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Uncertainty is intrinsic to the process of finding out what
you don’t know, not a weakness to avoid.

Neil Gershenfeld

Ink whispers a dream,
Cells dance, defy gravity’s hold,
Life’s printed symphony.

Google Bard
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Abstract

Evaluation of cellular aggregate topologies from an Off-lattice model for tissue
bioprinting

This thesis presents an exploration of cellular dynamics, utilizing various modeling frameworks
and simulation techniques. Starting from the analysis of core-centered models, incorporating an
approach to contractile stress from polarization vectors and a detailed evaluation of force functions
governing attraction-repulsion interactions, the study unravels the intricate cellular behaviors. The
integration of protrusive forces, genetic networks, and specific models like Yalla, MecaGen, and
Oriola enhances the understanding of these dynamics. Additionally, neighborhood algorithms, such
as the Gabriel graph, contribute to a more nuanced investigation. The modeling framework is im-
plemented through the CellAggregate.jl platform. In the simulation framework, built with CUDA
technology, aspects like structured data, nearest neighbor calculations, and forces, including po-
larization vectors, attraction-repulsion, and contractile forces, are addressed. Further discussions
focus on the extraction of information related to the fusion of cellular aggregates. Results derived
from experimental data, initial conditions, in-silico calibration, and simulation setups are presented.
A subsequent analysis of the performance of functions and parameters is conducted. The thesis
delves into the stabilization of a single cellular aggregate under extreme simulation conditions,
exploring cell loss and mean squared displacement. The fusion of cellular aggregates is examined,
including the evaluation of adjusted parameters using the Chi-squared test. The exploration ex-
tends to complex aggregates, providing a comprehensive understanding of topological aspects in
tissue bioprinting.

Keywords: Center-Based Models, Fusion of Cell Aggregates, Tissue Engineering, Multi-cellular
Systems, Computational Biology, Simulation Framework, Off-Lattice Models, Cell Adhesion.
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Resumen

Evaluación de topologías de agregados celulares a partir de un modelo de
Off-lattice para bioimpresión de tejidos

Esta tesis explora la dinámica celular mediante diversos marcos de modelado y técnicas de sim-
ulación. Desde el análisis de modelos centrados en el núcleo hasta la evaluación detallada de
funciones de fuerza que rigen las interacciones de atracción-repulsión, el estudio desentraña los
complejos comportamientos celulares. La integración de fuerzas protrusivas, redes genéticas y
modelos específicos como Yalla, MecaGen y Oriola enriquecen la comprensión de estas dinámicas.
Además, se exploran algoritmos de vecindad, como el grafo de Gabriel, que contribuyen a una
investigación más matizada. La implementación del marco de modelado se realiza a través de la
plataforma CellAggregate.jl. En el marco de simulación, construido con tecnología CUDA, se abor-
dan aspectos como datos estructurados, cálculos de vecinos más cercanos y fuerzas que incluyen
vectores de polarización, atracción-repulsión y fuerzas contractiles. Otras discusiones se centran en
la extracción de información relacionada con la fusión de agregados celulares. Se presentan resulta-
dos derivados de datos experimentales, condiciones iniciales, calibración in-silico y configuraciones
de simulación. Un análisis del rendimiento de funciones y parámetros sigue a estos resultados.
La tesis profundiza en la estabilización de un solo agregado celular bajo condiciones extremas de
simulación, explorando la pérdida de células y el desplazamiento cuadrático medio. Se examina la
fusión de agregados celulares, con evaluación de parámetros ajustados mediante la prueba de Chi-
cuadrado. La exploración se extiende a agregados complejos, brindando una comprensión integral
de los aspectos topológicos en la bioimpresión de tejidos.

