an in vivo experiment. In

fact, during the last years several publications have been released focused on the generation of

new algorithms to automatically quantify images that offer a precise and automatic quantification

dependent on specific processing or training of the data before the of these algorithms [10, 36,

138, 145, 156, 161]. Here, we present a multi-step computational framework (OSCAR: an Object

Segmentation, Counter and Analysis Resource) designed specifically to obtain an accurate quan-

titative characterization of densely packed cellular tissues at single cell resolution. OSCAR uses

a combination of statistical analysis, analytical geometry, nonlinear curve fitting and image pro-

cessing algorithms to bypass the potential errors in segmentation derived from the typical reduced

image quality that results from imaging organs in toto. In other words, we have designed a tool

able to detect automatically, robustly and accurately objects that are not very well defined in 3D

images reconstructed using 2D-sections.

2.3 Differentiation and growth of the developing Neural Retina

Molecular description about the mechanistic processes that regulate the development of neural

tissue is a very studied topic in the Developmental Biology. Moreover, during the last years the

appearance of theoretical models, big data, image analysis and others quantitative approaches

have been used to describe biological processes from a top − > down strategy (if we want to

understand the biological process, we need to look directly the biological process)[81]. The dif-

ference of these type of approaches is essentially what is the focus of attention for the researcher.

Typical research is focused on the understanding about how a biological process (for example,

proliferation) is regulated at a molecular level by the effect of one or more than one signaling

molecules because the molecular regulation of the cell is the basis of the development of organs

and tissues. However, a top − > down approach put the focus on the biological process itself

(i.e in the organ or tissue) and it uses the information of the molecular and cellular biology to

integrate it quantitatively in order to perform quantifications, estimations or predictions of any

variables that represent some feature of the whole tissue or organ. The advantage of these studies

is their ability to understand the emergent properties of the system (for example, the average rate

of proliferation). The main disadvantage is the complexity of the data and, therefore, the technical

issues that appears for their acquisition, processing and analysis [1, 10, 26, 36, 124, 129, 138, 161,
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173]. One example is the study of the tissue generation since for their description, we need to

combine single cell characterizations with mesoscopic analysis of the whole tissue (i.e an analysis

about the features of the tissue or organ, not the cells of the cells or other components that are

inside of the tissue or organ, for example, the volume of the sample). The appearance of a mature

tissue depends on the realization of three major roles: acquisition of a specific shape (morphogen-

esis); growing in size and number of cells (proliferation); and the specification of functions to be

functional (differentiation). In this context, any developing organ can be depicted as a complex

multicellular dynamical system composed of many highly coordinated entities that are spatially

oriented since the regulation depends of no-homogeneous signals in the environment where the

cells are. Failure in the coordination of the highly coordinated entities results in the incorrect form,

size and function that can produce very important developmental disorders [22, 150, 155].

The developing Neural Retina (NR) of zebrafish embryo (Danio rerio) is a common neural de-

velopment model because it is a vertebrate, cheap and easy model to visualize and quantify the

vertebrate development since the embryos are semi-transparent and they can be recorded in vivo

with techniques of microscopy [4, 100, 119, 143]. The development of the NR starts in a small

region of neuroectoderm express a combination of transcription factors that configure a region

called eye field, then this eye field splits in two optical vesicles. Finally, the cells of each optic

vesicle are re-arranged in a highly coordinated movement to define the optic cup (i.e NR) and the

Retinal Pigment Epithelium [100, 150, 155]. Once the optic cup is formed, neural retinal growth

and differentiation starts with a quick expansion of cells around 24 hours post-fertilization (hpf).

From this developmental stage, the system increases in number of cells and all types of differenti-

ated cells appears in NR and the connections with the visual cortex are formed. The population of

cells that are exclusively presents at 24 hpf are Retinal Progenitor Cells (RPCs), which gives rise to

several types of neurons that are produced sequentially. Retinal Ganglion Cells are generated first

and occupy the innermost layer where they form the optic nerve. The two types of photoreceptors

start to differentiate next, followed by bipolar, horizontal and amacrine cells [23, 55]. This is a

complex processes that involves many genes and proteins that have been characterized in pub-

lications during the last three decades[119, 143, 167] and it also a good model to adress physical

and multi-scale questions about the retinal differentiation [3, 41, 104]. However, despite all these

works, several key aspects of the formation of the vertebrate retina are still not understood: how

the proliferation and differentiation of the pool of RPCs is balanced as the retina develops?; how
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this balance is regulated by key regulatory signals in both space and time?; how the cell cycle

dynamics of RPCs is modulated as the organ develops?; how is the interplay between cell cycle

and differentiation during the formation of the retina?. The framework OSCAR allows us to an-

swer some of these questions by providing a highly accurate quantitative characterization of the

dynamics of growth and differentiation of the zebrafish retina. We show that the total number of

cells increases exponentially, while the volume follow a linear regime. Therefore to support the

idea that the number of cells growth faster than the total volume, we also demonstrate the cells of

the NR are close to each other along time. In addition, we also show that the Retinal Progenitor

Cells are the responsible to first generate mainly more progenitor cells (proliferation) and, then,

they are also the responsible of the quick expansion of the pool of differentiated cells in a very

fast regime of increase of cells. Data about the number of progenitor and differentiated cells is

then used to calculate the average mode of division and the cell cycle length, using a set analytical

equation derived from a branching process formalism [87, 108]. The analysis shows that, during

the first wave of neuronal differentiation, the balance between proliferation and differentiation

changes substantially. On the contrary the length of the cell cycle remains almost constant, sug-

gesting that both mode and rate of division are independent during the first days of zebrafish

retinogenesis.

In sum, data about the average cell cycle time and the number of cells at different stages clearly

shows that OSCAR is able to describe easily and quickly the dynamics of the NR in zebrafish em-

bryos. The combination of a reliable and accurate tool such as OSCAR with analytical approaches

to measure the mode and rate of division allows us to obtain a full characterization of the dynamics

of growth and differentiation of the vertebrate developing retina with unprecedented resolution

and accuracy. The straightforward application of the tool (no free parameters, no programming

skills necessary) strongly simplifies the direct application of OSCAR to study the dynamics of

other three dimensional tissues in quantitative detail, and moreover it also provides an opportu-

nity for future research about the regulation of the NR growth and differentiation.
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3 Objectives of this work

With the impulse of the molecular biology in the late 70s, the biological research has been focus-

ing on the molecular characterization of the processes that underlying all the previous processes

described by the older biologists who were interested in their qualitative description. The mech-

anistic description of the molecules and their interactions has been key for the expansion of the

knowledge about how a single cell coordinates the cellular programs in which are based the life

(i.e molecular biology field). In fact, these advances and their applications have been also a revo-

lutionary field not only in the academy, unless also in the industry and, finally, in the world politic

[111, 156]. However, biological processes, as for example in the development and re-generation

of organs and tissues or in the appearance of a tumor in a human, are processes that can not be

explained easily by only the sum of the contribution of each cell, unless the interactions between

cells, with the environment, and other properties of the whole system made possible the appear-

ance of new abilities that are essential for the success of the full process (emergent properties) [81].

The fully understanding of the biological processes implies the generation and interpretation of

complex data since the final purpose is the understanding of how it is happening the life. There-

fore, new computational and quantitative tools to understand all this complexity is essential for

a successful future of the research. These new technologies have also contributed for a quantita-

tive analysis of this new grade of complexity. The omics, the appearance of nanometer research,

the consolidation of 3D and 4D high resolution microscopy, the system biology, the development

of the computational and quantitative analysis of biological data and others, are examples of the

interplay between the biology and other field as physics, engineering, mathematics and computer

science. In addition, the position and time are two variables that are essential to fully understand

of dynamical processes in biology, where the spatial position of cells can affect their final fate. This

is especially relevant during the embryo development because it is the moment of the life of an

organism when it is forming the own organism and all cells must be highly coordinated in space

and time [39, 49, 146].

In brief, the development of vertebrate animals begins when two sexual cells are joined cre-

ating the zygote. After, this cell serve as primordium for a series of cell divisions that increase

the cellular mass. Once a sufficient number of cells is achieved, the cells of the embryo start a

complex process of cellular movements that ultimately produces three layers in the embryo (from
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outermost to innermost): ectoderm, mesoderm and endoderm. Neural tissue is formed from cells

of the anterior axis of the ectoderm that move out of the tissue and fold in a structure named the

neural tube. Again, this structure is polarized into three major regions: the forebrain, the middle

brain and the posterior brain. The developing Neural Retina (NR) or neocortex, among others,

comes from the forebrain [70, 82]. The research about the dynamics of tissue growth, tissue dif-

ferentiation, the acquisition of the tissue shape, and the balance between these three variables are

the keys elements to understand how a tissue is completely formed. The progenitor cells (those

cells that are actively proliferating) can generate new progenitor cells or differentiated cells in each

cycle of division. Research about the mechanisms that underlay the decision to generate differen-

tiated or progenitor cells has been widely characterized for different tissues of the nervous system

(Retina, Cerebellum, Hypothalamus, Neocortex). However a descriptive analysis focusing on the

emergent system properties during the embryo development (and not only information about the

individual mechanisms of cells) is still a complex task by the complexity of the data [81, 146]. The

understanding of this properties is essential to fully understand in a rigorous way the physiology

and pathophysiology of the formation of new organs and tissues. Therefore, I present here a thesis

with four main objectives:

i. in vitro characterization of the Radial Glial progenitors during the differentiation of the Neo-

cortex of mouse embryos.

ii. in silico comparison between methods to measure the proliferation rate at different biological

situations.

iii. Generation of Object Segmentation and Analysis Resources (OSCAR), a new computational

algorithm to locate cells in densely packed biological samples.

iv. OSCAR application in organ and tissue development research: characterization of the first

wave of differentiation for in toto samples of the Neural Retina in developing zebrafish em-

bryos.
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4 Results

4.1 FGF2 modulates simultaneously the mode, the rate of division and the growth

fraction in cultures of Radial Glial cells

Radial Glial progenitors in the mammalian developing Neocortex have been shown to follow a

deterministic differentiation program restricted to an asymmetric-only mode of division. This

feature seems incompatible with their well known ability to expand in number when cultured

in vitro, driven by Fibroblast Growth Factor 2 and other mitogenic signals. The changes in their

differentiation dynamics that allow this transition from in vivo asymmetric-only division mode to

an in vitro self-renewing culture have not been fully characterized. Here we combine experiments

of Radial Glial cultures with numerical models and a Branching Process theoretical formalism to

show that Fibroblast Growth Factor 2 has a triple effect by simultaneously increasing the growth

fraction, promoting symmetric divisions and shortening the length of the cell cycle. This combined

effects partner to establish and sustain a pool of rapidly proliferating in vitro pool of Radial Glial

progenitors. We also show that, in conditions of variable proliferation dynamics, the Branching

Process tool outperforms other commonly used methods based on thymidine analogs such as

BrdU and EdU, in terms of accuracy and reliability.
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4.1.1 FGF2 stimulation increases the growth rate of cultures of RG by shortening the length

of the the cell cycle

To initially test how the dynamics of growth and differentiation of RG in vitro is modulated by

FGF2, cells derived from the developing Neocortex of mouse embryos at E11-11.5 are extracted,

plated and cultured following standard protocols [56]. Starting at 24 hours post plating (hpp),

samples are then fixed at three different time points and stained with Hoechst (Fig.1A). Quantifi-

cation of the number of cells in a field of view of fixed dimensions (0.6 mm × 0.6 mm) using an

automated segmentation tool developed in house is shown in Fig.1B for two culture conditions:

SC and SC+FGF, where the standard culture media is supplemented with an increased concentra-

tion of FGF2 ligand (see 7.5.1). In both conditions, the number of cells increases, but the growth

is only statistically significant (P < 0.05) in SC+FGF conditions. To study in detail how FGF2 af-

fects the length of the cell cycle of the cycling progenitors, we perform 5-ethynyl-2’-deoxyuridine

(EdU) cumulative labeling experiments to measure changes in the length of the average cell cycle.

BrdU [121], EdU [18, 134] and other thymidine analogs constitute the most used tool to estimate

the cell cycle length of cells in many contexts [2]. The methodology is based on the replacement of

endogenous thymidine during DNA synthesis with traceable compounds [158, 160]. The length of

the average cell cycle is then inferred from the dynamics of the incorporation of these compounds

into the DNA of cycling cells [97]. To estimate the average cell cycle length of the population, sam-

ples are cultured in the presence of EdU and then fixed at different time points (corresponding to

different times of EdU incorporation). Combined nuclear Hoechst staining with EdU detection as-

say and immunostaining against Sox2 is used to identify all progenitors that have passed through

S-phase for each EdU incubation time. The cell cycle length T and the growth fraction γ are cal-

culated using the standard cumulative curve methodology based on linear regression (see 7.7).

Representative snapshots are shown in Fig.1C-F. The resulting cumulative curves (Figs.1E,F) re-

veal that γ remains at around 72% for both conditions tested, while T depends strongly on the

culture conditions (T=35.2 ± 3.5 hours for SC, T= 24.7 ± 2.0 hours for SC+FGF). In conclusion,

our results show that FGF2 stimulation shortens the average cell cycle length in cultures of RG in

vitro, while its effect in the growth fraction is not statistically significant.
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Figure 1: FGF2 shortens the division time of cycling

RG in vitro.(A) Snapshots of RG cultures at differ-

ent hours post plating (hpp) stained with Hoechst

and growing at SC and SC+FGF culture conditions.

(B) Total cell numbers in a field of view of 0.6 mm

× 0.6 mm at different time points. Error bars corre-

spond to standard error of the mean value between

multiple samples of similar conditions. (C-D) Sox2

(green) and and EdU (red) staining to mark progen-

itors that have gone through S-Phase in 24 hours of

EdU incorporation. (E-F) Cumulative curve of EdU

positive progenitors shows that cells in SC+FGF

conditions cycle faster (T= 24.7 ± 2.0 hours) than in

SC (T=35.2 ± 3.5 hours), while the growth fraction

γ remains similar.
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Figure 2: FGF stimulation increases the amount of progenitor cells. (A) Snapshots of RG cultures at 24 hours post plat-

ing (hpp) showing nuclei (Hoechst), progenitors (stained with Sox2) and differentiated neurons (stained with Map2).

(B-C) Quantification of the number of cells of each type in both culture conditions at different time points shows an

increased number of progenitors is SC+FGF, compared to SC conditions. Error bars correspond to standard error of the

mean. Lines correspond to nonlinear sigmoidal fitting of the experimental data points.
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Figure 3: Experiments to obtain the apoptosis rate and the amount of NEP. (A) Example of cells stained with nuclei

marker (blue), Pax6 (green), and Map2 (red) at 36 hpp. Quantification of the percentage of progenitors that are Pax6 pos-

itive for all conditions and three time points. Columns represent the mean between independent repeats. (B) Example

of cells stained with nuclei (blue), cleaved Caspase3 (green), and Map2 (red) at 36 hpp. Quantification of the percentage

of progenitor cells that show positive staining for Caspase3 for both conditions and at three different time points. This

low value of apoptosis rate is consistent with estimations from in vivo experiments [19]. (C) Immunostaining against

Tbr2, Sox2 and Map2 (background level for Tbr2 was set as the intensity of green in the Map2+ (differentiated cells

have been shown to be Tbr2- [42]). Error bars represent the standard error or the mean.
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4.1.2 FGF2 stimulates the generation of progenitors in culture

The previous section shows that FGF2 affects the rate of division. To study the effect of FGF2 in

the number of cells of each specific population of RG progenitors and differentiated neurons, we

extract the Neocortex of mouse embryos at E11-11.5 and plate cells at same initial cell density in

different wells. Next, cells are cultured under the two conditions of FGF2 and samples are then

fixed them every 2-4 hours, starting at 24 hours post plating (hpp). After, samples are stained

using antibodies against Sox2 and Map2 to identify progenitors and differentiated cells, respec-

tively. We then identify the fate of each cell based on the intensity of Sox2 and Map2 staining

using our segmentation framework (see 7.5.1). Results are shown in Fig.2A. Output provided by

the segmentation script is plotted in Figs.2B,C. Assuming the typical logistic growth model[74] for

proliferating cells in cultures, the corresponImage acquisition, processing and analysis of primary

cell culture imagesding sigmoidal curve fitting is also plotted (green, red, and blue lines for RG,

neurons and total cells, respectively). The data shows that an initial regime of reduced change

in cell numbers is followed by an increase in both cell types until the system reaches a regime

where few new cells are being generated. In both conditions, the amount of progenitors (green

data points, green line) and differentiated cells (red data points, red line) increases with statistical

significance (P < 0.05) but the increase in progenitors is statistically more significant in conditions

of SC+FGF (P= 7.25E-09) that in SC conditions (P= 7.60E-03). In principle, this increase in the

progenitor population could be explained by an increase in neuroepithelial progenitors (NEPs)

[13, 163] or intermediate progenitors [110] (that emerge from asymmetric division of the RG and

they are able to perform a terminal dd division [66]). Immunofluorescence against Tbr2, a marker

for intermediate progenitors shows no Tbr2 positive cells in the two culture conditions tested

(Fig.3C). This is in agreement with the effect of FGF2 in inhibiting the transition from RG to in-

termediate progenitor [78] (FGF2 is in the culture media in both experimental conditions: SC and

SC+FGF). Quantification of immunofluorescence against Pax6, a well characterized marker for RG

[157] that is not present in NEPs [40] shows that close to 100% of all Sox2 positive progenitors are

also positive for Pax6 (Fig.3A), suggesting that FGF2 stimulation does not result in the presence of

neuroepithelial progenitors. In conclusion, since the increase in the number of progenitors is not

due to intermediate progenitors or NEPs, the only possible option is a shift in the mode of division

from an deterministic asymmetric only [13] (in this scenario, the total amount of RG cells should
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remain constant or close to a constant value) to a more probabilistic scenario where proliferative

self-renewing pp divisions are possible.