Palabras Clave: Modelos Centrados en el Núcleo, Fusión de Agregados Celulares, Ingeniería de
Tejidos, Sistemas Multicelulares, Biología Computacional, Marco de Simulación, Modelos Fuera
de Rejilla, Adhesión Celular.
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1 Introduction

Although there have been notable advances in transplantation, there is a lack of a robust framework
for the transplant process and donor allocation (Molina et al., 2018). In particular, countries such
as Mexico face a signi�cant backlog, with 21,500 patients waiting for organ transplants (Molina
et al., 2018). In Bogotá, the waiting list exceeds 1,900 people, with the "Solidarity Network"
taking precautions during the COVID-19 pandemic to minimize risks for transplant recipients
(Chacón and Lara, 2022). As of May 2020, Colombia has recorded 320 transplants, of which
77% are cadaveric. The understanding of tissues and organs is intertwined with the ontogeny
dilemma, which includes the individual development of an organism, as well as the exploration of
tissue engineering (Flenner et al., 2012). Tissue engineering, with the overall goal of functional
design of organs and tissues, aims to facilitate the regeneration and replacement of speci�c tissues
(Imani et al., 2012). Contemporary research in tissue engineering focuses primarily on the study
of sca�olds that serve as the structural basis for growing cell aggregates in isolation from native
tissues (Imani et al., 2012). In line with ontogenetic principles, the proposal is not to directly
mimic tissue structure. Instead, the focus is on creating microenvironments that foster intricate
interactions between cells and adjacent matrices, thus promoting a more biomimetic approach to
simulating and producing speci�c tissues (Mironov et al. , 2009; Imani et al., 2012).

One of the most studied patterns of organelle formation is the di�erential adhesion hypothesis
(DAH) ( Jakab et al., 2008a). DAH treats tissues as �uids with a certain adhesion that reorganizes
itself by �nding the lowest free interfacial energy (Steinberg, 2007). This hypothesis could be tested
on the basis of the surface tension present in tissues. Several research groups are actively seeking
solutions to the organ shortage through various approaches such as xenotransplantation (using
animal organs) and regenerative engineering (Boland et al., 2003). Xenotransplantation shows
promise, especially when considering transgenic animals with reduced immune response capacity.
In addition, the �eld of animal virus propagation is being explored as a viable option (Boland
et al., 2003).

In theory, arti�cial tissues hold the potential to address the critical issue of biocompatibility, a
signi�cant challenge in various tissue formation approaches (Mironov et al. , 2009). This challenge is
particularly pronounced given the current limitations of tissue engineering methods, where organs
are primarily derived from natural embryonic processes (Mironov et al. , 2009). The closest we have
come is the development of certain vascularized tissues, although this remains an evolving area
of research. To achieve this goal, processes such as self-assembly have been proposed, involving
the generation of speci�c structures with distinct features at di�erent spatial scales (Jakab et al.,
2004).
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Processes such as histogenesis and organogenesis serve as examples of self-assembly, driven by
intricate cell-cell and cell-medium interactions (Jakab et al., 2004). However, due to inherent and
economic limitations, existing techniques may not yet be able to fully replicate a human organ
(Mironov et al. , 2009).

Recent advances in bioprinting have introduced innovative techniques involving the deposition of
aggregates "layer by layer", similar to a bio-ink. This process facilitates the subsequent fusion of
the aggregates to form the desired tissue (Flenner et al., 2012). To use a bioprinter e�ectively,
the manipulation of speci�c "building blocks" is essential. These building blocks consist of cells
from a particular organism combined with a support matrix ( Sego et al., 2017). Due to biological
factors, cell aggregates typically take on spherical shapes known as cellular spheroids, driven by
self-assembly (Sego et al., 2017).

However, current techniques can be costly due to the materials used and the need for customized
equipment for this process (Maritan et al. , 2017). In addition, spheroids exhibit a wide range of
sizes and shapes, making it di�cult to compare their growth conditions (Maritan et al. , 2017).
Several other techniques are illustrated in the �gure 1-1.

Figure 1-1 : Prior Phases in the Development of Spheroid Formation: A Detailed Overview.
(Decarli et al., 2021)

The paucity of experiments on di�erent cell aggregates poses a challenge for meaningful com-
parisons. Computational models for multicellular systems are typically limited to interpreting
morphogenic processes, often focusing on speci�c shapes (Flenner et al., 2012). Various modeling
approaches include the use of viscoelastic elements, "spin" models for adjacent elements such as
Cellular Potts, and o�-lattice models based on the center of mass of each cell. Some authors, such
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as (Zhao et al., 2013), propose �nite element models that incorporate forces and dynamics within
multicellular systems.