4.1.3 Branching process formalism predicts variable mode of division that is affected by FGF2

stimulation

The previous observation suggests that, apart from the changes in the cell cycle length, FGF2 may

also be affecting the mode of division of the RG. It has been shown previously that the fate of dif-

ferentiating RG can be modulated by FGF2, by changing the differentiation progeny of RG from

neurons to glia [127]. To quantify the effect of FGF2 in the mode of division, we take advantage of

a branching process theoretical formalism developed by our lab [108]. In brief, the tool provides

the average rates of each mode of division with temporal resolution simply based on numbers of

progenitors and differentiated cells at different time points (see 7.7). Input data of the framework

are the numbers of progenitors and differentiated cells, the rate of apoptosis and the growth frac-

tion. To obtain the average rate of apoptosis, we perform immunostaining against anti-Cleaved

Caspase 3 at three time points in the cultures at SC and SC+FGF conditions. Comparison be-

tween both conditions show a very reduced rate of apoptosis that is not significantly affected by

the addition of extra FGF2 (Fig.3B). Next, the apoptosis rate and the fitted values of cell numbers

for progenitors and differentiated cells are used to estimate the average mode of division. This

is described in Methods [108] in terms of the difference between the rates of pp and dd divisions

(pp-dd). Results are shown in Fig.4A. In both cases, differentiation appears to increase in time,

and this change is reduced in SC-FGF conditions. Interestingly, both situations show values of

pp− dd 6= 0, which would correspond to the in vivo situation of asymmetric only divisions pd = 1

(since pp + pd + dd = 1). Also, the average rate of differentiation is not constant in time, with the

maximum change in the differentiation dynamics occurs around 36-37 hpp. Comparison between

the two curves show that the value of pp − dd predicted is higher when more FGF2 is present

in the culture media, which corresponds with the higher increase in the number of progenitors

observed in SC-FGF conditions (Figs.2B-C). To further validate the result that an increase in FGF2

increases the amount of pp divisions, we designed an experiment based on Pulse-and-Chase of

EdU labelled cells. To do that, we plate cells from mouse developing Neocortex following the

procedure explained in Methods section. Next, cells are cultured in SC and SC+FGF conditions

until 33 hpp. At this point, a pulse of 30-minutes of EdU is applied to all samples. A number of
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Figure 4: FGF affects the proportion of symmetric proliferative divisions in RG culture. (A) Plot of the average value

of pp− dd of the population of RG under SC (red) and SC+FGF (blue) conditions. Areas around the curves represent

the 50% confidence interval. (B) Representative images showing Sox2 and EdU (stained in green and red respectively)

for “pulse” and “chase” time points. (C) Quantification of the number of Sox2 and EdU positive cells for time-points for

SC and SC+FGF conditions. Error bars correspond to standard error of the mean value between independent repeats

of the experiment.
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samples are fixed at this time point (and labeled as “Pulse” time point). The rest of samples are

washed with fresh culture media 5 times to remove the Edu (see 7.4). These samples are cultured

for another 15 hours (corresponding to the predicted average T for SC+FGF conditions during

this time, to ensure that labeled cells cannot cycle more than once in any of the culture condi-

tions). Next, cells are fixed at this “Chase” time point and stained with Hoechst, EdU and Sox2

immunostaining. Finally, the number of Sox2+/EdU+ cells at the time of the “Pulse” (33 hpp) and

“Chase” (48 hpp) is quantified using our automated image analysis tool (see 7.5.1). Results are

shown in Fig.4B-C. The number of progenitors labeled with EdU does not change significantly

in SC conditions, consistent with a large proportion of asymmetric divisions (i.e, one EdU+ RG

produces two EdU+ cells: one RG and one neuron, so the amount of EdU+ RG remains constant)

or a balanced ratio between pp and dd. On the other hand, in conditions of SC+FGF, we see a sta-

tistically significant (P<0.05) increase in the number of EdU+ RG when comparing “Pulse” and

“Chase” time points. This result shows that more RG originally labeled with the short EdU pulse,

divided and produced more RG when FGF2 is increased.

4.1.4 The length of the cell cycle is variable and shortens in conditions of FGF2 stimulation

The Branching Process formalism also provides the average cell cycle length of the progenitors in

the culture with temporal resolution (see 7.7). This equation uses as additional input the value of

the growth fraction γ, which can be indirectly obtained from the EdU experiments in Figs.1E-F. To

obtain a more direct estimation of the amount of quiescent progenitors, we perform immunoflu-

orescence against KI67 at different time points (Fig.5A) [142]. The automated quantification of

the number of Sox2+ cells that are also KI67+ in both culture conditions (Fig.5B) shows statisti-

cally significant differences between SC and SC+FGF conditions, contrary to the results obtained

with EdU cumulative curves in Figs.1E-F. In SC conditions, the growth fraction is around 55%,

while the value in SC+FGF conditions is closer to 90%. This discrepancy between the EdU data

(Figs.1E-F) and the KI67 immunofluorescence (Figs.5A-B) is discussed and studied in the next

section. The value of the cell cycle length obtained as output of the equation 2 in section 7.7 is

plotted in Fig.5C, showing an average value of T that is not constant: a continuous decrease in

cell cycle length is followed by an increase at later time points, and the minimum values for SC

(around T = 19 hours) and SC+FGF (around T = 10 hours) conditions occur around 36-37 hpp.

This reduction in the cell cycle length is in agreement with previous studies by the Dehay group
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that show that RG cells accelerate the cell cycle in response to FGF by shorthening the length of

the G1 phase [96]. In addition, these values are close to the values measured in vivo in Refs. [13,

47], that report an average cell cycle length of 16-18 h in the temporal window corresponding to

E11-E13. In addition, we have observed that some cells in the culture organize in clusters, while

others remain more isolated. This reorganization suggests that maybe there is heterogeneity in the

differentiation dynamics (i.e., cells in clusters can retain apicobasal polarity and therefore behave

different than the rest of the cells in the culture). To test this hypothesis, we compared the change

in EdU in the pulse-chase experiment (introduced in Fig.4B) in cells in clusters versus non-cluster

cells. Results are shown in Fig.6, where we plot the percentage of EdU+ cells in both “cluster” and

“non-cluster” locations, in both “Pulse” and “Chase” time points, and in both SC and SC+FGF

conditions. In SC conditions, the increase in EdU+ cells in clusters and non-cluster cells is similar,

suggesting a similar cell cycle length. In SC+FGF conditions, the amount of EdU+ cells is higher

in the “Chase” in Cluster cells, but this difference is maybe due to an already higher number of

EdU+ cells in the “Pulse” time point already in clusters. In fact, the difference between “Pulse”

and “Chase” remains around 40%, suggesting that also in SC+FGF, the cell cycle is similar between

clusters and non-cluster cells.

4.1.5 The branching process tool outperforms cumulative curve methods to monitor cell cycle

dynamics.

Interestingly, and despite showing the same trend of shortening T with FGF2, the values of the

cell cycle length predicted by the branching process formalism do not agree with the ones ob-

tained by the EdU cumulative experiments in Figs.1E-F. This discrepancy in cell cycle dynamics

and in the growth fraction (Fig.5B) pointed us to study the potential source of conflict between

the cumulative method and the Branching Process tool. To do that, we developed a numerical

model of a generic differentiating stem cell population (Fig.3, see 7.9.1). A numerical analog of

EdU is also simulated computationally, in such a way that cells in S-phase are marked as labeled

when EdU is present). Then, the number of progenitors, differentiated and EdU positive progen-

itors at each time point is used to calculate the average cell cycle length of the population using

three widely used EdU based methods: single cumulative curve (C1) [121], dual cumulative (C2)

[shibui_double_1989], and the pulse-chase (PC) method [168]. The cell cycle is also calculated

using the branching process (BP) method [108] (see 7.9.2). A detailed description of each method
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Figure 5: The growth fraction and the length of the cell cycle change in response to FGF2. (A) Example of cells

stained with nuclei (blue), KI67 (red) and Sox2 (green) at 36 hpp. (B) Quantification of the percentage of progenitor cells

that are actively cycling in both conditions and at three different time points. Columns represent the mean between

independent repeats. Error bars represent the standard error or the mean. (C) Cell cycle prediction by the branching

process formalism for the two different FGF2 concentrations tested: SC (red) and SC+FGF (blue). Areas around the

curves represent the 50% confidence interval.
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Figure 6: Heterogeneity in cell cycle length in clusters versus non cluster cells. (A-B) Representative snapshots of

the culture where regions with cells organized in clusters are marked inside a white dashed square. Quantification of

Edu+ cells in clusters and non clusters for the “Pulse” and “Chase” time points for (A) SC conditions and (B) SC+FGF

conditions. Comparison of the increase in Edu+ cells between clusters and non-clusters suggests that cells cycle at a

similar speed in both configurations.
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Figure 7: Scheme of methods tested to measure cell cycle length. (A) Cumulative curve: A thymidine analog is added

to all samples simultaneously. Samples are fixed at different times and stained for quantification. Linear fitting of the

rate of labelling is used to determine the average T and γP. (B) Dual Cumulative: The first thymidine analog (red) is

administered to all samples simultaneously. The second thymine analog (green) is administered at different times. All

samples are then fixed simultaneously. Quantification of all double positive cells (yellow) is plotted against exposure

time. This method does not provide an estimation of the growth fraction. (C) Pulse-chase: A short pulse of a first nu-

cleoside analog is added to all samples simultaneously. A second nucleoside analog is added at different times, and the

samples are fixed and stained immediately after. The amount of double positive cells is plotted overtime. (D) Branch-

ing process: Cells are fixed at different times and stained with antibodies to distinguish progenitors, differentiated,

quiescent and apoptotic cells. The resulting numbers are used to inform the equations 1-2, that will give us the values

of the average rate and mode of division overtime.
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Figure 8: Scheme of the simulation of the population model. In brief: (a) an initial number m of un-syncronized

progenitor cells proliferates and differentiates. (b) At any given time t, each cell i in the population of n cells is char-

acterised by four parameters (c): phase, T, age and Type. (d) Cells cycle in their phase from G1 to S to G2 + M. When

a given cell i reaches the end of G2 + M, a division event takes place, with three different outcomes (g): pp, pd or dd

division. In the presence of a labelling agent, cells incorporate it only during S-phase, and become labeled as "positive"

(showed in yellow). Depending on their type, cells are sorted into 4 groups (h): progenitors, differentiated, quiescent

and apoptotic cells.
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and how it is applied in this context is illustrated in Fig.7 and explained in the section 7.9.1. All

predictions are then compared with the input value of T used for each simulation, to estimate the

accuracy and reliability of each method. The first scenario tested corresponds to homeostasis in

the progenitor population (pp− dd = 0), constant value of T = 20 hours and no quiescent or apop-

totic cells (γ = 1, ∅P = 0). These are the conditions defined by Nowakowski and coworkers when

introducing originally the cumulative curve method [121]. Results of the analysis are plotted in

Fig.9A. Dots in Fig.9B correspond to the prediction of the value of T for 10 independent simula-

tions (crosses represent the average). We see that, for these particular settings, all four methods

are able to predict the correct value of T (dashed line) within a 10% error margin, with both PC

and BP performing slightly better than C1 and C2. Importantly, when comparing the individual

values for the 10 simulations predicted by single and double cumulative curve methods (C1 and

C2), there is a higher dispersion than in PC and BP methods. This means that a high number of

repeats should be necessary to get an accurate value of T, and that the typical experimental de-

sign that involves only three independent repeats does not guarantee a correct estimation of the

cell cycle. The same conclusions apply when considering growth of the population of progeni-

tors, as in the case of RG reported here (pp− dd > 0, Fig.10A). Variable cell cycle dynamics has

been reported in many developmental systems [5, 21, 31, 68, 86, 93, 99, 108, 131, 133, 158]. Fig.9C

shows the output of the numerical model when a variable value of T is used as input (with an

average value T= 20 hours). Fig.9D plots the quantification of the cell cycle in these conditions.

In this situation, C1 predicts a much longer cell cycle that the average (49% error), while the C2

predicts a shorter cell cycle (24% error). Interestingly both PC and BP return a value much closer

to the correct average, with less than 10% error. Again, the variability of the single cumulative SC

method (the one used in Figs.1E-F and the most commonly used in the literature) is very high,

making it unreliable when a small number of repeats are used (less than 10). Again, the same

conclusions apply when considering conditions where the cell cycle changes while the population

of progenitors is allowed to grow (pp− dd > 0, Fig.10B). The balance between differentiative and

proliferative divisions has been shown to also change overtime in many developmental systems

[108, 133]. We show here that even in vitro, with cells growing in constant controlled conditions,

the mode of divisions is highly non-constant (Fig.4A). When we set a variable pp-dd in our simula-

tions, we observe that again both single SC and dual DC cumulative methods fail and show high

dispersion between independent samples (Fig.10C). The same occurs when both mode and rate of
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Figure 9: The branching process

tool outperforms cumulative curve

methods. Cumulative curves and

quantification for Single Cumula-

tive (C1), dual cumulative (C2),

pulse-chase (PC) and Branching

Process (BP) methods for 10 in-

dependent runs of the numerical

model for conditions of (A-B) con-

stant and (C-D) variable cell cycle

length. Each color corresponds to

the same simulation analyzed us-

ing each framework (see text). The

cell cycle is also calculated using the

branching process (BP) Dots corre-

spond to single runs of the model,

crosses show the average value for

the 10 independent simulations.
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Figure 10: Values of cell cycle predicted for different conditions of growth and differentiation of the culture. Dots

correspond to independent simulations. Crosses represent the average between 10 simulations. Dashed horizontal line

corresponds to the average value of T used in the simulations (20 hours). Shorter distance between crosses and dashed

line represent better performance of the method. Lower dispersion between dots in each method represents better

accuracy. (A) Predicted value of T by each method in conditions of constant mode and rate of division, but for values

of increased in the population of progenitors (pp − dd > 0). (B) Predicted value of T by each method in conditions

where the cell cycle is set to decrease and then increase. (C) Predicted value of T by each method in conditions where

the differentiation is increasing monotonically during the simulation. (D) Predicted value of T by each method in

conditions where both cell cycle and differentiation rate are set to change during the simulation.
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division are allowed to change simultaneously (Fig.10D). In these more realistic conditions closer

to our experimental findings (variable mode and rate of division), the branching process equa-

tion predicts a value that is closer to the one used in the simulations, and the variability between

samples is highly reduced. In addition, our simulations show that the growth fraction measured

with SC method (the one used in Fig.1) works well when the cell cycle and mode or division are

constant, but it is not accurate when the parameters are variable. Therefore, the method based

on Ki67 immunostaining (Fig.5B) is more accurate in these conditions. In conclusion, these results

show that methods based on cumulative curve labeling are not suitable when proliferation and/or

differentiation rates are not constant. This, together with the reported effect of BrdU and analogs

in lengthening the cell cycle [91], and the high dispersion when comparing sets of cells growing

at the same exact conditions, could explain the discrepancy values of the cell cycle reported in

Figs.1E-F and Fig.5C. In addition, the error in the growth fraction measured in Figs.1E,F versus

Fig.5A can be due to the same problems. Both Pulse-Chase PC and Branching Process BP perform

well, while the branching formalism has the advantage of providing temporal resolution, as well

as accurate values of the average mode of division during the experiment.

4.1.6 Values from the branching process analysis are able to reproduce the experimental data

To test if the values provided by the branching process formalism are correct, we take advantage

of the same numerical model of the differentiating stem cell population introduced previously.

Now, the model is informed with the values of initial number of cells as in the experiments, the

values of T and pp− dd (Fig.4A and Fig.5C), and the growth fraction γ and apoptosis measured in

the previous sections (Figs.5B, and Fig.3). The model returns numbers of progenitors and differen-

tiated cells that can be compared with the values of progenitors and differentiated cells measured

experimentally. This way, if simulations are able to reproduce the experimental observations, then

the values of T an pp− dd obtained using the branching process formalism are correct. This com-

parison is shown in Figs.11A-B, where we plot the number of progenitors (thin blue lines) and

differentiated cells (thin red lines) for 30 independent simulations using the same input values.

Thick blue and red lines are the sigmoidal fitting of the experimental data. The good agreement

between simulations and experiments in both conditions (SC and SC+FGF) suggests that the val-

ues of T and pp− dd predicted by the branching equations are correct.
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Figure 11: Values derived

using the branching pro-

cess formalism reproduce

the correct dynamics ob-

served experimentally.

(A-B) Numerical simula-

tions (light red and blue

lines) for both conditions

using the parameters of

mode and rate of division

predicted by the equations

of the branching process.

Thick lines correspond to

the sigmoidal fitting of

the experimental data in

Fig.2. (C-D) Prediction for

the rate of each mode of

division assuming a pure

probabilistic scenario for

the differentiation (i.e., the

fate of the daughter cells

independent of each other).

(E) Changes in the popula-

tion of cycling progenitors

due to each of the three

effects of FGF2 alone or in

combination.
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4.2 Developing of an accurate new tool for the location of objects in images of bio-

logical samples with a densely and packed distribution of cells

Quantitative analysis are expanding in biological sciences since it provides a very useful systemic

information about biological processes. Concretely, to investigate the dynamics of cell populations

it is very important to have good information about the number, position and shape of every single

individual cell that is present in the biological system. New microscopy techniques have allowed

the development of new tools to acquire, visualize and process 3D biological images. Identifica-

tion of individual cells in the image (segmentation) is one of the most researched topics, especially

for images of crowded cellular environments, in which cells present low cell shape resolution

since the space between them is very reduced. Here, we present a new simple algorithm that is

able to get accurate localization of cells in crowded images with poor segmentation performances.

Our algorithm, titled Object Segmentation, Counter and Analysis Resource (OSCAR), is able to

connect 2D-objects in the 3D space bypassing possible segmentation errors. We use an elliptical

fitting for each 2D object detected in each plane of the 3D image, saving each elliptical object as its

parametric equation in order to minimize its computational cost. This allow us to use information

about all 2D objects that compose the new 3D object to find the most suitable candidate on the

below plane, instead of connecting new 2D object into a new 3D object based only on the infor-

mation of adjacent plans (see 7.12). To test OSCAR, we have developed in silico images of nuclei

shaped objects and we have applied them a perturbation to simulate real problems detected in flu-

orescent microscopy images (see 7.6.1). Results indicates that OSCAR has good accuracy values

when detecting and localizing objects, even in conditions with very poor segmentation outputs.

Moreover, we compare our tool with other representative tools for the automatic detection of 3D-

objects. Results show that OSCAR has similar accuracy to the rest of compared tools when image

is well segmented, but OSCAR outperforms them when the segmentation output has more mis-

takes, which is a very usual problem in images of crowded cellular environments. Finally, we

have used OSCAR to analyze how the population of retinal progenitor cells (RPC) is responsible

for the growth and differentiation of the neural retina. We show that the number of cells expands

faster than the total retinal volume, as cells move closer to each other while producing cells with

specialized functions.
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4.2.1 Location of nuclei for the same biological samples produces different outputs when dif-

ferent tool analyze their confocal images

An important problem of the automated image analysis of samples with a high density of cells

is that both sharpness and signal-to-background ratio are affected by the thickness of the three-

dimensional images (3D images). The resolution of the 3D images remains sharp and well defined

at the first confocal planes (z-planes), but they become difficult to identify accurately as we fo-

cus deeper in the tissue. This is a direct effect of the increasing amount of scattered photons

that result from the light path traveling through a thick biological sample, combined with the re-

duced permeability of some fluorescence dyes and antibodies into the deepest layers of a thick

tissue. In consequence, this reduced resolution highly complicates the automated segmentation

and analysis of 3D-objects, and, even after the most extensive and careful image processing, it

will inevitably result in over-segmentation (a single object identified as two or more objects) or

under-segmentation events (several adjacent objects identified as a single object). Ultimately, ac-

cumulation of these errors strongly compromise the accuracy of the detection of objects. A very

common feature of images from confocal sections of complex tissues is an inevitably loss of res-

olution that, typically, resides in the planes that are not directly acquired unless they are derived

from the tomographic reconstruction of the confocal planes (lateral planes). This is very relevant

because, unfortunately, the accuracy in the quantification of 3D images is always limited by the

axis of lowest resolution. This way, even if images look sharp and nuclei can be correctly seg-

mented in the confocal planes, the potential over-segmentation and under-segmentation errors

that occur in the non-confocal planes will compromise the accuracy of automated image segmen-

tation tools [73, 153].

Fig.12A-B shows two 3D-reconstruction images of developing neural retinas fixed at 24 hours

post-fertilization (hpf) and 37 hpf. Both samples were fixed and stained with the nuclear marker

To-Pro3 and, finally, images from them were acquired with confocal microscopy (see section 7.5.2).

Nuclei in the confocal plane (middle insert panels in Fig.12A-B; naso-temporal and dorso-ventral

axis) appear sharp and well defined while in the lateral planes (naso-temporal and lateral-medial

axis) the nuclei are blurry and the resolution is highly reduced (right insert panels in Fig.12A-B),

especially at later time points (Fig.12B). Quantitative comparison between the real quantification

of the number of 2D objects and the detected automatically using Fiji [139] after the application of a
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Figure 12: Neural Retinas at 37 hpf shows large differences in the output when the image is analyzed by different

tools. (A-B) 3D view (right panel), confocal (middle panel) and lateral planes (left panel) of confocal images of develop-

ing neural retina at (A) 24 and 37 (B) hpf. (C) Accuracy of object detection in 2D confocal (dark gray) and lateral planes

(light gray) for the image at 24 and 37 hpf. (D) Quantification of total number of nuclei in the 3D images above using

different tools and programs at 24 hpf (dark blue) and 37 hpf (light blue). (E) Overlapping of the biological images of

zebrafish retinas a different time points (blue) and the output of OSCAR and other tools tested (orange). Dorso-ventral,

latero-medial and naso-temporal axis are illustrated as green, blue and red lines, respectively
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2D classical watershed (2D-WS) or a similar algorithm but in 3D (3D-WS) to enhance the detection

of individual cells [122, 139] are shown in Fig.12C (see section 7.6.2). For those images that have

been processed by a 2D-WS, the accuracy in the confocal plane is very high at both time points,

while the automated identification of objects in the non-confocal planes of the 3D image (labeled

as lateral) is much less precise. Especially for the sample at 37 hpf, where the accuracy decrease

at a level below of the 25%. On the other hand, 3D-WS condition has worse values of accuracy

for the detection in the confocal planes, but a highest accuracy to detect individual objects in the

lateral plane.