The established correlation between experimental and theoretical aspects, especially regarding the
delicate balance between cell adhesion and cortical tension in�uencing cell morphology, underlines
the importance of aggregate dynamics and tissue morphogenesis (Thomas et al., 2014). There-
fore, the development of a comprehensive framework to obtain calibration data for di�erent cell
aggregates is imperative. This calibration is essential for the simulation of di�erent geometries and
topologies present in di�erent tissues or cell aggregates.
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2 Theoretical Framework

2.1 Tissue Engineering and 3D Bio-printing Fundamentals

Tissue engineering represents a groundbreaking approach in modern biomedical research, aiming
to repair or replace damaged tissues and organs through the application of engineering principles
and biological sciences. Within this domain, the integration of 3D bio-printing technologies has
revolutionized the fabrication of complex tissue constructs with precise spatial control. This section
provides a comprehensive overview of the foundational principles underlying tissue engineering
and 3D bio-printing, encompassing essential components such as cell culture methodologies, tissue
engineering strategies, 3D bio-printing techniques, and the formulation of bio-inks tailored for
speci�c tissue applications.

2.1.1 Cell Culture

A century ago, cell culture research was pioneered by the American biologist R.G. Harrison, con-
sidered the father of cell culture. Harrison's �rst experiments involved embryonic tissues from frog
ganglia, where he developed nerve �ber tissue (Omasa et al., 2010). A milestone was reached in
the late 1980s with the production of the �rst drug using Chinese hamster cells. Currently, more
than 30 products have been manufactured from animal cells in large capacity bioreactors (> 20m2)
worldwide. This is due to the widespread use of Chinese hamster cells as the most extensively stud-
ied human cell model, particularly in developmental models. In particular, Chinese hamster cells
have served as a critical model in research on self-assembly, tissue formation, and the production
of cells for transplantation (Omasa et al., 2010).

2.1.2 Tissue Engineering

In its early stages, tissue engineering relied on solid sca�olds made of biopolymers such as PGA.
Bioreactors were used with these porous biopolymers to generate speci�c organs (Boland et al.,
2003). The selection of an appropriate sca�old aimed to closely mimic the extracellular matrix,
with the expectation that the tissue would adapt and ultimately perform the functions of a targeted
organ.

4



Evaluation of cellular aggregate topologies from an O�-lattice model for tissue bioprinting

The production process outlined by (Boland et al., 2003) has several drawbacks:

ˆ Ine�ciency in Cell Reproduction: Temporary ine�ciency in cell reproduction, especially
during cell migration.

ˆ Challenges in Achieving Speci�c Geometry: Di�culty in achieving the speci�c geom-
etry required for organs using sca�olds.

ˆ Limitations in Vascular Structure Fabrication : Vascular structures in various tissues
can only be created with constructs larger than200�m .

The conceptual underpinnings of tissue engineering, particularly the production of mini-tissues,
draw heavily on developmental biology principles, as highlighted by (Mironov et al. , 2009). These
concepts include

1. Crucial Emphasis on Macro Tissue Creation: Signi�cant emphasis is placed on the
primary goal of creating larger tissue structures (macro tissues) from smaller counterparts
(mini tissues), emphasizing a deliberate avoidance of reliance on sca�olding.

2. Impact of Non-Essential Materials: The use of certain non-essential materials can a�ect
the e�ciency of manufacturing certain organs.

3. Sca�old-free organ fabrication: Organs can be manufactured without sca�olding using
alternative methods, such as a micro�uidic-based drip perfusion bioreactor that incorporates
porous materials.

4. Organ fabrication by self-assembly: Organs can also be produced by self-assembly
processes using spheroids as key components in the assembly (Mironov et al. , 2009).

2.1.3 3D Bio-printing

Bio-printing is based on the layer-by-layer deposition of biological agents or cellular aggregates,
using biomimetic approaches as a potential alternative to certain limitations associated with solid
sca�olds. The process involves the use of spherical droplets that are deposited inside a cartridge
in the bioprinter ( Imani et al., 2012). This method has several advantages, such as prolonging the
life of the cells and optimizing the use of densely packed cells within the bioink. However, it is
noteworthy that the inclusion of intricate structures in certain bioprinting scenarios adds a layer
of complexity to the overall process, as observed by (Jakab et al., 2006).

Currently, several experimental methods are being used to fabricate complex aggregates, including
techniques such as extrusion, lithography, laser-assisted printing, and others. These methods
typically involve the use of soft hydrogels as carriers for cells or drugs. In addition, various
polymers, including poly-caprolactone, polylactic acid, hyaluronic acid, polyethylene glycol, and
inorganic compounds such as calcium phosphate, along with organic compounds such as calcium
phosphate, are used in these advanced techniques (Shanjani et al., 2015).
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The process of structure formation through bioprinting unfolds in the following sequence:

1. preprocessing : Bioink Preparation

2. Processing : Involves the automated deposition of cell aggregates combined with a speci�c
extracellular matrix.

3. Post Processing : Involves the incubation of cell aggregates under speci�ed maturation
conditions.

A notable feature of the bioprinter is the requirement for bioink maturation prior to the bioprinting
process. This maturation process can be controlled by targeted mechanical stimuli facilitated
by dedicated bioreactors. Quanti�cation of both the bioink and the bioprinter poses a complex
challenge, often leading operators to adopt a trial-and-error approach to bioprinter operation, as
noted by (Shanjani et al., 2015).

Bioprinting faces several limitations, primarily due to the gelation state of hydrogels. Inhomo-
geneous gelation poses challenges, particularly in improving the accuracy of tissues that require
minimal layers. Another limitation is the construction of vascular channels within large aggregates
and the management of voids between printed spheroids (Jakab et al., 2010). While mechanical
extrusion is the predominant printing method, recent research is exploring alternative cell arrange-
ment techniques. The method of magnetic functionalization of the extracellular matrix, as outlined
by (Koudan et al., 2016), facilitates biofabrication through the innovative use of magnetic levita-
tion. Contemporary techniques highlight the need for improved integration with soft materials
(Shanjani et al., 2015). Bio-printed cell laminates show promise for repairing damaged skin. This
involves the preparation of aggregates with a diameter comparable to the desired graft thickness
(Jakab et al., 2010).

2.1.4 Bio-ink

The formation of cellular aggregates o�ers the advantage of achieving a physiologically accurate
arrangement of tissues through adhesive contacts with neighboring cells. To properly formulate a
bioink, it is critical to understand the interactions between cells and optimize the use of speci�c
hydrogels in conjunction with the cell type. Bioinks play a critical role in organ biofabrication due
to their speci�c rheological parameters. The success of the printing process depends on provid-
ing an optimal environment for the development, motility and metabolic activity of the cells, as
emphasized by (Levato et al., 2014).

The process of assembling cell aggregates from hydrogels presents several scienti�c challenges. One
challenge is the use of highly hydrophilic hydrogels, which constrain the aggregates to a spherical
shape, regardless of the native cell morphology. Another obstacle is the printing of large tissues,
which requires the encapsulation of a signi�cant number of cells, a task that is often di�cult
to achieve from a graft. Consequently, strategies must be employed to enhance the mechanical
and biochemical properties of biomaterial bioinks with cells to achieve optimal construction of
functional tissues (Levato et al., 2014). The e�ciency of tissue construction is intricately linked to
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the properties of the molten state of aggregates, especially in cases involving highly viscous liquids,
as elucidated by (Sha�ee et al., 2015). However, it is crucial to note that the use of bioinks may
not be universally applicable to all types of tissues.