With this in mind, we have designed our framework OSCAR (Object Segmentation, Counter

and Analysis Resource) to overcome these situations where some axes or regions of the image have

low signal-to-background ratio, compromising the quantification of the whole 3D sample. The de-

tails of the workflow of the different multi-step modules that are part of OSCAR are detailed in

the section 7.12. Fig.12D shows the total number of cells quantified with OSCAR compared to

other tools commonly used in 3D image processing and analysis: ObjectCounter3D (OC3D)[15],

3DCentroids from the package 3DImageJSuite (TANGO) [122] and two tools for the location

(without applying manual corrections) of 3D-objects by the commercial platforms Imaris© and

Huygens©. These tools are representative examples of software designed for the identification of

3D-objects (segmentation) that are summarized in [64]. A brief description of the basics of each

software tested can be found in section 7.6.2. We see that, in images of lower cellular density

(such as 24 hpf) OSCAR counts the same number of cells than OC3D and Tango, while Huygens©

and Imaris© estimate a slightly lower number. This discrepancy increases at 37 hpf (right panel),

when the tissue is more crowded and potentially more mistakes in 2D-object identification are

present. In these conditions, OSCAR identifies more cells than the other methods, with the excep-

tion of Imaris©, that counts around 25% more cells than our framework. Finally, Fig.12E shows a

representation of the centroids detected by each tool (in orange) over the real samples.

In sum, thereis a discrepance between the quantification of the samples by different tools that

is especially relevant for the image at 37 hpf, a alter developmental stage with a higher amount

of cells and lower resolution than the image at 24 hpf. Qualitative analysis indicates that OSCAR,

OC3D and TANGO performs acceptable nuclei detection, however spots seem to be clustered for

Imaris© and Huygens© representations.
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4.2.2 OSCAR is capable of accurately detecting objects in samples with high segmentation

errors in a set of in silico crowded tissues

In thick and dense biological images such as the two examples used before (Fig.12), the real num-

ber of cells is unknown (is not possible to count in 3D by eye inspection with accuracy), so it is not

possible to estimate the true accuracy of software solutions in these images. Often, accuracy is es-

timated based on “ground truth” images, where the true number of cells can be counted manually.

Unfortunately, complex biological samples, as tissues or organs, in most cases are very different

from these “ground truth” samples, so the accuracy in less-than-ideal (i.e, more realistic) condi-

tions may differ substantially than the value estimated using “ground truth” images. To solve this

problem, we generated artificial “ground truth” 3D tissues to simulate a tissue with a large num-

ber of cells in a small space (crowded environments). The objects defined to be part of the images

have a size, shape and orientation obtained from gamma distributed values defined by the user.

Both location and rotation around one of the axes of the objects are chosen randomly (the details

of the computer generated images used in this study are explained in the section 7.6.1). The value

for the radius is set in 6µ for every of the three dense and crowded artificial “ground truth” 3D

tissues formed for the analysis (artificial images) and the values of position and shape are stored

for each one of the 2500 objects of each artificial image. Moreover, we follow an alternative strat-

egy to simulate a crowded environment since the computational cost to increase the number of

cells into the same volume is very high: disturbing the shape of the 3D-objects by applying image

processing pipelines. In brief, a gray-scale morphological dilation is applied in the XZ plane of the

artificial images (the homologous to the XZ lateral plane in the real samples shown in Fig.12A-B)

across vertical lines (i.e in the z-plane) of a fixed length (rad.) (see 7.6.1). Fig.13A-D shows a 3D

representation of the 3D images at different rad. to disturb the shape of 3D-objects (from 0 to 12

µm). Highest values means a highest degree of shape disruption (see images in Fig.13). Captions

of the XY and XZ planes of the images are represented (middle panels) and a 3D representa-

tion using the output derived from OSCAR are also represented for each condition (right planes).

Quantitative analysis using easy home-made routines of segmentation and object identification in

Fiji is performed for the entire set of artificial images (three artificial images and the four condi-

tions represented in Fig.13 for each one). Sample size is equal to three for all analysis. Fig.13E

shows the statistical analysis about the accuracy in the detection of 2D and 3D-objects under three
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Figure 13: OSCAR outperforms the accuracy in the detection of 3D objects respect to the mistakes in the identifica-

tion of objects in the confocal (xy) and lateral (xz) plane. 3D view (right panel), confocal and lateral planes (middle

panel) and 3D representation of the output of OSCAR for the condition with any modification (A), modified at radius

equal to 4 (B), 8 (C) and 12 (D). (E) Bar graphs of the accuracy for the detection of 2D-objects in the confocal (xy) plane

(dark gray) and lateral (xz) plane (light gray) and the same parameter for the detection of 3D-objects by OSCAR (blue).

Three conditions are represented: applying a 2D-watershed (2D-WS) before of the identification (green); applying a

3D-watershed (3D-WS) before of the identification (purple); and without any previous algorithm to the identification

of objects (orange). Sample size for each condition is always equal to 3. Error lines represent standard deviation. Spatial

reference for the images are illustrated with lines on 3D projection of the raw images.
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different conditons: the two first are using the 2D-WS and 3D-WS shown in Fig.12C [122, 139],

and the last one is without any previous enhancement of the boundaries between objects, that is

to say with the worst possible conditions. Data of accuracy for images detected after the 2D-WS

implementation reveals that the detection of 2D-objects in the XY plane is not highly disturbed

since values are always higher than the 80% for the first three conditions (rad. values form 0 to 8

µm) and, only for the condition with the highest level of alteration (rad. = 12 µm) reaches a level

of accuracy of 67%. For the condition using a previous 3D-WT on the artificial images, the values

of accuracy are slightly worse than for 2D-WS since they present a higher error, nevertheless the

accuracy in the detection of 2D-objects in the XZ-plane is much better for the 3D-WS condition.

For the condition without any previous processing, 2D detection only shows reasonable values

in total abscen of modification. On the other hand, accuracy in 3D-detection by OSCAR always

shows an accuracy above 80% for images that have suffered a 2D-WT or 3D-WT. The requirement

of a previous watershed when the shape of the image is altered is shown for the third condition

(orange in Fig.13), where the effect of the low accuracy in 2D-detection implies that only for the

total absence of modification OSCAR performs a good quantification (89% of accuracy). In sum,

3D accuracy using OSCAR to detect the 3D-objects improves the most of the values of 2D accuracy

for all conditions analyzed in the study. For the images with a similar percentage of error of the

real samples presented in Fig.12C, the 3D accuracy of OSCAR is always greater than the 75%.

In addition, to mimic the effect of other imaging techniques such as the light sheet microscopy

(where loss of resolution is more homogeneous and basically due to the sample thickness), we

also generate another type of modification for the artificial images based on the introduction of

homogeneous noise across all spatial directions of the artificial images by generating a new back-

ground for each z-plane and by introducing a Gaussian noise in the 3D image (xyz-set; see section

7.6.1). While the artificial images with modifications only in one axis are not processed since the

segmentation mistake of real 3D images are reproduced by applying only a previous algorithm of

watershed, this pipeline to introduce noise around xyz also produces other effects that can be criti-

cal for the analysis of the images. Thus, we process the xyz-set with a very basic home-made image

processing pipeline (see Setting and procedures to use the artificial images by the counting tools)

and we quantify the accuracy values for these images, showing that OSCAR also outperforms

(90% accuracy) the other solutions when the signal-to-background is reduced homogeneously in

all directions (Fig.14, dark and light blue bars for output from images with a previous 2D-WS or

47



Figure 14: OSCAR also outperforms the results of other tools when artificial images are modified around all spatial

directions. (A) Representative 3D projection of one artificial image (gray), and the image composed by the real centroids

of the image (blue) and the calculated by the different tools (red). (B) Quantification of the 3D detection accuracy for

these images and the measures about the displacement measure (W), explained in section 4.2.3

48



3d-WS, respectively, as mentioned above).

4.2.3 OSCAR provides an accurate location of in images of low resolution and outperforms

the output from other tools

In spite of the above results clearly shown a good performance for OSCAR in artifical images with

a similar percentage of segmentation errors, we decide to compare between the output derived

by OSCAR and the rest of counter used for the samples of the developing neural retina at 24 hpf

and 37 hpf (Fig.12). Fig.15B shows a comparison in the accuracy for the detection of objects at

different grades of modification performed by OC3D, TANGO, Huygens© and Imaris©. Data

of OSCAR after a 2D-WS shown in Fig.13 is also shown in Fig.15B in light blue to facilitate the

comparison with the rest of the tools. The rest of setting for the counting are detailed in section

7.6.2. All tools provide an accurate quantification of the total number of objects in conditions of

high signal-to-background ratio (rad.=0). As the signal-to-background ratio is decreased to lev-

els where the segmentation accuracy is similar to the biological 3D images of the zebrafish retina

(rad.=8, rad.=12), OSCAR is able to detect objects with an accuracy above 80%, while other tools

report a number of objects that is around 2X above or below the real count (50% accuracy, one

out of two objects is) (Fig.15B). Data for all conditions detailed previously shows that OSCAR

outperforms other tools commonly used in conditions of highly dense cellular environments and

low-signal-to-background ratio, which are very common for the analysis of biological images.

This better performance is possible because OSCAR is designed to take advantage of the infor-

mation calculated during the construction of the 3D-object in order to bypass potential errors of

segmentation, providing a much improved capability to identify and analyze biological samples

where accurate automated segmentation is not possible, such as in toto 3D tissue samples and/or

in vivo time lapse movies.

Another very important ability of the image analysis tools is their ability not only to count,

but to identify the correct location of the objects in the sample. A good localization is key to

quantify key features of the sample, such as local density, cell tracking between frames of a time-

lapse movie, and even identification of cell identity based on data from other channels of the

image. To visually inspect the accuracy of OSCAR and compare it with other tools, we plot the

detected 3D-objects as spheres of radius equal to 6 µm on the top of the 3D images for real samples

of the zebrafish retina (blue) at 24 and 37 hpf (Fig.12E) and the artificial images (Fig.16). For
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Figure 15: OSCAR outperforms several commonly used tools in conditions of low-signal to noise conditions com-

paring with the artificial images. (A) Scheme of the algorithm used to quantify localization accuracy of the different

tools. (B) Accuracy in object detection in the 3d artificial stacks above for different software solutions. Error bars show

the standard deviation between three different planes for 2D detection. (C)Quantification of accuracy in the spatial

localization (W) of objects by the different tools using a Friedmann-Rafsky test. Error bars represent the standard

deviation, resulting from multiple independent runs of the algorithm.
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Figure 16: Representation of the real centroids of one illustrative artificial image (blue) and the centroids derived from

the analysis of OSCAR, OC3D, TANGO, Imaris© and Huygens© (red). Centroids are represented as balls of a fixed

radius of 6µm. Spatial axis are illustrated in the right side of each row (i.e each tool).
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both situations, at first inspection, the objects detected by OSCAR, OC3D and Tango present less

clustering of their output objects and with a higher degree of similitude with the real images of

the retina. A more quantitative characterization of the accuracy in the detection of objects in the

3D space can be performed by using the known location of 3D-objects in the artificial images

since we saved their xyz coordinates of the centroids. To do that, we develop an algorithm based

on the Friedmann-Rafsky test that compares the difference in location of two sets of points in

a 3D space [46, 60, 144]. Specific details of the algorithm are explained in the Methods section.

In brief, the algorithm establishes links between objects of the output image and their closest

neighbours in the input image. Next, the sum of the euclidean distance of all the links (red lines

in Fig.15A) is used to compute the deviation between the location of the objects in the input and

output images (W). To correct for the difference in the number of total objects predicted by the

different methods, we only use a subset of objects from the output in the algorithm. The process

is repeated multiple times for different subsets of centroids, and the mean values are plotted in

Fig.15C (smaller values indicate less distance between location of objects of input and output,

and therefore, more accurate spatial detection). The plot shows that the localization accuracy for

all tools tested is reduced as the signal-to-background ratio decreases, as expected. Although

TANGO and OC3D are highly accurate when images are sharp, OSCAR outperforms the other

software solutions in conditions of more noisy images (i.e., more segmentation errors). When

image resolution is reduced homogeneously in all spatial directions, almost all tools show similar

accuracy than OSCAR, despite the fact that they are able to detect only around half of all objects

in this image (Fig.14).

Moreover, the good accuracy values from OSCAR in locating 3D-objects, opens up the very

useful possibility to identify each cell in crowded tissue as a different cellular sub-type based

on potential information from other channels of the image. This feature is illustrated in Fig.17,

where we use an image that combines nuclear staining (ToPro3) in zebrafish retinas with Phospho-

Histone H3 (PH3) immunostaining, a marker for cells in metaphase of the cell cycle (M-phase),

that appears in green in Fig.17A. This channel is processed (see section 7.5.2) to identify nuclei

as positive or negative for PH3 marker. Output of OSCAR is shown in Fig.17B, where the posi-

tive 3D-objects for Phospho-Histone H3 immunostaining are labeled in red as spots with a radius

defined by the longest axis for each 3D-object. Fig.17C, overlaps only the red objects of the out-

put on top of the input image (the one shown in Fig.17A). The high overlap between green (real
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Figure 17: Location of phosho-histone 3 positive cells in the developing zebrafish retina. (A) 3D image reconstruc-

tion of the zebrafish retina at 24 and 37 hpf stained with nuclear marker (blue) and phosho-histone3 immunostaining

(green). (B) Digital representation of the same image from the output of OSCAR where each nuclei detected is repre-

sented as a 3D ellipsoid (blue). Location of cells that are detected as phospho-histone3 positive is plotted in red. (C)

Superposition of the detected cells in M-phase on top of the input image (A). Spatial coordinates are indicating over the

figures (n-t: naso-temporal; l-m: latero-medial; d-v: dorso-ventral).
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cells in M-phase) and red (cells detected by OSCAR in M-Phase) illustrates the high accuracy in

establishing cellular identity in dense 3D images.

In conclusion, the capability of identifying all objects in a sample with higher accuracy, cou-

pled to the ability to correctly locate these objects in the 3D space, opens up new possibilities for

accurate automated image analysis of tissues composed of different cell subtypes with features

that can be distinguished by specific labeling. This feature of OSCAR will be used in the next

sections to quantify the dynamics of development of the zebrafish retina.

4.2.4 Quantification of the dynamics of the developing zebrafish retina

In this section, we demonstrate the capabilities of OSCAR applied to the characterization of de-

veloping zebrafish retina in four dimensions (three dimensions + time). A preliminary attempt to

characterize the dynamics of the formation of the zebrafish retina in space and time was performed

in Ref. [92], where authors estimated the number of total cells in the developing zebrafish Neural

Retina (NR) using a very clever method based on reconstruction of slices and the average size of

the nuclei. Another excellent approach to study the vertebrate retina in 3D is presented in Refs. [3,

123], where the transgenic zebrafish lines are engineered using the Brainbow technology to study

the global dynamics of differentiation and the interaction between different cell types. Unfortu-

nately, authors did not quantify cell numbers, nor the details of the differentiation dynamics. In

addition, Icha et al. [67] use 3D information to characterize key aspects of the dynamics of Reti-

nal Ganglion Cells (RGCs) after differentiation. Recently, [104] used three-dimensional images

and theoretical analysis to determine that changes in cell height maintain the shape of the NR

throughout development. This contribution shows a quantification of total cell numbers of NR

in six different developmental stages, between 20 hpf and 48 hpf. These samples were quantified

using different tools implemented on Imaris© to process, segment and count nuclei number, ap-

plying manual corrections to perform the output derived automatically for each image. Moreover,

they also quantify the number of differentiated cells using flow cytometry. To test the potential of

our tool, we use a short in vivo time lapse movie of the transgenic zebrafish line Tg(bhlhe40-eGFP).

This data was gifted by the Dra. Paola Bovolenta laboratory as part of their study about the mor-

phogenesis of the Retinal Pigmented Epithelium, a thick epithelium that is tightly attached to the

neural retina (RPE, figure 3 in [112]). Briefly, a single embryo was injected with a mRNA construc-

tion that expresses the nuclear signal sequence of H2B linked to the fluorescent protein mCherry.
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Figure 18: Analysis by OSCAR of a time-lapse in vivo experiment of the developing neural retina of zebrafish

embryos (A) Representation of a frame from the time-lapse experiment. The right side shows a 3D projection of the

raw images and the middle side is filled with a confocal slice and a side slice of the image to illustrate the resolution

of the image. Low resolution areas are marked with white arrows. Finally, the left panel shows the output of OSCAR.

Biological axes are shown next to the 3D projection (n-t: naso-temporal; d-v: dorso-ventral; l-m: latero-medial. (B)

Quantification of the total number of cells for each frame that has been included in the analysis. Slightly exponential

increase is illustrated by the dashed line.
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Figure 19: Quantification of the growth of the wild type zebrafish retina using OSCAR. (A) Representative confocal

sections and 3D reconstructions of developing zebrafish retinas at different time points stained with nuclear marker

ToPro. Below each image the corresponding digital representation is plotted, generated as output of OSCAR (cells are

drawn as ellipsoids with dimensions and location for each cell provided by OSCAR). (B) Plot of the total number of cells

at different developmental stages (at least three independent repeats per time point). Data is fitted to an exponential

curve (line). Error bars represent the standard error of the mean value between repeats. (C) Estimation of volume

occupied by the retina and lens as the tissue develops. Error bars represent the standard error of the mean value

between repeats. (D) Box-plot of the average distance between 5-closest neighbors. Line represents the change in

density measured as the fitting for number of cells divided by the fitting for the volume of the retina. n-t: naso-

temporal; l-m: latero-medial; d-v: dorso-ventral.
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After, the embryo was allowed to grow until 23/24 hpf and then, the embryo was anesthetized,

mounted and placed under the confocal microscope. Since this moment, one new 3D microscopy

image was generated each 0.32 hours (19 minutes) until the end of the movie to visualize a lateral

view of the NR.

The purpose of this time-lapse experiment was the visualization of the expression of GFP in

the transgenic zebrafish line bhlhe40-eGFP, which is used as a reporter of the RPE. Injection of

mCherry as nuclear reporter was designed as a typical counterstain to help in the location of

the interested signal (eGFP), therefore the spatial resolution of nuclei was not a significant aspect

for their experimental design. Each 3D image generated during the recording time of the movie

(frame) is processed using a specific processing pipeline based on the processing shown for the

real samples of Fig.12 and the artificial images (see section 7.5.2). However, the resolution of

nuclei is lost progressively while the time is consuming (see white arrows in Fig.18A), so we only

use the first 30 frames of the movie to quantify the number of total cells for each frame. Fig.18

shows the quantification of the number of cells, which reach a 54% more of cells respect to the

first frame. Thus, the temporal resolution of OSCAR in this analysis is not sufficient since the

growth and differentiation of NR starts once the OC filding is completed (around 22/24 hpf) but

the expansion of the first wave of differentiation ends around 44/48 hpf [41, 92, 104, 118]. In

addition, the sample size must be higher than one to get relevant information about the retinal

growth and retinal differentiation.