Tissue reconstruction requires speci�c sca�olds tailored to the desired properties, as noted by
(Shanjani et al., 2015). For structural components such as bone, considerations include both struc-
tural and mechanical integrity. In softer environments, the use of speci�c soft hydrogels becomes
imperative to facilitate the di�usion of critical bioagents, including biochemical and metabolic sig-
nals. These hydrogels create an environment conducive for aggregates to perform essential cellular
functions such as adhesion, motility, growth and, when necessary, di�erentiation. This strategic
choice of sca�olds addresses the diverse needs of di�erent tissue types in the reconstruction process.

Therefore, it is critical that the sti�ness of rigid sca�olds be close to that of hard tissues such as
porous cancellous bone. Conversely, the key consideration for soft hydrogels is to achieve an elastic
modulus comparable to the mechanical properties of softer tissues such as cartilage, muscle, and
blood vessels, as emphasized by (Shanjani et al., 2015). This approach ensures a tailored match
between the mechanical properties of the sca�olds and the speci�c tissue types targeted for support
or replication in the context of tissue reconstruction.

To achieve a biomimetic environment resulting from the interaction between cell aggregates and
the extracellular matrix, it is essential to guide the cells in the optimal di�erentiation of the
extracellular matrix. Consequently, these environments must provide speci�c molecular, biological,
and physical factors that enhance the potential for tissue regeneration. While human mesenchymal
cells are adept at forming various tissues such as blood vessels, cartilage, and bone, they may not
naturally give rise to muscle, nerves, or hepatocytes. Recent research has focused on induced
pluripotent stem (iPS) cells derived from certain human tissues. These cells have the potential to
transform into embryonic-like cells and promote the regeneration of speci�c cardiac tissues. It is
worth noting that this technique may require genetic modi�cation of these cells in the future, as
discussed by (Jakab et al., 2010).

2.2 Tissue Engineering and Cell Aggregation Mechanisms

Cell aggregation mechanisms play a pivotal role in tissue engineering endeavors, in�uencing pro-
cesses such as tissue morphogenesis, development, and regeneration. This section delves into the
intricate interplay between tissue engineering principles and cell aggregation mechanisms, shedding
light on fundamental concepts such as cellular aggregates, di�erential adhesion hypotheses (DAH),
and the coalescence of cells as viscoelastic drops. Understanding these mechanisms is essential for
designing e�ective tissue engineering strategies and computational models that mimic the dynamic
behaviors of cells within multicellular environments.
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2.2.1 Cellular Aggregate

The e�cacy of 3D bioprinters depends on the living organisms used for tissue formation, which
requires the use of speci�c cell aggregates typically produced as spheroids. Unlike monocultures,
spheroids exhibit self-organization through cellular interactions, mimicking di�erentiation patterns
observed in the natural environment and facilitating cell-cell interactions with the extracellular
matrix ( Imani et al., 2012). Experimental evidence shows that with a su�ciently high level of
interaction between cells, the desired aggregates naturally form (Boland et al., 2003). In particu-
lar, certain cells can generate an extracellular matrix in addition to the one provided, promoting
self-assembly of the structure (Boland et al., 2003). For example, �broblasts, which do not nor-
mally adhere to each other, self-assemble through their extracellular matrix. Fibroblasts can be
genetically engineered to express molecules that facilitate their aggregation. This strategy involves
the expression of speci�c molecules to promote the agglomeration of a particular population of
neighboring cells or other cell types, thereby aiding their aggregation (Robu et al., 2012).

To understand the molecular basis of cell aggregation, it is recognized that when a population of
cells undergoes di�erentiation, they can exhibit polarization through speci�c adhesion molecules
and gene expressions localized to restricted regions of the cell membranes. Consequently, this
process leads to the minimization of conformational energy, driven by a cellular reorganization
force (Jakab et al., 2008a).

The ability of spheroids to undergo fusion is based on the principles of tissue �uidity, concep-
tualizing embryonic tissues as highly viscous �uids. In particular, spheroids adopt a rounded,
droplet-like shape when suspended or placed on non-adhesive surfaces. A critical consideration is
that cell aggregates must be su�ciently small to ensure the survival of the cells at the center of
the aggregate (Boland et al., 2003).

In the production of cellular aggregates, it is critical to consider physical properties such as mass
transfer and shear stress between cells. Mass transfer involves the di�usion of various substrates
and chemicals essential for cell metabolism. In addition, shear stresses play a role in promoting
interactions and adhesion between cells, thereby facilitating their self-assembly. The literature
highlights cases of necrosis in spheroids attributed to their growth (Decarli et al., 2021). The
reduction in aggregate size is associated with increased cell-cell interactions resulting in a compact
structure, while an increase in aggregate size may be associated with necrosis in speci�c areas of
the aggregate (Imani et al., 2012). The use of 3D cell aggregates requires careful consideration, as
these cultures exhibit distinct morphologies and signaling events dependent on the cells used, in
contrast to two-dimensional cultures (Imani et al., 2012).

The current paradigm for aggregate fusion revolves around the major industrial mammalian cell
line, analogous to Escherichia coli for bacteria and Saccharomyces cerevisiae for yeast. CHO cells
are preferred for several reasons, as outlined in (Omasa et al., 2010):

ˆ Certi�ed Good Manufacturing Practices (GMP) are available for CHO cells, with clearly
de�ned safety standards.

ˆ Serum-free industrial media tailored for CHO cells have been developed and are easily adapt-
able.
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ˆ Extensive research has been conducted on the production of CHO cell lines.

ˆ Well-established technology exists for the development of high-density cultures in dedicated
large-scale facilities, and scaling technology is well established.

In addition to their role in tissue formation, spheroids are being investigated for organ produc-
tion and drug testing using various cell cultures. Recent research, particularly in the context of
cell culture, focuses on the construction of vascular tissues using smooth tubes encasing agarose
cylinders to prevent lumen degradation (the inner space of a tubular structure such as an artery
or intestine) (Robu et al., 2019). Structures that resemble vascularized networks can be generated
in speci�c spheroids composed of cells of various origins, such as endothelial cells, �broblasts, and
mesenchymal stem cells. These spheroid structures have the potential to form branched vascular
segments ranging from small arteries to capillaries (Robu et al., 2019).

2.2.2 DAH (Di�erential Adhesion Hypothesis)

Spheroid fusion plays a key role in 3D bioprinting tissue formation, mirroring a process inherent
in embryonic development. Tissue fusion is a physical phenomenon driven by the surface tension
forces of cells, supported by the "di�erential adhesion hypothesis" proposed by Malcolm Steinberg
(Steinberg, 2007).

According to Steinberg, the formation of structures is caused by

ˆ Di�erential cell-cell adhesion: Di�erent levels of adhesion between di�erent cell types in
the model lead to the segregation of di�erent cell populations. This di�erential adhesion is
a key determinant in the organization of cellular structures.

ˆ Cell Motility: Cells exhibit dynamic motility to achieve spatial con�gurations in which
robust junctions can form. When di�erent cell types of di�erent cohesiveness interact, less
cohesive cells tend to segregate and occupy the central region surrounded by the more cohesive
population. This phenomenon is analogous to the behavior observed when two drops of
immiscible liquids interact.

Steinberg's model, which introduces tissue surface tension as a quantitative measure for classifying
cell aggregates (Steinberg, 2007), enriches our understanding of the forces orchestrating structure
formation. This concept, calculated as the ratio of cell adhesion to tension within the aggregate
(Flenner et al., 2012), serves as a central quantitative lens for analyzing the dynamics of cell
aggregates. At the same time, tissues are conceptualized as viscoelastic �uids in which tension
is measurable. vitro experiments have con�rmed the well-de�ned nature of the surface tension
between cells, allowing the characterization of cell aggregates (Robu et al., 2019). The interplay
of di�erential adhesion, cell motility, and tissue surface tension provides a holistic framework that
sheds light on the complexities of cellular organization in tissue engineering and developmental
biology.
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2.2.3 Coalescence of cells as viscoelastic drops