In order to obtain a full descriptive analysis, we use the embryos of the Ath5:GFP transgenic

zebrafish strain to characterize the number of cells using the nuclear agent To-Pro3. Briefly, we

proceed as follows (a scheme of the process is illustrated in Fig.20 and section 7.2): embryos are al-

lowed to develop in standard conditions and they are fixed at different developmental time points;

whole retinas are then processed, cleared, mounted, stained with nuclear marker and immunoflu-

orescence against GFP and Sox2 to label progenitors and terminally differentiated neurons; whole

embryos are imaged in toto using a confocal microscope; finally, the images (at least three indepen-

dent replicates per time point) are processed and analyzed using OSCAR (details of the each part

of the protocol can be found in the Methods section). Examples of ToPro3 staining in sections and

3D reconstructions of retinas at three different developmental stages are shown in Fig.19A. These

images are used as input of OSCAR to identify all cells in the tissue. The corresponding sections

and 3D reconstructions are provided as output of OSCAR are shown below each image, where

57



cells are represented as ellipses with the shape, volume and location in the 3D space provided by

OSCAR. Direct comparison of the two images shows a good agreement between the real retina

and the digital reconstruction. Previous studies with less temporal resolution report a dynamic

that can be easily adjusted to two distinct regimes with linear growth dynamics. The accurate

and automatic identification of nuclei provided by OSCAR allow us to count the total number of

cells for embryos fixed each two hours between 20 hpf and 47 hpf (Fig.19B), where data seems to

follow an exponential evolution (blue line). Interestingly, although the number of cells increases

exponentially, the volume of the retina increases more linearly (Fig.19C). This is inconsistent with

recent findings where authors observed a more exponential growth in the volume [104]. We hy-

pothesize that this discrepancy may be due to their reduced temporal resolution (6 hours between

time points). On the other hand, the doubling time in volume reported (around 12.5 h) is consis-

tent with our values at the initial points in our analysis (the volume doubles in 12 hours between

20 hpf and 32 hpf). The linear dynamics for the volume and the exponential one for cell numbers

suggest that the tissue has to become more dense as it develops. This change in density can be esti-

mated from the spatial location of each cell in the tissue provided as output of OSCAR. To do that,

we compute the average distance of each cell in the tissue to its five closest neighbors. The results

are shown as a boxplot in Fig.19D, where we see that the change in density is more prominent

between 28 to 36 hpf. Interestingly, this is consistent with the calculation of the density obtained

by dividing the linear fitting of the temporal evolution of the volume of the retina (Fig.19C, blue

line) by the exponential fitting of the total number of cells (Fig.19B, blue line). The inverse of the

value of the density is shown also as a blue line on top of the boxplot.
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Figure 20: Scheme of the experimental protocol Embryos are allowed to develop in normal conditions and fixed at

different time points. Retinas are then dissected, and immunofluorescence is performed in toto using the combination

of antibodies and/or fluorescent staining desired for each experiment. Next, retinas are imaged in toto in a confocal

microscope with 20% overlap between planes to obtain an optimal 3D reconstruction of the tissue. Finally, the mul-

tiple independent repeats for each condition and time-point are processed and quantified using OSCAR. Output of

OSCAR is used to monitor key features of the development of the Zebrafish retina, such as density, number of cells and

proliferation and differentiation dynamics.
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4.2.5 Identification of progenitors and differentiated cells allows to quantify the dynamics of

the cell cycle and differentiation

Next, by taking advantage of the accuracy in object detection in the 3D space of OSCAR, we can

identify each cell in the tissue depending on its fate as a progenitor or terminally differentiated

cell. To do that, we use the information on the other color channels of the confocal images, that

correspond to the immunostaining against Sox2 and GFP (see section 7.2). Fig.21A illustrates a

representative section of a zebrafish retina at 34 hpf, where we mark with arrows nuclei where

Sox2 staining is strongly decrease in cells that are expressing GFP, while few other cells show

high GFP expression and also Sox2 expression (marked by yellow arrows). Then, we establish the

identity of each object detected by OSCAR as progenitor or differentiated cell by comparing the

amount of pixels inside the 3D-object that are above certain threshold value for each immunos-

taining (details of this process is explained in section 7.12 and 7.11). In brief, if the number of

voxels above a threshold for Sox2 is significantly higher than for GFP, the nuclei is classified as

a progenitor cell and vice-versa (Fig.21B). The quantification for each type at the different time

points is shown in Fig.21C, where we can see that, initially a large percentage of cells fulfill the

condition VSox2
j > VGFP

j , and therefore can be safely labeled as Progenitors. The percentage of

cells in the tissue that fulfill VSox2
j < VGFP

j , and that can be identified as terminally differentiated,

increases as time progresses.

60



Figure 21: The identity of the cells in the zebrafish retina can be established based on the combination between

immunostaining intensities. (A) Different channels of an image of a representative section of a developing retina at 34

hpf. A zoom of each image is shown below, to illustrate cells positive and negative for each staining. (B) Scheme of the

decision process to establish identity of the 3D objects detected by OSCAR. (C) percentage of cells in the retina where

SOX2 staining intensity is measured as higher (red), lower (green) or similar (yellow) that GFP immunostaining. (D-E)

Quantification of differences in size and sphericity between nuclei of progenitors and differentiated cells identified by

our algorithm.
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Figure 22: in toto quantification of PCNA in the zebrafish retina. (A) 3D-view of the whole zebrafish retina at 30 and

39 hpf stained with PCNA and GFP. Below each image, the digital version of the image above represented as output of

OSCAR. (B) Quantification of the number of cells that are PCNA+, GFP+ and double positive for PCNA and GFP. n-t:

naso-temporal; l-m: latero-medial; d-v: dorso-ventral.
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Figure 23: in toto quantification of Phospho Histone 3 in the zebrafish retina. (A) 3D-view of the whole zebrafish

retina at 34 hpf stained with Phosho histone 3, GFP and To-Pro3. Below each image, the digital version of the image

above represented as output of OSCAR. (B) Quantification of the number of cells that are PH3+, GFP+ and double

positive for PH3 and GFP.n-t: naso-temporal; l-m: latero-medial; d-v: dorso-ventral.

On the other hand, there is a significant amount of cells where staining intensity is similar for

both channels, (yellow cells) and therefore, their identity cannot be established simply by compar-

ison of the two channels. Embryos of Ath5:GFP transgenic zebrafish line express the fluorescent

protein GFP under the control of the promotor of the transcription factor Aht5. While the en-

dogenous expression of Ath5 seems to be present once the cells is fully differentiated, the analysis

of the expression of GFP in embryos of Ath5:GFP transgenic line clearly shows that starts before

of the cell starts the M-phase of the last division of the cell cycle. Moreover, the progeny of the

Ath5:GFP has been well characterized resulting in, basically, Retinal Ganglionar Cells and precur-

sors of phoreceptors and amacrine cells is in agreement with the results published previously [3,

61, 103, 118, 126, 166]. To establish the identity of the yellow cells, we performed immunostaining

against PCNA (a marker of cells that are actively proliferating) and PH3 (which labels cells that

are undergoing m-phase), at different developmental times. We used OSCAR to quantify the cells

that are positive for each of these stainings as well as GPF.
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Results are shown in the Fig.22 and Fig.23 for PCNA and PH3, respectively. We can see that

a small percentage of cells that are GFP positive (GFP+) are also PCNA+, suggesting that some

cells starting to express Ath5 are still actively cycling. The same is true when quantifying PH3,

we see a small but non-negligible amount of cells that are labeled as positive for GFP+ that are

in M-phase. Data shows around a 1-3% of double positive nuclei for PCNA and GFP (yellow

bars in Fig.22B) and for PH3 and GFP (yellow bars in Fig.23B). Then, to establish the identity of

progenitor or differentiated cells, we did a phenomenological study to fix in VSox2
j < 0.5 · VGFP

j

as the best relation between the Sox2 and GFP signals to define as terminally differentiated cells

those nuclei with GFP and Sox2 expression. In fact, the proportion of differentiated cells are in

agreement with data previously reported using other approaches as manual counting or FACS to

estimate the proportion of differentiated cells [3, 104, 126, 166]. In addition, recent studies show

that neurogenic progenitors that arise from asymmetric divisions are Ath5 positive, suggesting

that these are reminiscent of the intermediate progenitors found in the mammalian Neocortex [87,

116], and previous data about GFP positive progenitor are also in agreement with the results pre-

sented here [126, 166]. Fig.21C shows that the percentage of these intermediate progenitor cells

is high at initial time points and then decreases, suggesting that, in average, the percentage of

asymmetric divisions is higher at early stages than a later stages of the first wave of differentiation

of the developing zebrafish retina. Finally, we can use the features measured by OSCAR to in-

vestigate the morphological differences between cells identified as progenitors and differentiated.

Estimation of the differences in volume is plotted in Fig.21D, where we observe that the nuclei

of differentiated cells are smaller in volume than in progenitors, with high statistical significance.

In addition the standard deviation is also different, suggesting less variability in the volume of

the nuclei of differentiated cells, again with high statistical significance. We can also monitor the

sphericity of the nuclei (how similar to a sphere are the nuclei detected). Results shown in Fig.21E

show a similar mean, with small but statistically significant differences, while the standard devi-

ation in differentiated cells is again reduced, compared to progenitors. Overall, our data shows

that nuclei of differentiated cells are smaller and more consistent in size and shape than nuclei of

progenitor cells (see sections 7.8.2 and 7.8.3).
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4.2.6 The cell cycle and the mode of division vary during the first wave of differentiation

In the present section, we will use the output of OSCAR to investigate the changes in cell cycle

and differentiation dynamics. To do that, multiple independent tissues are processed and stained

with To-Pro3, Sox2 and GFP immunofluorescence (see sections 7.2 and 7.8.2). Examples for three

developmental stages are illustrated in Fig.24A for a representative confocal section and the whole

mount 3D- reconstruction. The digital corresponding images resulting from the output of OSCAR

are shown good agreement with the images of the retina, both in sections and 3D images compar-

ison. To extract the value of the average cell cycle and the mode of division, we take advantage

of a set of analytical equations developed by our group and published previously in [87, 108] and

described in details in the section 7.7 and in the previous section 4.1.3. The branching process

formalism requires as input absolute values of the total number of progenitors and differentiated

cells in the retina. Therefore, based on our own data and the previous literature indicate, interme-

diate progenitor cells (both positive for Sox2 and Ath5) are still cycling progenitors, and therefore

are considered as such for the purpose of this study. The total number of progenitors (red dots)

and differentiated cells (green dots) in the retina at different developmental stages obtained as

output of OSCAR are plotted in Fig.24B. Interestingly, the dynamics of differentiated cells fits well

to an exponential growth mode (green line), while the progenitors (red line) exhibit an initial ex-

ponential increases until 35 hpf, when the growth dynamics is slowly reducing concomitant with

with the increase in the rate of production of the terminally differentiated cells.

Data from differentiated and progenitors are fitted by two parameter exponential and double

exponential, respectively. Predicted values from this fitting are then used as input for the equan-

tions of the model, together with the value of the growth fraction and the apoptosis rate. The

growth fraction gamma is estimated based on immunostaining against PCNA (see Fig.22), which

is commonly used to mark cells that are actively cycling. The time evolution of gamma is assumed

as a linear change between the two data points measured. For the rate of cell death during these

stages, it has been shown previously [38, 104] that apoptosis is negligible between 20 hpf and 48

hpf. Therefore, this value is set to zero for the present analysis. Output of the equations is plot-

ted in Fig.24C. We can see that changes in the mode of division (blue line, left vertical axis) are

significant, starting with very little differentiation that gradually increases to a point that reaches

a balance between the production of new progenitors and the loss in the population due to dif-
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Figure 24: Quantification of the dynamics of proliferation and differentiation of the wild type zebrafish retina

using OSCAR. (A) Representative sections and 3D-view of tissues stained with SOX2 (orange) and GFP (green) at

different developmental stages. Below each image, we plot the corresponding digital representation to illustrate the

output of OSCAR. (B) Quantification of the number of progenitors (orange dots) and differentiated cells (green dots)

overtime. Data from progenitors is fitted with a two parameter double-exponential (green line) P(t) = p1 · exp(0.1 ·

t + p2 · exp(0.1 · t)), p1= 224; p2= -0.01. Differentiated cells (green line) are fitted with a two-parameter exponential,

D(t) = d1 ∗ exp.(d2 · t), d1=3.10; d2= 0.164. Error bars illustrate the standard error of the mean value for each time

point. (C) Average cell cycle length (red, right vertical axis) and average mode of division (blue, left vertical axis)

obtained from equations 1-2, when using as input the fitted curves P(t) and D(t). Ribbons illustrate the confidence

interval, calculated from based on the standard error of the mean value for progenitors and differentiated cells.
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ferentiation. This region where pp− dd ≈ 0 is consistent with the values observed in Fig.24C for

the final time points, where the amount of progenitors remains almost constant. Values for the

average cell cycle in the progenitors are shown in red (right vertical axis), suggesting that the cell

cycle remains almost constant with a slight increase overtime from 6.5 hours to 7.5 hours, but this

change may be due to high variability in the values of progenitors and differentiated cells at later

time points, that result in broader intervals of confidence. However, the values of cell cycle is in

agreement with the values calculated by other tools that shown values that varies between the 7

hours and 10 hours [3, 92, 104].
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5 Discussion

5.1 Radial Glial cells from the developing Neocortex of mice shows these cells changes

their behaviour in presence of FGF2

A detailed analysis of the dynamics of vertebrate neurogenesis involves a careful characterization

of the features that regulate the dynamics of proliferation and differentiation of RG during the

generation of the mammalian cortex. One of its most striking features is the fact that RG are

restricted to an asymmetric mode of division in vivo, as opposed to a more probabilistic scenario

observed in other developmental systems [28, 55, 80, 108, 133, 151, 164]. FGF2 has been shown

to facilitate the expansion of RG in vitro cultures, but the details of this process have not been

studied. Our quantitative characterization of the role of FGF2 shows simultaneous effects in the

growth fraction (Fig.5B), the mode of division (Fig.4A) and in the length of the cell cycle (Fig.5C).

The overall influence of each of these effects in the expansion potential of the RG culture can be

assessed using our numerical model. To do that, we inform the simulations with the experimental

values for SC, and quantify the increase in the number of cycling progenitors (as a measure of the

potential of the culture to expand in size) after 22 hours. Next, we substitute each of the predictions

for cell cycle length, growth fraction and differentiation rate predicted for the SC+FGF2 conditions,

individually or in combination. The increase in cycling progenitors for 30 independent numerical

simulations for each condition is shown in Fig.11E. Surprisingly, the analysis suggests that the

most influential feature is not the differentiation rate or the growth fraction, but the change in cell

cycle length. The changes in growth fraction or the mode of division do not significantly impact

the culture in terms of cycling progenitors (1 % and 9%, respectively). On the other hand, the effect

of mode of division combined with the cell cycle increases the expansion rate, when compared

with the effect of the cell cycle alone. Several authors propose that the mode of division depends

on the distribution of cell fate determinants during mitosis, the orientation of the spindle or the

inheritance of the primary cilium or the different centrosomes [163]. It is possible that the apical-

basal polarized structure of the RG, or their organization and orientation of the radial processes

along the stratified neuroephitelium results in asymmetric inheritance of these cell fate regulators

[163]. The loss of these polarizing features provided by the niche when cells are cultured in vitro

may result in a probabilistic scenario where the fate of the two daughter cells is independent

of each other and all of the 3 modes of divisions are possible, similarly to neuronal progenitor
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cells and other developmental systems [28, 55, 80, 108, 133, 151, 164]. In fact, early studies in

the mouse Neocortex suggest that the model that fits best the clone distribution assumes that the

fate of the daughter cells is independent of each other [19]. In this situation, the branching process

framework is able to estimate the rates of each of the three modes of division [108]. This prediction

for the case of RG in culture is shown in Fig.11C-D, where we can see that the predominant mode

of division is pp (green). This symmetric mode of division is even more probable in conditions of

SC+FGF, to the expenses of a reduction in pd and dd.
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5.2 The Branching Process formalism is a suitable tool for the measurement of the

average cell cycle and the differentiation rate

A detailed analysis of the dynamics of vertebrate neurogenesis involves a careful characterization

of the rate of division. The most direct method to measure the cell cycle length requires to monitor

the time between consecutive mitotic evens at single cell resolution [149, 171]. Unfortunately, due

to the high degree of variability, many cells in a population need to be sampled, segmented and

tracked simultaneously to obtain an accurate value, even when dealing with clonal samples [135].

Therefore, the most used approach is the use of thymidine analogs, but this approach has several

drawbacks: it can be toxic and mutagenic [37] and affect the normal dynamics of cell proliferation

[91] by lengthening the cell cycle. In addition, choosing the correct mathematical analysis and in-

terpretation of the experimental data is not straightforward [71]. Authors have proposed several

approaches, such as linear [14, 59], nonlinear fitting [72, 169], or the use of deterministic [88] or

stochastic models [174]. Depending on the method used, the same input data results in quite dif-

ferent predictions for the average duration of the cell cycle [130]. Due to these limitations, BrdU

and analogs have been referred as “one of the most misused techniques in neuroscience” [162].