Authors such as (Dahiya et al., 2016) use a numerical model to study the coalescence of viscoelastic
droplets. Speci�cally, the researchers study the fusion of cell aggregates, highlighting the neck
radius and length as critical parameters for characterizing this coalescence phenomenon. The neck
radius refers to the diameter of the narrowest section where two cell aggregates merge. It serves
as an indicator of proximity to complete coalescence. An increased neck radius indicates a closer
approach to full coalescence. Length as the distance between the center of mass of each aggregate,
measuring how far each aggregate has moved since the start of coalescence. (Dahiya et al., 2016)
demonstrate that both the neck radius and the fusion length are valuable parameters for describing
the coalescence of viscoelastic droplets. Furthermore, they show that the coalescence process can
be stopped, which means that the neck radius can reach a maximum value and the fusion length
can stop its reduction. The neck radius and fusion length of cell aggregates can be used in a
number of ways to study the coalescence process. The use of both parameters can help to measure
the rate of coalescence, identify the factors that a�ect the coalescence process, develop new models
of coalescence, and control the coalescence process in applications such as micro�uidics and tissue
engineering.

(Dahiya et al., 2016) discusses the phenomenon of droplet coalescence, contrasting the formation
of anisotropic shapes that can become preferred as droplet size increases. Depending on the
properties of the substances present in the droplets, this process can lead to complete coalescence
or, alternatively, to arrested coalescence, producing a state of �occulated droplets connected by a
neck.

E tot = 
A (� ) + 3 =2 � G � � 2 � V (2-1)

Several models have been proposed to account for this coalescence phenomenon. These models
examine parameters such as surface energy and elastic resistance in droplet deformation, where
a balance between the contributions of each energy factor plays a critical role in determining
whether coalescence is complete or partial. Authors such as (Pawar et al., 2012) describe this
coalescence based on empirical measurements using geometric parameters. The equation2-1 is
used to calculate both the total fusion area and the total energy of the system. This energy is a
composite of interfacial and elastic energy. The cumulative e�ect is visualized in the �gure2-1.

2.3 Simulation of Biological Phenomena

While the use of cell aggregates for tissue engineering is an extensively studied avenue for organ
production, it is not without its challenges, particularly in terms of cost. The costs associated with
this process stem from the precise selection of cell types, optimization for cell type-speci�c factors,
large-scale spheroid production, and adherence to appropriate pressure conditions. To address
these challenges, several authors have turned to modeling techniques to predict the evolution of
the printing process, as evidenced by studies such as (Robu et al., 2019). Modeling provides a
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Figure 2-1 : Relation between the interfacial energy and the elastic energy depending of the doublet
strain between two coalescing droplets

valuable tool to anticipate and optimize the complex dynamics involved in the use of spheroids for
tissue engineering applications.

The increasing complexity in the use of cell aggregates for tissue engineering has underscored the
need for multi-focal computational models. These models are instrumental in understanding the
intricate phenomena that occur across di�erent temporal and spatial scales. Modeling of di�erent
cell types aims to elucidate the conditions that govern complex behaviors, ranging from home-
ostasis and the emergence of pathological states to drug modeling and testing within speci�c cell
types (Maspero et al., 2019). To facilitate simulations, biophysically valid models of cell-cell inter-
actions have been proposed. Studying the interactions of cells within heterogeneous environments,
particularly with respect to speci�c cell types, provides a more e�cient approach to studying
contemporary techniques (Maspero et al., 2019).

While simulations play a critical role in advancing research, ensuring accurate simulation of tissues
requires meticulous consideration of aggregate fusion data. This meticulousness is essential to
verify that the fusion process does not encounter problems such as failure in oxygen and nutrient
consumption (Robu et al., 2019).

2.4 Spheroid Fusion Simulation Models

Several authors have proposed computational models as a valuable tool for understanding fusion
processes. To develop a robust phenomenology and explore characteristic parameters, an e�cient
framework is essential. Computational models, which often fall into two main types, have been
used to gain insight into tissue dynamics:
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1. On Lattice : These models treat the simulation space as a discrete approximation, with cells
approximated to pixels. Their e�ectiveness depends on the grid used for the simulation. On
Lattice models typically use stochastic methods to evaluate the evolution of the system. They
are particularly valuable for identifying cells or chemical compounds present at simulation
boundaries. Two well-known models in this category are Cellular Automaton and Cellular
Potts. Cellular Potts, in particular, has been used extensively over the past two decades to
simulate mesenchymal tissues, with a focus on describing cell adhesion dynamics.