Our results shown that methods based on cumulative incorporation of thymidine analogs per-

form well in conditions of constant proliferation and differentiation, but they are not designed to

study systems where the cell cycle changes overtime, which is is potentially the case in many de-

velopmental systems. In these conditions, the Branching Process formalism and the Pulse-Chase

outperform cumulative curve methods. On the other hand, the Pulse-Chase method requires ex-

periments that are longer than the cell cycle length, so an estimation of the value of the cell cycle

has to be known beforehand. In addition, the well-known toxic effect of the labeling agent for such

long periods of time may affect strongly the normal cell cycle progression, probably by enlarging

its real value [37, 91]. A clear advantage of the Branching Process is that it does not involve ma-

nipulation of the samples before fixation, so there is no interference with the normal progression

of the cell cycle. In addition, the Branching Process formalism also provides the correct value of

T with temporal resolution, and the measurement of the average differentiation rate, (also with

temporal resolution). Some of the more important limitations of the branching process tool is that

it requires absolute values of numbers of cells, and not relative amounts and, in addition, it can

only be used in situations where differentiated cells are terminally differentiated. Several studies

70



have shown that the length of G1 phase increases progressively when neurogenesis starts, result-

ing in a overall increase of the cell cycle [20, 21, 31, 99, 131, 159]. Alternatively, others studies show

that the cell cycle length is shorter in neurogenic divisions, compared to proliferative divisions [5,

68, 86, 93, 133], due mainly to a shortening in S-phase. The potential effects of FGF2 in the each

phase of the cell cycle has been studied previously [57]. Our results show that FGF promotes pp

divisions and shortens cell cycle, consistent with findings of Lukaszewicz et al. [96], and with

the hypothesis that proliferative divisions have a shorter cell cycle, maybe via a shortening of G1-

phase, similarly to insulin-like growth factor [58, 98]. Based on this, two of the consequences of

FGF stimulation (shortening T and inducing pp divisions) may correspond to two aspects of the

same role of FGF. For instance, FGF induces pp divisions that have been shown to be faster than

neurogenic divisions [20]. On the other hand, the lengthening of the neuroepithelial cell cycle has

been shown to be sufficient to trigger differentiation. Based in this “cell cycle length hypothe-

sis” [21], the shortening of the cell cycle mediated by FGF may result in more pp divisions. The

link between cell cycle length and mode of division is a very interesting topic, and our branch-

ing process tools is a powerful tool to study this interplay [108]. Another potential explanation

of our observations takes into account the mutual inhibitor link between FGF and retinoid sig-

nalling [32]. Since retinoid signalling promotes the expression of inhibitors of CDKs, as well as

neurogenic genes, its repression by increased levels of FGF can explain the triple effect of FGF in

promoting proliferation, accelerating the cell cycle and even increasing the growth fraction. An

additional physiological interpretation of our observations involves the reported ventralising po-

tential of FGF [125]. It has been shown that FGF drives expression of proteins and transcription

factors typical of a ventral radial glial identity, such as progenitor cells in the developing gan-

glionic eminence. Here, a large number of sub-apical progenitors show self-renewing capabilities,

and their cell cycle shortens with each generation. The fact that FGF results in cell cycle accel-

eration and more self-renewing divisions is consistent with the ventralizing potential of FGF. In

addition, previous studies in chick spinal cord have shown that FGF has an heterogeneous effect,

inducing incomplete interkinetic nuclear migration and fast non-apical divisions in a subset of

progenitors. Unfortunately, our approach based on fixed samples and immunofluorescence does

not allow us to monitor individual cellular responses to investigate potential heterogeneous re-

sponses in the pool of RG. Another interesting approach is to study the interplay between the two

key signals (FGF and EGF) that have been shown to be key to establish the self-renewing expand-
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ing RG culture [29]. A currently ongoing project of our lab is to take advantage of the framework

used here (in vitro culture, automated image analysis, modeling, branching process) to establish

how FGF and EGF interplay to fully inhibit differentiation and promote self-renewing divisions

in tissue cultures of RG [29].
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5.3 OSCAR is a new tool designed to bypass segmentation mistakes and provides an

accurate and an automatic 3D location of objects in biological images

The classical biological research is focused on the mechanistic description of the molecular pro-

cesses inside of the cells. The analysis based on computer modelling and quantitative research has

allowed the scientific community to obtain information in a more rigorous way that has been key

for the amazing enhancement of biological research since the end of the 20st century [39, 49]. The

integration of the information at different levels of complexity (i.e molecules, cell, tissue, organ

and, finally, organism) is essential to fully understand how a complex system, such as a biological

system. Although, the technical requirements to do it are high and imply the usage of compu-

tational tools and mathematics. During the last two decades, several researches have generated

different theoretical models to explain the behaviour of genetic networks or multi-cellular systems

where the interactions play an essential role [27, 81, 146]. Moreover, the impulse of the technology

with the imaging of whole biological structures by confocal microscopy, light sheet microscopy

or others has allowed the acquisition of high resolution images in fixed and in vivo experiments

[136, 153]. Nevertheless, one of the main critical step is our technological capabilities to extract

quantitative information from these images. It is usual to see reports whose three-dimensional

data has been acquired using the manual intervention of the researchers [54, 104, 114, 115, 161].

The automatic quantification of the tissues remains as a task and, in some occasions, implies that

the sample is analyzed only qualitatively [10, 36, 48, 54, 114, 115, 136, 145, 153, 156, 161]. The ac-

quisition of results without the intervention of the researcher could be though as something that

it is optional, but the results generated automatically are much more reliable and rigorous since

not depends of a uncontrolled bias effect and the methods designed to minimize this effect [11,

17, 152]. This is especially important in many applications inside of the biosciences like tissue

engineering, embryo development, or others [1, 10, 26, 35, 36, 63, 64, 124, 129, 132, 173]. Many

commercial and open-source tools have been designed to automated detect objects applying spe-

cific pipelines of image processing or pre-training a sample set for thier lately analysis by neural

network, but most of them are designed to analyze a specific set of images or, commonly, they are

though to create a more friendly work-space for the manual manipulation of the image [10, 36, 64,

124, 138, 161]. Moreover, for biological samples with a high density of cells in a small 3D-space

(i.e images that shows a crowded enviroment), the spatial accuracy can be compromised by the
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Figure 25: Proposed model for the differentiation and growth of the developing neural retina of zebrafish. (A) 3D

model of zebrafish neural retina development. The green color represents the initial patch of differentiated cells and the

directions where other new differentiated cells appear (i.e. differentiation wave, green arrows). Black arrows illustrate

the volume expansion of the neural retina, which is accompanied by an exponential increase in cells. The gray circle is

the lens of the retina and all spatial axes are illustrated in green (dorso-ventral), red (naso-temporal) and blue (lateral-

medial). (B) Representative nuclei within the retina. Triangles shows how cell density and cellular packaging change

over time. (C) This experimental and computational setup can be used to study how the signaling pathways involved in

this process affects in the dynamics of the Retinal Progenitor Cells or, on the other hand, the effect of applying pressure

around the developing neural retina (for example, with agarose, shadow Gray)

.
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appearance of mistakes in the identification of single objects. Thus, manual correction is required,

the bias effects appear and, in addition, the sample size is determinant for the time inverted in the

analysis instead of incease the sample size or, in an in vivo movie, increase temporal resolution.
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Figure 26: Tables indicating the developmental stage of the sample in hours pots fertilization (hpf, left side of each

table) and the KRvalue applied on its corresponding 3D image that has been acquired by confocal microscopy (right

side).
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We have shown a new tool for the automated counting and location of 3D-objects from bi-

ological images of high cell density in a reduced 3D-space. Object Segmentation, Counter and

Analysis Resource (OSCAR) has been designed specifically to ignore the mistakes in object identi-

fication and perform a quick and robust analysis of the sample to get the location of all 3D-objects

of the sample. OSCAR uses as input 3D images reconstructed from confocal 2D sections stained

with dyes such as nuclear marker and immunofluorescence labeling against specific antibodies to

distinguish the cell types of interest. Taking advantage of a combination of arithmetic, geometric

and statistical algorithms, OSCAR is able to reconstruct the objects in the 3D space bypassing 2D

segmentation errors in all spatial planes of the image due to a specific algorithm that is based on

the establishing of the best relationships between 2D-objects [138]. Fig.12 shows that OSCAR and

other four tools do not share the same values of number of cells when the space is crowded or

densely-packed in terms of cells. These tools are ObjectCounter3D (OC3D), the plugin 3Dcentroid

from the package from Fiji 3DimageJSuite (TANGO, [122]), and two widely used commercial tools

(Huygens© and Imaris©). They are a part of a large variety of tools designed to identify cellular

structures that are inside of complex images. However, most of them works in similar condi-

tions and these four tools are a common choice in the bioscience research. Remarkably, we do

not compare between the accuracy of the algorithm dedicated to segment, unless we compare the

performance of several tools to detect objects that has been segmented automatically. Despite the

values obtained with OSCAR about the number of total cells is consistent with the data previously

reported in [13, 92], we decide to generate a theoretical set of artificial “ground truth” 3D tissues.

This set is composed by images with a fixed number of objects (2500) and with the known spatial

position for all of them. Moreover, to disturb the shape of the objects, as happens in real samples

(see Fig.12) we also introduce several alterations on the artificial images to analyze the accuracy

of OSCAR and the other tools under different levels of modification. These modifications are de-

signed to reproduce the effect of loss of resolution in only one axis (see Fig.13) or around all axis

as happens for biological images that have not been processed yet (see Fig.15). Results for all

comparison between the outputs from OSCAR and other four tools shows, beyond all doubt, that

OSCAR detection accuracy, in terms of number of cells and spatial location, outperforms all the

rest traditional software when the situation is far from the ideal situation. Especially, when the

rates of error is similar to presented in the sample at 37 hpf in Fig.12. Retinas samples of Fig.12 are

processed with a specific pipeline to remove the noise and the background. After, this image is
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segmented using a 3D-watershed algorithm [122] for the images analyzed by OSCAR, OC3D and

TANGO, and the specific algorithms of Imaris© and Huygens©. Fig.12 shows that the level of

2D error in the confocal planes is around the 75% and in the lateral planes around the 50% under

this conditions. Similar values for artificial images are obtained when the images are modified at

radius 8 and 12 (Fig.13). Fig.17B shows that at this level of modifications (rad. 8 y rad. 12), the

accuracy of OSCAR is around the 90 and 80%, respectively, while the accuracy for the rest of tools

is always lower. On the other hand, the artificial images of Fig.14 are modifiied introducing noise

in all spatial directions of the image with the purpose to generate noise and background in each

artifical image. Then, a simple image processing pipeline is applied for each image and, finally,

they are counted by OSCAR. Remarkably, the processing desgined for these type of images is

equal to the processing shown in Fig.12 and it is very similar to the pipeline of the nuclei channels

in images of retina (7.2. Moreover, Fig.17C also shows as for this level of modification, OSCAR

has the lowest values of displacement measure (W) (see section 7.8.1) and a visual analysis of the

localtion of PH3+ nuclei in Fig.17.

In sum, OSCAR is capable of automatically detecting 3D-objects with good accuracy and ro-

bustness in images of low resolution and high content of information in a reduced space, as hap-

pens in biological images of developing tissues. We have developed a parameter-free method,

resilient to possible segmentation errors, which uses simple mathematics and statistics to estab-

lish a decision criteria able to perform the automatic spatial location of the 3D-objects. Moreover,

OSCAR is a modular tool since it has been rationally designed to allow future analysis and other

improvements. Finally, our software aspires to be a groundbreaking tool and overcome the above-

mentioned laboratory barrier. In fact, the registration of a patent and a knowledge-transference

project based on OSCAR are in progress.

5.4 Characterization of the dynamics of progenitor cells in the developing neural

retina of zebrafish by using OSCAR

For some processes, typically for invertebrate organisms, the decision of the cell is taken based

on cascades of gene expression regulated in specific networks. However, the complexity of the

regulation between growth and the acquisition of new and specialized functions is often regulated

by external and internal signals that are present in a specific region of the organisms and promotes

changes in cell behaviour at single cell level. Thus, an accurate measure of the position of each
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cells is essential for the analysis of tissue development. Once we have tested OSCAR in artificial

images, we perform an easy and quick experimental and theoretical analysis of the developing

neural retina (NR), which is a dynamical process that has been widely researched and, therefore,

facilitate the comparison of the outputs derived by OSCAR with the previous referenced studies

[3, 30, 41, 100, 104, 119, 143, 150, 155, 167]. Quantification of total cell number using the short

time-lapse movie and data from fixed embryos (Fig.18 and Fig.19) are in agreement with data

previously reported in several studies. The dynamic reveals an important increase of cells that

starts at 34 hpf and reaches an 80% more of cells for the later stages used in this research. Thus,

the ability of OSCAR to automatically analyze a large sample size (n=86) and, specially, between

the developmental stages of 34 and 36 hpf (the 7% of the full temporal windows uses the 37%

of the sample size) is essential to get robust information to fully characterize the dynamic of the

retinal growth (see Fig.26). Moreover, while the number of cells increases exponentially, our data

shows that the volume increases in a linear regime during the interval of time corresponding to the

first wave of differentiation. Comparative analysis between density (calculated as the number of

nuclei divided by the total volume) and compactness (calculated as the average distance that each

nucleus has with their five closest neighbours), two variables that measures similar properties

of the sample. The good agreement between both quantities suggests that our measurements of

volume are consistent.

On the other hand, the linearity in the volume implies that this system is not completely fo-

cused on their proliferation and their expansion since the increase in the number of the cells is

exponential. The number of differentiated and progenitor cells has been quantified manually or

using flow cytometry techniques [3, 13, 30, 67, 92, 123]. However, using OSCAR, we have per-

formed a full description about the number of progenitor and differentiated cells, and their loca-

tions on the same sample where the total number of cells (Fig.21). This is a very attractive feature

of OSCAR since this method present a combined alternative between confocal microscopy and cell

sorting, therefore we are able to quantify the number of cells and, using other staining, classify this

population in sub-populations. To do that, we have used a combination between Sox2 and GFP,

which acts as a reporter of newly differentiated cells in the transgenic zebrafish strain Ath5:GFP.

The identification of positive nuclei for Sox2 and Ath5 shows the presence of double positive nu-

clei. Previous characterization of the expression of GFP in the transgenic strain Ath5:GFP showed

the presence of cells that starts to produce GFP and they have the potentiality to produce a new
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cell cycle to produce new two differentiated cells (intermediate progenitors). Data about nuclei

that are positive for GFP and PNCA and PH3 indicates that the proportion of the GFP positive

cells that are intermediate progenitors is around the 6-12%. These values shown in the purple

bars in Fig.22 and Fig.23) indicate the percentage of GFP+ nuclei that are not still terminally dif-

ferentiated cells [103, 126]. Fig.21C shows that the percentage of GFP+ and Sox2+ cells (i.e the

intermediate progenitor cells) is around the 6-18%, therfore we can assume that the double stain-

ing with Sox2 and GFP is able to categorize the population in progenitor and differentiated cells.

We have applied a theoretical framework based on Markov’s chains to describe the dynamics of

the proliferation rate (pp− dd) by using the values of the number of progenitor and differentiated

cells at different time points. In addition, the average distance between nuclei plotted in Fig.19

shown that nuclei are progressively more closer between them or, in other words, the tissue is

more dense with the time. The expansion in the number of cells and the progressive packaging

of them could explain the difference in the quantification of the sample at 37 hpf shown in Fig.24.

Several studies about retinal differentiation reports that the Retinal Progenitor Cells (RPCs) starts

to exit from a long cell cycle around 22/24 hpf. At this point, our results shows that the average

cell cycle (Tc) decrease drastically (until the 7 hours in Fig.24) and the population of RPCs is ex-

panding during 10 hours, with a drastic production of differentiated cells until around 34 and

36 hpf (when the differentiation wave is actually starts). Data about cell cycle obtained in this

research is in accordance with previously reported publications [3, 6, 23, 55, 61, 102, 106, 137, 141,

148].

On the other hand, analysis of the nuclei shape seems to indicate that the nuclei of the differ-

entiated cells is slightly smaller than the nuclei of the progenitor cells. In fact, specific research

about each population of cells can be performed in future works. A very interesting experiments

to do these type of more detailed studies is the usage of in-vivo time-lapse experiments, as shown

in the Fig.18. This allows us not only to get quantitative data, unless always to characterize spe-

cific features of each population (mass center, shape, etc) that are informative for the quantitative

characterization. However, this research has been mainly performed with fixed samples. Thus,

each sample has its own spatial reference (depending of how is exactly oriented when is acquires

with the microscope), therefore we can not compare rigorously between different time points and

conditions. Fig.25 shows a schematic view about the proposal model for the homeostatic balance

between growth and differentiation of the NR of zebrafish. NR is expanding in the 3D-space
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supported by the divisions of the RPC, nevertheless not all the newly produced cells have the

ability to divide by itself once they are generated, if not they differentiate into a specific type of

cells (in the temporal window of the study, most of the differentiated cells are Retinal Ganglion

Cells). Moreover, a qualitative view of the generated output in the study confirm that the pro-

gressive expansion the of differentiated cells is distributed spatially from the antero-dorsal to the

temporal-ventral axis and trough the latero-medial axis. RPCs divisions are performed in a coor-

dinate spatial movement of the nuclei from the ventral axis of the retina to the dorsal axis, where

the M-phase of the cell cycle happens and the nuclei goes until their final position [7, 8, 12, 85].

Other references also show divisions that do not show this nuclei travelling and the division is

made in the same region where the daughter cells will reside, but they usually appear at later

stages than the used in the research ([30]).

In sum, we have performed a quick and full analysis of the retinal differentiation and retinal

growth in homeostatic conditions using OSCAR. Now, the framework is based on the research

of the same process but under other experimental conditions, for example using small molecule

inhibitors to block the effect of the main signaling pathways involved in retinal differentiation

(Sonic Hedgehog, Wnt, FGF, Notch and DAPT among others), or the analysis of the effect to apply

physical constriction to the NR in order to analyze the role of cells and nuclei movements in this

process [22, 93, 118].
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6 Conclusions

In this thesis, I have presented the two main projects that I have been working during my doctoral

thesis. Both of them are focused on the quantitative description of dynamical processes using tools

that are able to reveal information using experimental data. I have shown a research about the

Radial Glial from mammalian developing Neocortex cultured in vitro with the purpose to analyze

the effect of the environment in the proliferation and differentiation of this pool of progenitor cells.

We have shown that RG cells can divide symmetrically in vitro and the effect of FGF2 to modulate

the rate and mode of division. The dynamic behavior of RG cells was generally interpreted as

the decision being made at the individual cell level. Or, in other words, this population of cells

seemed to follow a deterministic model. However, the effect of FGF2 on cell division clearly shows

the relevance of the environment for this population of cells. Further in vitro and in vivo studies

are needed to analyze the regulation of these cells to understand the effect of the environment

inside of the progenitor cell niche. In addition, we have compared between several experimental

approaches to calculate the average cell cycle time (T), and we have found that the branching

model and the pulse-chase methods are the most suitable to calculate this parameter in system

with changes in this value along the time of the experiment. Moreover, the branching model is

also able to calculate the rates of proliferation and differentiation (pp− dd). Branching process is

an extremely useful tool because it can be used only by classifying the tissue in two populations:

progenitor and differentiated cells. This method and its application in RG and in silico studies

have already been published in these two references [87, 108].

On the other hand, I have also presented a new tool (OSCAR) to locate nuclei (or other biolog-

ical structures) in images of samples that represent a crowded environment. We have shown that

OSCAR clearly outperforms the rest of tools designed to localize objects in biological images. This

algorithm is in process of an application of a patent based on this idea. Moreover, in this thesis, the

developing neural retina differentiation and growth have been described in homeostatic condition

using OSCAR to do it. In brief, data shows an exponential expansion of the number of total cells,

while the volume remains constant. This is possible since the cells are more compact while the

pool of Retinal Progenitor Cells switch progressively the proportion of new differentiated cells.

Or in other words, as illustrates the branching model, the proliferation rate pp-dd decrease while

the average cell cycle time (T) remains around 7 hours. All this data is in accordance with the
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previously reported and this data also deeper in the understanding about how the RPCs expands

their population while produces differentiated cells.

Main conclusion are summarized in the following list:

1. RG progenitor cells do not perform exclusively pd cell division in vitro, nevertheless they are

focused on the production of new RG cells for the expansion of the cell culture.

2. FGF2 promotes proliferation and shortness the cell cycle. Moreover, FGF2 is able to change

the mode of division. RG progenitor cells are usually associated with a deterministic model

which assume that the fate of each progenitor cell can be predicted at single cell level. How-

ever, the alteration of the fate of RG progenitor cells in presence of FGF2 seems to indicate

that RG progenitor cells follow a stochastic model, where the fate of the cells can be studied

at population level.

3. DC and SC methods shown a lower accuracy for the measure of the time of cell cycle than

the PC and BP methods when the conditions of the proliferation state of the cells changes

with the time. PC and BP methods are suitable to measure the cell cycle in all conditions.

However, BP methods has three important advantages respect to PC method: has not prob-

lem derived from the toxicity to use additional substance as EdU, it is also able to calculate

the mode of division of the progenitor cells and it is possible to get a dynamic of the values

of cell cycle since the only requirement to get this value are two temporal points (while for

the SC methods we need more time points).

4. OSCAR is accurate in the automatic location of 3D objects in biological images with a huge

amount of cells occupying a small space (i.e crowded environment) and it outperforms the

rest of the tool used in the study to locate nuclei and artificial 3D objects.

5. OSCAR is able to localize accurately cells in the space. In addition, OSCAR is able to cate-

gorize the population of cells in sub-population by using differential staining on the same

sample.

6. OSCAR is able to reproduce the measures about NR that appears in older publications. Val-

ues of cell cycle are around 7/8 hours and it is in agreement with previously reported values.
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7. NR is expanding in all directions from 24 hpf. However, while the volume is expanding

linearly, the number of cells present an exponential dynamic.

8. The expansion of the NR can be explained by the production of new differentiated cells

(whose nuclei are slightly smaller than the nuclei of progenitor cells).
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7 Methods

7.1 Animals

All experimental protocols are in accordance with the guidelines of the European Communities

Directive (2012/63/EU) and the actual Spanish legislation (Real Decreto 53/2013).

7.1.1 Preparation and culture of dissociated mouse cortical RG

Radial Glia (RG) Cells are obtained from mouse embryos of the C57 BL/6JRCC line at E11/E11.5,

following standard methods described previously [56]. The initial time point is labeled as 0 hours

post plating (hpp) and it is used as the reference point for our experiments. Briefly, after careful

removal of the meninges, the cortex is isolated and placed in Hank’s Buffered Salt Solution free

of Ca2+ and Mg2+ (HBSS, ThermoFisher 14185). Next, samples are mechanically disaggregated

using Pasteur pipettes and plated in coverslips treated with Nitric Acid and Fibronectin at 10

µg/ml (Fisher Scientific; 15602707) to facilitate cell adhesion. Cells are plated at constant density

(250000 cells in each M24 well) for all experiments in Neurobasal medium without L-glutamine

(ThermoFisher 21103-049), Glutamax (ThermoFisher 35050-038), B-27 (ThermoFisher 17504-044)

Penicillin, Streptomycin and Antimicotic (concentrations standard for cell culture). Media is com-

plemented with 0.02 ng/µl of recombinant murine EGF (PeproTech 315-09, lot number 0517179-1)

and 0.02 ng/µl of human FGF basic (PreproTech 100-18B, lot number 0311706-1). This culture

media is referred to as standard culture (SC) conditions in our study. Cells are allowed to rest a

full day in the incubator to recover the dissection process. 24 hpp, the culture media is changed

with fresh SC media, or to SC media complemented with additional human FGF basic to a final

concentration of 0.06 ng/µ). This last culture condition is labeled as SC+FGF in this study.

7.1.2 Zebrafish care

The experiments are performed in embryos of the Tg(ath5:GFP) zebrafish line, engineered to ex-

press the fluorescent protein GFP as a reporter for ath5 expression, a very well characterized

biomarker of early differentiated cells [126]. The ath5:GFP zebrafish line is sustained according

to the standard procedures and protocols [170]. The embryos are incubated in E3 1X fish medium

(5 mM NaCl, 0.17 mM KCl, 0.33 mM CaCl2, 0.33 mM MgSO4) supplemented with Methylene Blue
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(Sigma) at 28◦C.

7.2 Sample preparation and immunostaining of zebrafish embryos

The experimental procedure to stain the sample with fluorescent agents and antibodies implies the

fixation of the sample to preserve the biological architecture. Sample preparations proceed as fol-

lows. First, the embryos are placed in petri dishes at one cell stage and they are incubated in E3 1X

fish medium at 28◦C. Then, they are separated into different sets of a maximum number of 20 em-

bryos per each p100 petri dish and placed in an humidified incubator at 28◦C. E3 1X fish medium

is changed each 24 hours and, furthermore, it is also supplemented with 0.003% Phenylthiourea

(Sigma, 103-85-5) once the embryos reach the developmental stage of 22 hours post fertilization

(hpf) to block the pigmentation of the eye [170]. The determination of the developmental stages is

performed using the advantage of the adult zebrafish fish usually reproduces at morning and the

time of reproduction can be controlled by dividing the females and males the previous day [170].

Furthermore, the embryo development can be controlled by visual appreciation [79], therefore, the

embryos are easily classified based on the developmental stage. Fixing of the samples at a certain

developmental stage can be interpreted as a “snap-shot” of this unique moment in the life of the

embryo. Once the embryos arrive at the chosen moment to be analyzed, they are incubated in a

Formalin solution at 10% (Sigma, HT501128) overnight at 4ºC, or 2-3 hours at room temperature

to fix the tissue. Then, the embryos are washed with Phosphate Buffer Saline 1X (PBS 1X) three

times during five minutes each one, and the chorions of the embryos are removed to isolate only

the embryos joined to their yolks. Finally, to maximize the interaction surface between the NR and

the solution where the dyes are diluted, the eyes of each analyzed embryo are manually dissected

from the yolk and the rest of the embryo, and they are placed in PBS 1X.

Fluorescent immunostaining protocol is an adaptation of a protocol previously published in

order to increase the permeability of antibodies [24]. All solutions used in this protocol are per-

formed using a solution of PBS 1X and 0.6% triton (PBT 0.6%) as the solvent. First, the eyes are

exposed to proteinase K (10 µg / ml; Wagen-Biotech, 505-PKP), which is a protease that creates

holes in the surface of the eyes. Different exposure times depending on their developmental stage

are used to get the better resolution in confocal microscopy (between 10 minutes for 24 hpf to

45 minutes for the eyes around 48 hpf). After a short fixation with Formaline is done to protect

the eyes of common mechanical incidents during the experimental protocol (usage of the pipette
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or other common human errors). Once Formaline is washed from the tubes, a initial step of an-

tibodies exposition is performed to enhance the specific interactions between the antibody and

the antigen (i.e specific region of the protein detected by the antibody) in the sample. For that,

samples are exposed to a solution with a high concentration of biomolecules to allow no-specific

interactions (blocking step) between them and all molecules present in the sample. After, the an-

tibodies solution is used with the sample to only enhance the interaction of the antibodies with

the antigens present in the sample (and not with the rest of the molecules). This is an important

step to gain specificity. Conjugation of fluorescent peptide sequences, proteins, or other molecules

(fluorophores) is used to record the signal. However, in confocal microscopy is commonly used a

technique of immunostaining based on the use of two immunostaining labelling. The first one is

performed with specific antibodies (primary antibodies) that recognize the antigens in the sample.

And, the second one, is based on the use of antibodies with a conjugate fluorescent marker that

are specific for the primary antibodies of the same biological species. The usage of two antibodies

allow the creation of a network of interactions between the antigens, primary and secondary anti-

bodies in the sample that amplify the signal of the detection [170]. The blocking step is performed

using a solution of the Fetal Bovine Serum 10% (FBS) in PBT 0.6% for 1 hour at room tempera-

ture or overnight at 4◦C. After, the eyes are exposed to the primary antibodies using a solution of

FBS 2% in PBT 0.6% in a weighing balance overnight at 4ºC. Once several washes of the sample

are performed (five minutes for each one), the eyes are exposed to the secondary antibodies and

other fluorescent molecules as nucleic acid or membrane counterstain in a solution of FBS 2% in

PBT 0.6% for 1 hour at room temperature. Finally, the eyes are mounted to visualize them into

the confocal microscope. RapiClear 1.49 (SunJin Lab) is used as mounting medium since it min-

imizes the refraction, scattering and dispersion of the light across the depth of the sample and,

therefore, it improves the quality of 3D microscopy images all spatial directions. For that, the eyes

are moved to a drop of RapiClear on a glass slide, they are oriented and, finally, a cover-glass is

placed on the sample to be visualized with confocal microscopy. The primary antibodies used in

the immunofluorescence of zebrafish embryos are: chicken anti-GFP (1:1000, Abcam ab137827)

,rabbit anti-Sox2 (1:1000, GeneTex GTX124477), mouse anti-PCNA (1:100; Invitrogen, MA5-11358)

and rabbit anti-PH3 (1:250; Merck-Millipore, 06-570). And for the secondary antibodies: goat anti-

Chicken-488 (1:500; ThermoFisher, A-11039), goat anti-mouse-55 (1:500; ThermoFisher, A-21157)

and donkey anti-rabbit-555 (1:500; ThermoFisher A-31573). Finally, the DNA of total cells (and,
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subsequently, the nuclei) is stained with To-Pro3 (1:500; ThermoFisher, T-3605) for all samples.

7.3 Immunofluorescence of primary cell cultures

Cells are fixed for 20 minutes at Room Temperature (RT) with 4% paraformaldehyde and washed

twice for 5 minutes with Phosphate Buffer Saline 1X (PBS). Fixed cells are incubated with the per-

meabilization solution composed of Triton x-100 (ChemSupply 9002-93-1) at 0.6% in PBS 1X for

20 minutes at RT. Next, cells are washed 3 times with PBS and blocking solution is added (Bovine

Serum Albumin, BSA. Sigma ;A7906) at 3% in PBS for at least 30 minutes. Later, cells are incubated

with primary antibodies dissolved in the blocking solution overnight at 4ºC. The next day, cells

are washed with PBS 3-4 times for 5 minutes, and they are incubated with secondary antibodies

in the blocking solution for 45 minutes at RT, protected from light. Next, secondary antibodies are

washed out (PBS 3-4 times for 5 minutes), and nuclei is stained with Hoechst 3342 (1:2000, Ther-

moFisher 1399) dissolved in PBS for 5 minutes at RT. Finally, cells are washed in PBS, double dis-

tilled water, and ethanol at 70%. Cover-slips are finally mounted with Fluoromount G (Southern

Biotechnology Associates, Inc, Birmingham, Alabama 0100-01) on microscope glass slides. Pri-

mary antibodies used are: anti-Sox2 (1:2000, GeneTex GTX124477), anti-Map2 (1:200, Santa Cruz

Biotechnology sc-74421); anti-Pax6 (1:1000, BioLegend B244573); anti-Cleaved Caspase 3 (1:1000,

Cell Signaling 9661); and anti-KI67 (1:200, ThermoFisher 14-5698-82). Secondary antibodies used

are: anti-Rabbit 488 (1:1000, ThermoFisher A-21206), anti-Mouse 555 (1:1000, ThermoFisher A-

21137) and anti-Rat 555 (1:1000, ThermoFisher A-21434).

7.4 Thymidine analog (EdU) experiments in primary cell cultures

5-Ethinyl-2’-deoxyuridine (EdU) is an analog of thymidine, the nucleotide present in DNA, which

couples an enzyme capable of catalyzing the chemical activation of a molecule to emit light at a

certain wavelength.

7.4.1 EdU cumulative curve

Cumulative curve of the thymidine analog EdU incorporation is performed using Click-iTTM Plus

EdU Alexa FluorTM 647 Imaging Kit (ThermoFisher; C10640). Briefly, EdU was added around 24

hpp at 2 µM. Cells are then fixed at increasing times of EdU exposition. Staining of EdU positive
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cell is performed based on previously published protocols [52]. Next, immunostaining against

Sox2 is used as standard marker for RG progenitors [13]. Later, the number of cells positive for

both Sox2 and EdU is quantified using automated image processing. To calculate the cell cycle

length, the percentage of progenitor cells that have incorporated EdU is plotted against the hours

of EdU incorporation. The saturation value at long incubation times is used to calculate the growth

fraction γ. This value is then used to calculate the average cell cycle using linear regression at short

EdU accumulation times (see figure 1).

7.4.2 EdU pulse-and-chase experiments.

Cells are exposed to a short pulse of 30 minutes of EdU at 36 hpp. “Pulse” points are fixed at

this time point. “Chase” points are washed three times with fresh medium and are fixed 15 hours

after the “Pulse” time point. The number of EdU positive/Sox2 positive cells is quantified in both

“Pulse” and “Chase” time points for both conditions using automated image processing.

7.5 Image acquisition, processing and analysis

7.5.1 Image acquisition, processing and analysis of primary cell culture images

Samples are imaged in a confocal microscope AR1+ of high speed in acquisition and sensibility

coupled to an inverted microscope model Eclipse Ti-E (Nikon) with a 20X objective and a resolu-

tion of 1024x1024 pixels. The field of view is set to 0.6 mm × 0.6 mm. In brief, image processing

and analysis (performed in Fiji [139]) is based on the segmentation of nuclei and the classification

of each cell as progenitor, differentiated neuron, quiescence or apoptotic based on the intensity of

the fluorescence staining of each marker. A large number of cells (around 105 cells) is processed

for each data point to minimize the effect of variability and heterogeneity of the samples. The

sequence of processing algorithms and filters is as follows.

1. Definition of the KRvalue that sets the size of the region used for calculations and filter pro-

cessing. Several KRvalue sizes are tested (values from 1 to 5 pixels), fixing the final KRvalue

in 2.5.

2. A local thresholding using the KRvalue to define sub-regions inside of the image is applied

to remove background based on the median intensity as cutoff value.
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3. To remove breaks and holes inside the objects generated by the previous filter, the follow-

ing sequence of filters is applied to enhance the definition of the boundaries of each object:

Gaussian Blur filter, Maximum Filter, Median filter and Unsharp Mask filter (KRvalue).

4. The resulting image is binarized using the median value as threshold. 5. Euclidean Distance

Map (EDT) is performed in the binary image to generate seeds that are used by a flood fill

algorithm to define the boundaries of each object [76].

5. Finally, all objects are fitted to ellipses for posterior analysis. Ellipses smaller than 4× π ×

KR value2 are discarded from the analysis.

The specific features of each staining requires a different set of processing filters to enhance signal

for each channel.

1. MAP-2: double sequential thresholding to extract foreground information (cutoff 1 = mean,

cutoff 2: median); morphological opening to remove neurons fibers (structuring element:

lines at different angle with a length of 2xKR value); Gaussian filter to remove noise (KRvalue).

2. Sox2: double sequential thresholding to extract foreground information (cuttof 1, = mean,

cutoff 2: median); morphological opening to select only nuclei with minimal size (structur-

ing element: circumference of radius equal to 2xKRvalue); Gaussian filter to remove noise

(KRvalue).

3. EdU: single thresholding to extract foreground information (cutoff = median); morpholog-

ical opening (structuring element: circumference of radius equal to 2xKRvalue); Gaussian

filter to remove noise (KRvalue).

4. pax6: single thresholding to extract foreground information (cutoff = mean); morphological

opening (structuring element: circumference of radius equal to 2xKRvalue); Gaussian filter

to remove noise (KRvalue).

5. Cleaved caspase-3: double sequential thresholding to extract foreground information (cutoff

1= mean, cutoff 2 = mean + plus standard deviation); morphological opening to select only

nuclei with minimal size (structuring element: circumference of radius equal to 2xKRvalue);

Gaussian filter to remove noise (KRvalue).
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6. KI67: single thresholding to extract foreground information (cutoff = mean); morphological

opening (structuring element: circumference of radius equal to 2xKRvalue); Gaussian filter

to remove noise (KRvalue).

Finally, the identity of each ellipse is established based on the number of pixels above threshold

in each channel. For the MAP-2, this area was set to at least 15%, and 1% for the rest. A subset

of cells are both Sox2- and Map2-, and have a nucleus that is much larger that Sox2+ or Map2+.

Since these cells are not RG or differentiated neurons, they are not taken into account in the study.

7.5.2 3D microscopy images acquisition and images processing of neural retina images

The 3D microscopy images are acquired with a 40X objective lens in a LSM800 confocal micro-

scope. The confocal settings to acquire them are: 1µm of pinhole, 0.2µm overlapping between

slices, image resolution of 1024x1024 pixels and pixel resolution of 0.312µm x 0.312µm x 0.8µm.

Samples are used to identify several biological markers, therefore the staining of each one of them

is saved as an independent image that is perfectly aligned with the rest ones (channel).

Image processing is done using Fiji, an open-source platform developed in Java that allows

the creation of processing routines in several programming languages combining implemented

plugins and home-made functions (macros), together with potent and friendly tools for 2D and

3D visualization [139]. Since the full isolation of Neural Retina (NR) using surgical tools could not

be performed to preserve the eye integrity (see 7.2), a previous step of image processing is required

to isolate only the region corresponding to the developing NR in images. For that, a home-made

macro is performed to allow the selection of the region of interest in the confocal plane (XY), but

also in the other two (XZ and ZY planes) of the image for To-Pro3 channels. Moreover, the lens

is extracted approximating it to an ellipsoid made with the plugin 3DDrawShape [122]. Finally,

To-Pro3 channels are used to define the bounds of the rest of the channels. Kernel Radius value

(KRvalue) is a parameter required for the application of the desired statistical filtering. In brief,

image is splitted into small sub-images where the calculus and the application of the filters are

performed. The dimensions of these small sub-images are defined by the KRvalue. The processing

of all channels requires the definition of the Kernel Radius value (KRvalue), which controls the

definition of the limits of the sub-images where the desired statistical filtering is applied. Unless

it is not specified in the text body, KRvalue for each image is illustrated in Fig.26. The processing
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for each channel used in this research is summarized below.

• To-Pro3 channel

Image processing pipeline for the To-Pro3 channel and for each one of the frames from time

lapse experiment is the following:

i. Median filter application in the image for noise removal.

ii. Definition of foreground and background pixel intensities for To-Pro3 channel: in order

not to consider the background pixel intensity values of the image, a copy of the To-Pro3

channel is generated to be processed with a Gaussian Blur, Minimum and Maximum

filters using a value of 2xKRvalue from the values summarized in Fig.26. Then, the

background is removed by subtracting the copy to the To-Pro3 channel.

iii. Morphological opening: a common binary morphological opening is performed in the

binary To-Pro3 channel (i.e there are only two possible pixel intensity values: 0 or 255)

to remove small objects and close the remaining ones.

iv. 2D watershed (2d-WT) algorithm: the most basic 2D watershed algorithm implemented

in Fiji is applied in binary To-Pro3 channel in order to get better 2D accuracy in object

detection for OSCAR application.

Moreover, To-Pro3 channels is also processed in the lateral plane with a Gaussian, maximum

and 2D-WT filters to improve the information acquired about nuclei in the z − axis that

OSCAR requires to run (7.12).

• Phospho-Histone H3 (PH3) channel

The PH3 channel is processed as described in the first two steps explained for To-Pro3 chan-

nel and two additional new ones:

iii. Minimum and Maximum filters application in the image for gray-scale morphological

opening.

iv. Additional background subtraction: the background subtraction is performed for each

confocal plane of the PH3 channels. First, the median of pixel intensity values is cal-

culated using the full pixel intensities histogram (cutoff value). After, only the pixels

with an intensity value lower than the cutoff value are used to calculate the median of
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a new subset of pixel intensities. Finally, the median of this new subset is calculated

and is used to define the boundary between the background (those pixels with a lower

pixel intensity) and the foreground (those pixels with a higher pixel intensity) for each

confocal plane of the image. This is repeeated for every confocal slices.

• PCNA channel

The PCNA channel processing is the same as for PH3 processing but using a different sta-

tistical calculus to define the limit between the foreground and the background. Instead of

using the median as the statistical operator to calculate the cutoff values, the mean is calcu-

lated for the additional background subtraction in the PCNA channel.

• Sox2 channel

The image processing for the Sox2 channel is designed by copying the first two steps of the

To-Pro3 channel processing process.

• GFP channel

The GFP channel is processed in two slightly different ways depending on the absence or

not of sox2 channel for the same image.For samples with both channels, the routine of image

processing is the following:

i. Noise filtering: minimum, median and maximum filters are applied in GFP channel

to remove the noise in the image with the a value of KRvalue equal to double of the

referenced values in the Fig.26.

ii. Background subtraction is performed using the median of pixel intensity values as the

value to define the border between the background and the foreground pixel intensities

for each confocal slice of the GFP channel.

And, for the samples without Sox2 staining, the GFP channel is processed following the same

routine than the previous one, but with two differences. The firs is a previous step designed

to reduce the effects of autofluorescence present in embryos of the transgenic zebrafish line

Tg (ath5: GFP). To do it, the 3D intensity histogram is calculated with the average pixel

intensities of each confocal slice. The mean value of the 3D intensity histogram is then used

to set all pixel intensity values below this value as zero. The second difference with respect to
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the processing of the GFP channel in images with the Sox2 channel resides in the background

subtraction since the mean of the values of the pixel intensities of each confocal slice of the

GFP channel is calculated instead of the median.

7.6 Artificial images

7.6.1 Artificial images generation

The 3D-objects are formed in a 3D space of a certain size to test the accuracy in the detection

and location of OSCAR and the rest of the tools tested in this research, with a home-made script

developed in the Julia programming language. The 3D-objects are defined as ellipsoids since

this shape is the best approximation to simulate real nuclei, which is a cellular organoid that is

often used like counterstain in biological images. The size, shape and orientation of each ellipsoid

are obtained from gamma distributed values with median equal to 6µm, 30% standard deviation

and random orientation in one of the three axes, and their values are saved to compare with the

outputs derived from OSCAR and the rest of the tested tools. In sum, 2,500 3D-objects are created

inside of a universe with a width, height and depth equal to 200 µm and they are allowed to share

a maximum of 10% of their spatial domain with each one of their neighbours. After, the ellipsoids

are represented in the form of 3D microscopy images (width, height and depth voxel are set to 1

um) with the plugin of Fiji 3DDrawShape [122]. Since the computational cost to create crowded

environments is too high density and compactness of 3D-objects in artificial images, modifications

in the shape of the 3D-objects are made to simulate the situation based on real 3D microscopy

images. XZ plane of the artificial images are modified by applying gray − scale-morphological

dilation operations through vertical lines of a defined length (radius) on the z-axis [89]. Therefore,

higher values of radius resulted in images with the shape of the 3D object more affected. On

other hand, the set of artificial images is also modified following another strategy to introduce

the noise around all spatial directions. To do that, artificial Gaussian noise is introduced for each

confocal plane with a standard deviation value that linearly increases from 1 to 203 across the z

axis (image1). Subsequently, to create the background around the 3D-objects, a copy of image1 is

done to invert their histogram (image2). Thus, values higher than zero in image1 are set to zero

in image2 (i.e the space corresponding to 3D-objects) and the inverse operation for pixel intensity

values equal to zero in the image1 (i.e the space corresponding to the space between 3D-objects).
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Finally, the pixel intensity values of image2 are normalized between 1 and the maximum value for

each XY plane of the image, and image1 and image2 are combined to create the modified artificial

images. All these steps are repeated three times to decrease the bias effect in the generation of

artificial images. In sum, for each artificial image the following conditions are used to be tested

with the different strategies of watershed and counting used in the research: the artificial image

without any modification; three images with a different radius of z axis modification for each one,

and one more with noise introduced around all spatial directions (xyz-set).

7.6.2 Setting and procedures to use the artificial images by the counting tools

Artificial images are analyzed to obtain the number and location of the 3D-objects with OS-

CAR and the tools present in four different open-source and commercial software widely used

in biological research. ObjectCounter3D (OC3D) is an open-source algorithm implemented in

Fiji ([15], https://imagej.net/3D_Objects_Counter). The principle of OC3D to localize 3D-

objects is based on voxel connectivity. In other words, OC3D identifies as a single 3D object

all voxels with an intensity value higher than a certain cutoff value (foreground) that are con-

nected without interruption of voxels that do not are higher than the cutoff value for voxel in-

tensities (background). The detection of the background implies the end of a detected 3D ob-

ject. The plugin “3D analysis” integrated in the package 3D imageJ Suite of Fiji (TANGO) is

highly similar in terms of accuracy to OC3D, however TANGO employs a different way to cal-

culate spatial and morphological measurements of each 3D objects (including the centroid) ([122],

https://imagej.net/3D_ImageJ_Suite)). TANGO works only with images whose 3D objects

have been identified and labelled previously. Each label is a specific voxel intensity associated

with only one 3D object, therefore TANGO only needs to look in the histogram of voxel intensities

to identify them. Imaris 8 (BitPlane, https://imaris.oxinst.com/) and Huygens Professional

version 19.04 (Scientific Volume Imaging, The Netherlands, http://svi.nl) are two commercial

platforms of image visualization, processing and analysis, widely used by the scientific commu-

nity and with an easy interface that requires no programming skills and presents a large variety

of tools.

For all tools tested in the research, the analysis of the artificial images is performed without any

type of modification designed to perform the 3D-objects counting and location. However, only

the data acquired by OSCAR in this condition are considered for the analysis since the rest of the
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tools always showed a precision in the measurements lower than 7%. To use OC3D and TANGO

tools, the 3D-watershed (3D-WS) algorithm from the 3DimageJsuite package is used [122] on the

artificial images since the output is the only one capable to get accuracy values greater than the

5%. OSCAR is also used with images processed by 3D-WS and, in addition, with the most basic

algorithm of 2D-watershed (2D-WS) from Fiji. Imaris 8 setting for counting the artificial images

is based on the available documentation and information provided by the company and the tools

used by previous research [104]. The following settings are always activated for this research

using the tool "spot detection" with the intention to quantify the number and the 3D centroid

coordinates: region growing, shortest distance calculation and local contrast. For Huygens, the

threshold for images is set to one (like for the rest of tools) and seed generation is the only tool

activated to count the artificial images. Furthermore, the artificial images with noise around all

spatial coordinates are also processed before the watershed algorithm to reduce the noise and

increase the accuracy in 3D object detection. The Imaris and Huygens tools have basic options to

process the image before counting it based on the application of some kind of blurring filtering. To

compare between these two software and the other, a basic processing pipeline is designed in Fiji

based on a first median filter to remove noise from image and a second background subtraction

step, which is performed via subtraction of a blurred copy to the image.

Radius for image processing and/or image segmentation is set to 6µm because this is the

average value chosen for the radius of the artificial 3D objects (see sections 7.6 and 7.11).

7.6.3 Statistical analysis of artificial images

The artificial images set is used for the analysis. Three different artificial images with 2500 3D-

objects are done. For each one of these artificial images, same modifications are introduced for the

research.

In terms of quantification (i.e. number of detected 3D-objects), the accuracy for the artificial

images in 2D and 3D is calculated as:

(1− Number of real objects−Number of found objects
Number of real objects

) · 100

As some tools over-count and others under-count, the sign is changed for negative values in order

to simplify the data analysis and present clearer results.

To statistically assess how good is the spatial location of each tool, the Friedmann-Rafsky (FR)
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test is used, an statistical method which tests whether two point clouds belong to the same distri-

bution or not. It is a generalization of the Wald-Wolfowitz runs test for n > 1 dimensions and it is

based on computing the Minimum-Spanning Tree (MST). This is a connected, edge-weighted and

undirected graph, constructed from the complete graph, in which each pair of nodes is connected,

in such way that all the vertices remain connected but without any cycle, and the total Euclidean

distance, considered as the weight of the edges connecting the nodes, is minimized. Then, the

number of "runs" (R) is computed as the number of edges connecting different samples plus one.

Finally, the FR-statistic W is calculated as:

R− µ

σ

being µ and σ the mean and standard deviation of the R distribution [46, 144]. To reduce computa-

tional cost and to compare the same sample size for each quantification, 500 random centroids of

the 3D-objects found by OSCAR, OC3D, TANGO, Imaris and Huygens are used against the whole

set of centroids of the artificial image. As W follows a standard normal distribution, the lower the

statistic the better, i.e. smaller values mean higher degree of similarity between distributions [60]

and, thus, better spatial location of the found objects.

7.7 Branching formalism implementation

Our lab has developed a method to measure the dynamics of proliferation and differentiation that

uses a branching process formalism where the average cell cycle time, growth fraction and mode

of division are defined as independent variables, to derive analytical equations that provide the

average values of proliferation and differentiation of the population based only on the numbers

of the progenitor, differentiated, quiescent and apoptotic number of cells at different times points.

A scheme of the method is shown in Fig.7D, and examples of its experimental implementation

can be found in [87, 108]. In brief, the branching process tool works with a minimum of two time

points, and it does not require data points to be equispaced in time. This model presents two

equations to describe the dynamics of progenitor cell divisions along the development:

pp− dd =
1 + ∅P(

∆D
∆P − 1)

∆D
∆P + 1

(1)

T = ∆t
log(1 + γ|pp− dd−∅P|)

log Pt
P0

(2)
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where pp and dd correspond to the rate of symmetric proliferative and differentiative divisions,

respectively. ∆P = Pt − P0 and ∆D = Dt − D0 correspond to the number of progenitors and

differentiated cells generated in a given window of time ∆t = t− t0. The value pp− dd goes from

1 (all divisions are symmetric proliferative) to -1 (all divisions are symmetric differentiative). The

value, pp− dd = 0 corresponds to maintenance of the progenitor pool, either via asymmetric pd

divisions or via balance between symmetric proliferative and differentiative divisions (the model

cannot distinguish between these two scenarios, since they are mathematically equivalent). In

terms of repeats, depending on the interests of the works, it would be more useful to include

more repeats to obtain more reliable values, or more data points to obtain a more detailed time

evolution of the values. The number of data points to obtain a reliable temporal evolution depends

on how fast cell numbers change. For example, in the quantification of the dynamics of NR,

between the stages of 34 hpf and 38 hpf was very important to increase the time resolution since

in this temporal window the system changes faster than for early developmental stages. Moreover,

another option is to fit the experimental values (using the mean and the standard deviation) to a

representative polynomial curve and obtain a more smooth time evolution of the proliferation and

differentiation rates. Confidence interval for the prediction of T and pp− dd are calculated using

the error of the experimental data about P and D. To do that, the values equal to the fitting value

plus the standard deviation are fitted for a function of the same type than the original fitting and

the values equal to the fitting value minus the standard deviation are fitted to another one. Finally,

these curves are used as input to the branching process equations to obtain the 50% confidence

intervals plotted.

7.8 Data analysis

7.8.1 Statistical analysis from primary cell culture experiments

One way ANOVA test is used to measure statistical significance between different time points.

Cell cycle values in Fig.1E-F are obtained after linear regression of the four first data points. Rates

of quiescence in Fig.5B are obtained from the mean value of the four last points. Slope error is

calculated by doing a linear fitting with values of the average plus standard error and another

one with values of the average minus standard error to get the difference in the slope between

these two values. Quiescence error is the standard error of the four last points, and the T error is
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derived from the error propagation of the previous values. Three-parameter sigmoidal fitting is

used to fit data from Fig.2B-C. Sample size for all experiments is at least 4. Unless specified, error

bars represent the standard error of the mean, calculated using error propagation. Confidence

intervals for the prediction of T and pp− dd in Figs. 3A and 4C are calculated by taking 1/2 of

the value of the maximum error for P and D in Figs.2B-C. Next, we fit this data points to three-

parameter sigmoidal functions. Finally, these curves are used as input to the branching process

equations to obtain the 50% confidence intervals plotted. All curve fitting and statistical analysis

are performed using Matlab© (The Mathworks©, Natick, MA) and Julia programming language

(Statistics package).

7.8.2 Data analysis from neural retinas of zebrafish embryos

Fig.26 shows the kRvalue (i.e the value to apply the desired statistical filtering) for each image and

the corresponding sample size for each experimental condition reported in this research. Appli-

cation of the branching is performed using the data from the exponential fittings calculated using

the experimental number of differentiated and progenitor cells.

7.8.3 Morphometric measurements of NR

Volume of the Neural Retina (NR) is calculated using the To-Pro3 channel that shows only the

nuclei of cells inside of the NR. These cells are very close to each other, so the space between

nuclei in the To-Pro3 channel must be associated with the cytoplasm of retinal cells. The volume

of the NR is the sum of the volume of all cells inside of the NR, so the empty spaces between

nuclei must be also quantified to get an approximation of the total volume of the NR. Moreover,

the lens is actually an empty space inside of the To-Pro3 channel since it is manually removed

from the original image (see section 7.5.2). Therefore, a previous filtering of the To-Pro3 channel

must be performed to fill these empty spaces without taking into consideration the lens. First,

a copy of the To-Pro3 channel is used to get a geometric construction that surrounds the area

filled by pixels with a pixel intensity higher than zero (positive area) for each confocal slice of

the image (Convex − Hull image) [69]. Second, the positive area of the To-Pro3 channel (i.e the

nuclei) is expanded by two pixels around all directions to fill the spaces between nuclei. Then,

only the area shared between the nuclei channel and the Convex − Hull image is used to build
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a new image (NR− volume image) that is processed with a minimum, Gaussian and maximum

filters application to smooth the boundaries and to adjust more precisely the volume of the lens.

Finally, the scale in µm is set in the NR − volume image, and the number of scaled voxels is

calculated using a home-made macro in Fiji. Density is defined by dividing the number of total

cells inside of the NR and the volume of the NR. Normalized values are calculated normalizing

for the final value. Packing analysis of NR is performed using 3D spatial coordinates derived

from OSCAR for the nuclei of NR to calculate the average distance of each nucleus to its five

closest neighbours. Normalize packing values are achieved dividing the data by the latest point

of the dynamic. Volume of the nuclei of NR are calculated using the information provided by

the output of OSCAR and the sphericity is calculated as the division between the volume and the

surface area of each 3D-object.

7.9 Computational simulation of cell growth and differentiation

7.9.1 Numerical simulations of cell populations

We developed an in silico phenomenological numerical model of a generic differentiating stem

cell population that simulates cycling progenitors that can either proliferate, differentiate, enter

quiescence or apoptosis based on rates and probabilities provided by the user (see Fig8). Each

cell has the following features: length of its cell cycle (T), current phase of cell cycle, time since

birth (age), and fate (progenitor, quiescent, differentiated or apoptotic). Values of cell cycle length,

mode of division, quiescence and death rate can be kept constant throughout the simulation, or

can be set to change each time-step. For each cell in the simulation, the cell cycle length, the prob-

ability of differentiation at the end of the cell cycle, the probability to enter quiescence, and the

probability to enter apoptosis are obtained from gamma distributed values with an mean value

set by the input parameters (T, pp-dd, γ, and ∅P) and standard deviation of 30% of the mean to

mimic intrinsic cell-to-cell variability and intrinsic noise in a clonal population [90] (other values

of the standard deviation from 10% to 50% provide similar results).

A scheme of how the population is defined and develops overtime is shown in Fig.8. Parameters

of the simulation are: the number of initial cells m, the average cell cycle T at each time point

(defined as T = ∑ Ti/n, being n the number of cells at time t), the fraction of cycling progenitors

(or growth fraction) γ, the rate of apoptosis of progenitors ∅P, and the length of the experiment
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tend. The age of each cell is defined as the time since its birth, and the type corresponds to its

characteristic as progenitors (P, cycling cells), differentiated (D, non cycling cells), quiescent (Q,

non cycling progenitors) and apoptotic (dying cells).

The simulation takes palace as follows: an initial set of un-synchronized progenitors cells are al-

lowed to cycle following the different phases of the cell cycle: from G1 to S to G2 to finally M

phase. Upon division, the two resulting daughter cells either remain as progenitors (pp divi-

sion), they become terminally differentiated cells and stop cycling (dd division), or one remains

as progenitor while the other differentiates (pd division). For simplicity, the cell cycle is divided

into just three main steps of equal length: G1, followed by S and finally followed by G2 + M.

(T = TG1 + TS + TG2M). Changes in the cell cycle length affect all phases of the cell cycle identi-

cally (simulations where the phases are of different length and that changes affecting differently

different phases of the cell cycle show equivalent results).

7.9.2 Simulations of Cell Cycle determination methods

The previous model is then adapted to perform a computational analog of one or two thymidine

compounds. At any time in the simulation, EdU can be added to the cells, so cells undergo-

ing S-phase will be labeled as “positive”, and will remain as positive throughout the rest of the

simulation. The input parameters of the model are varied to simulate different dynamics of a

population of cells in different conditions, in terms of quiescence, apoptosis, cell cycle length and

differentiation rate. For each condition tested, we will perform four measurements of the cell cy-

cle based on the following methodologies: Cumulative Curve method. This technique has been

extensively used both in in vitro and in vivo situations to quantify the rate of cells in the population

entering S-phase [86, 101]. A scheme of the method is shown in Fig.7A. In brief, a nucleoside ana-

log is added to several identical samples that are fixed and stained at different times. Labeled cells

in all samples are quantified using microscopy or flow-cytometry. The ratio of progenitor cells

that are labeled for each sample is plotted, and the values corresponding to the cell cycle length

T are obtained from the slope of a linear regression fitting of the data at short exposure times. In

addition, the fraction of cycling progenitor cells γ, or growth fraction, can be estimated from the

rate of labeled cells after long exposure times. This method, when combined with dyes to measure

DNA content can be used to determined the length of the different phases of the cell cycle [33].

Dual Cumulative Curve Method. This method combines dual staining with thymidine analogs
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[134]. It also provides the possibility of fixing all samples simultaneously to ensure that quantifi-

cation is performed always at the same developmental time. In addition, it can also provide some

positional information of regions in a given tissue where cells cycle at different rates [16, 147].

On the other hand, it requires a more complex experimental design, and it may also result in

increased toxicity. In addition, it does not provide information about the growth fraction. The

method (Fig.7B) involves a first labelling agent administered to all samples simultaneously, and a

second agent administered at different time points. All samples are collected at the same time, and

they are stained for both labelling agents. The amount or cells that are double positive overtime

for the two different thymine analogs is plotted, and the average length of T and TS can be ob-

tained using linear or nonlinear regression (some corrections regarding the potential differential

incorporation of both agents are required).

Pulse-Chase method. Both previous methods rely on long term exposure of the samples to

nucleoside analogs, which can result in toxicity effects. Alternative, a short pulse can be also

applied [168] to label only cells that where in S-phase at a given time. Then, the population of

positive cells is “chased” in the different samples by fixing and staining at different times. Several

variations of this method have been developed. A commonly used technique is to stain cells in

mitosis (using immunofluorescence against phospho-histone-3), or using a second thymine analog

in S-phase to chase cells that have re-entered in a new S-phase. A scheme of the method is shown

in Fig.7C. The ratio of double positive cells in the different samples is plotted overtime, and the

average value of T corresponds to the time between the pulse and the maximum of double positive

cells in the population. The slope of the curve at shorter time scales can be used to calculate the

length of S-phase. Measurements of the cell cycle using this methods requires significantly longer

experiments than the two previous methods.

Branching process Method. The number of cells and their fate as progenitors, differentiated,

quiescent or apoptotic is recorded at each time point during the simulation. These values are then

used as input of the branching process Eq. 2 described in other subsection of the Methods section.

The average value is then plotted for each condition tested.

7.10 3D Visualization

3D reconstructions of all 3D-stacks were done using 3Dviewer [139]. Spot representation is per-

formed using the plugin of Fiji 3DDrawShape [122], adjusting the radius of the spots to 8 µm for
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all representations. Moreover, the output derived from OSCAR allows the graphical representa-

tion of the 3D-objects, which are adjusted to an ellipsoid shape in this research. Specific colors

and techniques used to represent the output are commented in the text body and in the feet of the

figures.

7.11 OSCAR usage

OSCAR works only with one informative parameter about the average length of the objects across

the z axis. Typically, OSCAR works as a free parameter tool since this information can be extracted

directly from the input image of OSCAR. However, to compare with the results of 3D quantifica-

tion and localization provided by Imaris© and Huygens©, and the requirement of a radius for 3D

segmentation in Fiji, we decided to run OSCAR in artificial images fixing the average length of

nuclei across z axis as 12 µm (similar for the rest of tools tested in the research). Moreover, cat-

egorization of the output from OSCAR in different cell populations is performed using the total

volume of the object and volume of each channel inside of the nuclei in the 3D space. In case to use

two marker to classify NR into progenitor or differentiated cells to inform to the branching model

reported in [108] and [87], we classify the nuclei as differentiated cells if the volume corresponding

to the detected GFP expression has the double of the volume calculated for sox2 expression. For

the rest ones, we classify nuclei in different categories based on the proportion of the volume filled

by each marker. Thus, for double co-staining we are able to take into account nuclei with more

than one expression. In brief, for Sox2, GFP and PH3 staining at least the 10% of the total volume

must be positive to be categorized as positive for each of them, while for PCNA is set in the 25%

of the total volume.
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7.12 Object Segmentation Counter and Analysis Resource (OSCAR)

This section explains the sequence of processes implemented in the framework Object Statistical

Counting and Analysis Resources (OSCAR) to reconstruct the 3D objects from the data of the

2D confocal planes. 3D objects comes from the joining of 2D objects from each 2D plane of the

3D image. This is done by applying statistical and computational calculus to establish the best

interactions between 2D objects.

A technical view about how OSCAR works is illustrated in the scheme 1 and a graphical il-

lustration about how OSCAR get information of one image is shown in Fig.27. 3D objects are

constructed using the 2D objects extracted from each 2D plane of the 3D image. Instead of using

directly the images, each 2D objects is saved in a single line storing information about the shape

and orientation of the object. This information can be simply edited since OSCAR has been com-

putationally designed to be able to incorporate new measures in the 2D detection and the lately

3D quantification. However, information for each 2D object about the elliptical fitting, the bound-

ary box (i.e the rectangle that is around the object), the orientation and the area is always present

(Fig.27B). In addition, OSCAR needs to get some reference about how many 2D planes occupy a

single 3D object. To get this information, we use a copy of the 3D image and we rotate it 90◦ in

order to get information about the orthogonal planes of the image (lateral planes). This analysis

is performed using the bounding box of each objects detected in all lateral planes of the image.

The height of each bounding box (z-length) can be interpreted as the number of planes that the

3D objects fills since the y-coordinate in the rotated image is the z-coordinate in the original image

and the bounding box for each objects is not rotated. Then, z-length of all detected objects is used

to calculate two essential internal parameters: the minimal z-length of the 3D-objects (minZ) and

the average one (medZ) (Fig.27C).

Once the information of the 2D objects and 3D objects is achieved, the algorithm of OSCAR

starts with the identification of 3D objects. A single possible new 3D object (preobject) is formed

for each iteration of OSCAR. To initiate it, the first operation is when a 2D object does not include

in any 3D objects and is identified as the origin of a preobject (starting-ellipses). Fig.27D shows

a graphical scheme about how OSCAR identifies a starting-ellipse (red ellipse). Then, from this

point, the preobject growths by choosing the most suitable ellipse from the z+1 plane. The decision

to establish an interaction between the preobject and the chosen ellipse j of the z+1 plane is based
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on the information stored in the complete preobject and not only considering the plane-to-plane

interaction. To do that, we calculate the interactions between the 2D object of the plane z+6 and the

closest 2D objects in the plane z+7, and we use a linear fitting across the z axis and other statistical

calculus to choose the most suitable candidate between the objects of the plane z+7 (Fig.27E). This

process is repeated until one of the three following condition is true: the proebjects reaches the

maximum length allowed for the analysis (which is antoher internal parameter, maxZ, see section

7.12.2); there is any 2D objects in the following plance that can be added to the preobjects; or the

next plane will be out of the dimension of the image (i.e z is grater than the slices of the image).

In case of the preobject has a z-length higher than minZ there are two possibilities. The first one is

when the z-length is between minZ and medZ and the preobjec is considered directly as a 3D object.

The second option is when the z-length of the preobject is higher than medZ. For this situation we

assume that not all 2D objects of the preobject must be included in the final 3D objects, therefore we

use a statistical model to decide if there is a possible cut point between the points in the position of

medZ and the final length of the preobject (Fig.27F). Finally, OSCAR calculate the output of the 3D

objects. 3D-ellipsoidal fitting of a 3D-objects is illustrated in (Fig.27G). However, further calculus

and variables can be adjusted. Fig.27H illustrates the final output for the illustrative input shown

in Fig.27A.
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2D information acquisition

Parameter tuning: minZ, medZ and maxZ

for ellipse in Data2D do

check if part of preobject;

if ellipse i = starting-ellipse (i.enot in preobject) then

while preobject length < maxZ do
preobject elongation

end

if preobject length ≥ minZ then

if preobject length > medZ then
Outlier detection

end

generate 3D object (Termination)

end

end

end

Specific information about each step is detailed below. The first two sections is about how

OSCAR gets information using a combination of scripts developed in Fiji and Julia Programming

Language [139]. The third one is about how OSCAR creates interactions between 2D objects. And

the rest ones correspond with the detailed description of how OSCAR works.

7.12.1 2D information acquisition

Each 2D object is a sub-matrix of a digital image or, in other words, is composed of a complex

matrix formed by the spatial coordinates and intensities value of all pixels. We save each 2D

objects as a single line in a tabulated file composde by measures about; the centroid; the major and

minor axis of the ellipse that fits the 2D object; the angle between the major axis and the horizontal

axis of the image; the width and the height of the rectangle that encloses to the 2D object; and the

area of the 2D object. In addition, OSCAR also allows the incorporation of new variables in the

generation of the tabulated file. For example, section 7.12.8 is based on the measurements of

positive area for selected markers inside of the ellipse fitted to each 2D object.
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Graphical illustration about how OSCAR works internally.
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In this research, the ellipses are used by OSCAR to build the 3D objects since all the images

analyzed by OSCAR are composed by objects that are similar to ellipses (they are or they are based

on biological nuclei). Elliptical fitting is not only suitable for this type of shape since it is a fitting

that can be adjusted to other irregular or regular shapes. However, the implementation of OSCAR

using other shapes (for examples rotated rectangles) should be easily implemented.

7.12.2 Parameter tuning

Before to start with the searching of interaction between ellipses to build the 3D object, OSCAR

requires to extract information about how many z planes are used by the 3D objects (z-length). To

do that, the image is rotated around the y-axis resulting in a new image where the x-planes are in

the same positions, but the positions of the old y-planes are now filled by the z-planes, and vice-

versa (lateral planes). The histogram of z-lengths is calculated with the data of the bounding box

for all 2D-objects detected in lateral planes. From this histogram three key values are obtained:

the minimum and maximum z-lengths of the 3D-objects (minZ and maxZ, respectively) and an

intermediate value between minZ and maxZ (medZ).

These parameters are tightly related since each of them acts as a cut-off value for the rest to

analyze the histogram of z-length. First, the z-length distribution is modified choosing only those

related to objects with an area lower than the average value of the area histogram of the objects

detected in the xz-plane. Then, to not compromise the modularity of OSCAR, our software gives

the users the chance to decide whether to set the parameter medZ by themselves or not. By the first

option, medZ is used as the cutoff value to split z-length distribution into a new two distributions

composed by: z-length values lower than medZ to define minZ as the average value; and, another

one, composed by z-length values higher than medZ to calculate maxZ as the average of this

second data distribution. For the free-parameter application of OSCAR (i.e when any parameter

is provided by the user), minZ is calculated using the values of z-lengths only for objects with an

area lower than the average area for all 2D-objects detected in the xz-plane and maxZ, the same

filtering than for minZ but taking also into consideration only area values higher than the average

value of area. Finally, medZ is defined as the average value of another new z-lengths distribution

composed by z-lengths values higher than minZ and lower than maxZ.
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Figure 28: Identification of ellipses as parts of 3D objects. (A-C) identification of ellipses as initial sections of 3D-

objects (marked in red). (A) The ellipse i has not been chosen among the k-closest ellipses of any ellipse in the plane

z-i. (B) The ellipse i does not overlap above a certain threshold value with any ellipse of the plane z-1. (C) The ellipse i

is not part of any previously formed 3D-object. (D) Each fitted ellipse can be only part of a single 3D-object. (E) Each

fitted ellipse can be part of multiple 3D-objects.)

7.12.3 Establishing the interactions between ellipses

A key step for OSCAR implementation is the establishment of interactions between ellipses. For

each candidate ellipse to become in starting-ellipse or for the elongation of the preobject, the iden-

tification of the most suitable candidate in the adjacent z-planes of the image in order to create

an interaction is a key step for OSCAR. OSCAR modularity allows us to test several conditions to

test the most accurate methods to establish relations between ellipses. To do that, the framework

computes mathematical operations using one or a combination of several parameters stored about

the 2D-object to establish a ranking of all the potential interactions between the ellipses in adja-

cent z-planes. A schematic view of how the interaction can be calculated is represented in Fig.28

between ellipses of adjacent z-planes. Briefly, all options are defined below:

• The simplest scenario uses the Euclidean distance between centroids to rank the interactions

between an ellipse i in plane z-1 and the ellipses in plane z (illustrated in Fig.28A). This
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method simply computes the distance between the centroids of ellipse i and the k-closest

ellipses in plane z (up− >down, left scheme). Another approach consists in selecting the k-

ellipses in plane z that rank ellipse i as one of their k- closest in the plane z− 1 (down− >up,

center scheme). A more robust approach is to combine both (up< − >down, right scheme),

i.e., rank ellipses based on the distance between i and its k-closest, and selecting only the

ones that have i as one of their k-closest.

• Another approach is to rank based on the intersection area between ellipses to establish

interactions (Fig.28B). This way, we can use the percentage of area that ellipse i in z − 1

intersects with each ellipse in the plane z (up->down, left scheme), or the percentage of the

area of the ellipse j in z that intersects with each ellipse in z− 1 (down->up, center scheme).

To check if there are any intersection Ui,j between the ellipse i from z-plane z− 1 and their

k-closest ellipses chosen by just euclidean distance (calculated on the xy-plane), an initial

set of points that belongs to the ellipse i of the plane z− 1 is calculated. After, we use these

points to define what are the percentage of these points that fall down inside of every ellipse

j of their k-closes ellipses in plane z. To computationally define if a point (x, y) of the ellipse

i of the plane z− 1 is inside of the ellipse j of the plane z the following inequality must be

fulfilled: √
(x− xi

1)
2 +

√
(y− yi

2)
2 ≤ 2ai (3)

Unfortunately, these two methods (up− >down and down− >up) favor the selection of

ellipses of larger size (that may overlap more with ellipses in planes above). To overcome

this, the two previous methods are combined (up<->down, right scheme) to compute a more

robust approach that is less biased towards larger ellipses. This way, we can define an inter-

section index I Ii,j between ellipses i and j as:

I Ii,j =
Ui,j

Areai
·

Uj,i

Areaj
=

U2
i,j

Areai · Areaj
(4)

which is true because the intersection Ui,j = Uj,i. Therefore, the algorithm only requires

a single computation of the overlapping area. Minimum values of intersection values are

always set to zero. This way, the identity of ellipse i as “seed” can be established based on a

threshold of overlapping.
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• Although the method of areas works fine, it is not optimal in terms of computing power and

memory consumption. A faster approach that produces similar results is to rank based on

the percentage of perimeter of ellipses that is inside the area of other ellipses (Fig.28C). In

this case, we compute the number of points from the perimeter of ellipse n fall inside ellipse

m. Similarly to previous cases, this method can be used in (up− >down, left), (down− >up,

center) or (up< − >down, right scheme).

up< − >down option is more reliable since it corrects for the relative size of the objects

being compared. For each pair of ellipses, OSCAR computes quickly the set of points of the

surface of the ellipse i in the plane z− 1 (set A), and the surface points of the ellipse j in the

plane z (set B). With these two set of point, we define the shared points between the ellipses

as the sum of the points from the set A that are inside the ellipse j in the plane z, and the

points from the set B that are inside the ellipse i in the plane z− 1. If the number of shared

points are > 0, then we can say that both ellipses are overlapping. This is the used one for

the results presenting in this work.

7.12.4 starting-ellipses definition

To initiate the plane-by-plane sequential reconstruction of the preobject, OSCAR starts with the

identification of the first 2D-object that participates in the 3D-objects (starting-ellipse). From the

plane where this object resides, the 3D-object grows across the z-axis incorporating new elements

to the preobject during its elongation. The identification of these starting-ellipses can be performed

by searching only those ellipses that do not present interactions with any of the ellipses of the

plane above (see 7.12.3). A less restrictive approach to identify starting-ellipses is based on the

selection of only those ellipses that have not been integrated in any of the 3D-objects formed

during the running of OSCAR (Fig.28D). This last approach is the more suitable for 3D images

with high density of 3D-objects and results in a larger number of starting-ellipses. Therefore, this

was the chosen one for the quantification of the digital images, as well as the zebrafish developing

retinas.
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7.12.5 preobject elongation

preobject elongation makes reference to the full process of the creation of a new possible 3D-object

from an ellipse in the plane z (starting-ellipse). The first interaction between the starting-ellipse

and the second ellipse (plane z) of the preobject is formed by evaluating the k=8 closest ellipses

of the plane z. To do that, we choose the ellipses with the highest percent of overlapping in area

(Fig.28B, up< − >down option. See section 7.12.3). However, for the rest of interactions the

selection becomes more complex. The main difference resides in the incorporation of the whole

preobject in the analysis about what is the closest ellipse in the plane z. To do that, we incorporate

to the analysis a 3D line formed by the linear fitting of a number of centroids that have been

incorporates to the preobject yet. Our 3D fitting uses the coordinates of all centroids of 2D objects

to perform two linear regressions: x over z; and y over z. Using the parameters obtained from

both fitting, we can calculate a new line as the intersection between these two planes [51]. Then,

the k = 8-closest ellipses of the plane z to the final point of the 3D line are obtained. After, we

only select those ellipses that directly interacts with the last ellipse incorporated to the preobject.

To get the interaction between objects we choose the method shown in Fig.28C and explained in

section 7.12.8 (top< − >down option). Finally, from all ellipses that interacts have been included

in the previous filtering, we select the ellipse that is closest to the middle point of the 3D line. If

the number of ellipses in the plane z that accomplish all condition is one, we incorporate it directly

to the preobject without checking the last step and, subsequently, preobject elongation is stopped

when this number is zero.

New xy-coordinates of the new ellipses that ae being incorporated to the preobjects are used

in each round of elongation to generate new 3D lines. However, once the z-length reaches a

value equal to medZ, only the first medZ centroids of the preobject are fitted to a 3D-line. This

is done to minimize the cumulative error since we assume that the first medZ objects are part of

the possible 3D objects, while the rest ones must be checked lately (see section 7.12.6). Moreover,

another feature of OSCAR is the promiscuity to choose the ellipses that can be incorporated to the

preobject. A first attempt is to define that all ellipses of the below plane are not suitable candidates

to be part of the preobject since the ellipses that fit the 2D-objects of a 3D image must be actually

part of only one 3D-object in an image with only one 3D-object (i.e perfectly segmented). Although

this is not a valid approach when the resolution and the signal-to-noise ratio of the image disturb
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the shape of the 3D-objects and, therefore, the results of 2D identification of objects are far from

the perfect situation of only one detected 3D-object. To overcome this, the framework allows that

each fitted ellipses can be part of several 3D-objects at the same time (Fig.28D-E). This way, the

framework is able to bypass potential errors in the segmentation of the planes of the image that

are typical in situations where the objects are very close to each other.

This process is repeated for every single ellipse incorporated into the preobject (round of elon-

gation). For each round of elongation, a copy of the information stored for each 2D-object (in-

cluding the parameters related to the ellipse, 7.12.1) is stored into a new table that contains the

information of all elements of the preobject . Moreover, each round of elongation OSCAR per-

forms some calculations to estimate the integrity of the preobject based on three parameters: 1)

the euclidean distance of each centroid of the preobject to the 3D projection line (as defined above)

in each z-plane (3D-distance); the angle between the 3D-line and the vectors formed by two con-

secutive points (3D-angle); and the cumulative Pearson Correlation Coefficient ρ between the two

previous variables. The elongation continues until any ellipse j of the plane z interacts with the

preobject or until the maximum z-length for the preobject is reached (maxZ; see section 7.12.2).

In conclusion, the elongation of the preobject is done using a set of decisions capable of avoid-

ing segmentation errors in 2D planes and reconstructing 3D objects from samples with a low

signal-to-noise ratio.

7.12.6 preobject checking and termination

At the end of preobject elongation, those one that are whose z-length is shorter than the minimum

length (minZ) are dismissed from the analysis. The rest one are analyzed with a double purpose:

to decide if the full preobject is a 3D objects or, on the contrary, some of the 2D objects do not

belogns to the 3D objects; and the second one is a final testing about the integrity of the 3D objects.

Those preobjects with a z-length value with an intermediate value between minZ and medZ are

considered as single 3D-objects. On the other hand, the preobjects with a z-length higher to medZ

are analyzed to consider if all 2D-objects in the 3D-object are well included. When images are

highly distorted and signal-to-background is so reduced , the appearance of errors in 2D and 3D

object recognition are a very common issue in image analysis. Therefore, there are some ellipses

included in the preobject that in appearance they are not well include but they actually are the

results of mistakes in segmentation (outliers). However, there are also other objects that have
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been included in the 3D objects since they are part of another or other 3Dobjects (cut-points). To

elucidate between these two options, we perform an analysis using the variables 3D-distance and

3D-angle, which are calculated during the elongation of the preobjects (see section 7.12.5). For the

variables 3D-distance and 3D-angle is calculated the confidence interval

CI = ŷ± IQR

IQR = P90 − P10

using only the first minZ 2D objects from the 3D objects. After, a bit-wise vector (H) is created

with each variable by applying the decision criterion to set as one those points that are out of the

confidence intervals and zero for those points that are inside of the confidence interval. Then both

H vectors are combined and analyzed to decide between outliers or cut-points (H − total). Thus,

H − total has three possible values with three possible values: 0 (points-in); >=1 (outlier) and

we can compute the number of zeros (cin = ∑n
z=1 C+

z ) and >=1 (cout = ∑n
z=1 C−z ) across the 3D

object. If the cout is higher than zero and the position where it has positive values is beyond of

minZ position we perform another analysis to set if this points are cut-points. This final testing

step is based on the calculation of the ρ coeffient between the variables 3D distance and 3D angle.

ρ coefficient is a parameter to visaulzie the linear dependency between two variables. Values can

oscillate between -1 (inverse linear relation) and 1 (direct linear relation). 3D distance and 3D

angle are two variables that does not have a linear relation between them (i.e values are closer to

zero, see Fig.27G). Therefore, we establish that an outlier is a cut point when the ρ coefficient has

a larger value in the absence of this point.

7.12.7 Generation of output 3D objects

Once OSCAR has formed all 3D-objects, quantitative information about each one of them is calcu-

lated. Analysis of 2D-objects in OSCAR is used to statistically get the value of the same parameter

in the resulting 3D-object produced by OSCAR. Default measures in 3D-objects based on the in-

formation provided by 2D-objects is the following: total volume enclosed inside of each 2D ellipse

used by OSCAR to create each 3D-object is calculated from the sum of areas; major axis is calcu-

lated as the median of ellipses, minor axis, angle between the horizontal axis of the image and

the major axis (angle), bounding box coordinates and average pixel intensity. In addition, we also

use the 3D line obtained during the elongation of the preobject to define the segment and the 3D
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vector (x, y, z coordinates) of the newly created 3D-object. Centroid coordinates and z axis are

calculated from 3D vector as its middle point and as its module, respectively. Then, we do three

assumption to plot the fitted ellipsoid of the 3D-object: first, the middle plane of an ellipsoid is the

plane with a greatest size of the ellipsoid, and we are able to estimate it with using the major axis,

minor axis, angle and the centroid coordinates; second, represented 3D ellipsoid must present a

perfect shape and if we divided it in n planes, each of one follows a linear progression of size from

the beginning (smallest size again) to the middle point (greatest size), and the same from there to

the end of the 3D-object (smallest size again); and third, variation of x and y coordinates of the

centroid across z planes are calculated with the normalized 3D vector by its own z component to

set a z coordinates of the 3D vector to one (i.e corresponding with the variation of one plane).

7.12.8 Establishing 3D object identity

OSCAR has been designed to accept as many variables as the computer memory can hold by the

computational architecture of OSCAR, allowing OSCAR to be modular and to be able to answer

new biological questions. In fact, categorization of 3D-objects is performed using a new measure

variable for each ellipse: the size inside of the ellipse of additional images spatially aligned with

the image used by OSCAR (for example additional images of bio-marker together to nuclei image,

which would be the image used by OSCAR). Once 3D-object is formed, positive volume for each

additional image is computed as the sum of areas.
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