2. O� Lattice : These models assume a continuous distribution of cells in space. Various
physical approximations are used to interpret cell behavior, including the viscoelastic sphere
approximation, treating cells as highly viscous �uids at low Reynolds numbers, assuming
di�usive bodies based on Turing di�usion, and incorporating overlapping assumptions, among
others. Typically, these models make approximations of physical phenomena that closely
mimic the nature of cell aggregate fusion. For example, when using overlapping spheres,
Newton's 3rd law (action-reaction principle) is assumed to model the interactions between
cells within the aggregate.

An analysis of A.1.2.6 shows that both types of models have been used to simulate di�erent types
of cells with di�erent applications over the past decade. In particular, in the early part of the last
decade, discrete models, primarily Cellular Potts, were prevalent in the development of simulation
environments that relied on discretization of space. Examples include parallelized Cellular Potts
or ASMC3D, used to simulate tissues and tissue formation by haptotaxis or chemotaxis (Germann
et al., 2019).

In contrast, the second half of the last decade saw the emergence of more continuum models, ex-
empli�ed by models such as Vertex, which simulate cell membranes as irregular polygons. While
continuous models provide a more realistic approximation, they often require signi�cant compu-
tational resources. As a result, intermediate models such as superimposed spheres have been
proposed. These models simplify the computation by considering only the center of mass of each
cell and applying Newton's laws for their dynamics (Mathias et al., 2020).

In an e�ort to re�ne simulations, researchers, including ( Mathias et al., 2022), have created a
framework for evaluating di�erent cell interactions. Their work involves comparing di�erent in-
teractions to determine which ones provide more accurate approximations. To do this, they use
various numerical tools to solve the di�erential equations inherent in the system. A comprehen-
sive overview of models and frameworks, categorized as either discrete (on-lattice) or continuous
(o�-lattice), is provided in A.1.2.6.

2.4.1 Cellular Potts

The Cellular Potts Model (CPM), also known as the Glazier-Graner-Hogeweg model, is notable
for its versatility and widespread use in computational modeling. This model is used to simulate
the behavior of individual cells and tissues, capturing both their individual characteristics and
their collective interactions. Initially, researchers such as Graner and Glazier studied the sponta-
neous sorting of heterogeneous cell aggregates into distinct cellular patches. To understand this
phenomenon, they developed the CPM based on the "di�erential adhesion hypothesis.
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Graner and Glazier's model is rooted in the Potts model, which was originally used in physics to
simulate magnets. In the context of physics, this model emulates the interaction between di�erent
chemical compounds, each of which has a spin analogous to the spin of quantum particles, within
a crystal lattice ( Flenner et al., 2012).

The CPM model uses a matrix representation of space, where each pixel corresponds to a cell or
extracellular matrix in a multicellular system. In this representation, 0 represents the extracellular
matrix and positive integers represent di�erent cell types within the system. The interaction
between cells is described by the e�ective energy, assuming perfect damping and quasi-thermal
�uctuations. This approach allows the continuous evolution of the system while minimizing its
total energy. For scenarios involving haptotaxis and chemotaxis, the e�ective energy includes
chemical and growth potential energy terms. The simulation of a complete organ using this model
typically requires the approximation of about 105 cells with a comparable network size (Glazier
and Popp, 2007).

The general steps of the CPM implementation are as follows

ˆ Select a discrete pixel in the matrix space.

ˆ Select a neighbor of the selected pixel.

ˆ Calculate the change in the Hamiltonian between the two pixels.

ˆ Use the Metropolis algorithm to accept or reject the new pixel.

ˆ Repeat the process from the �rst step.

As discussed earlier, it is important to de�ne the Metropolis algorithm to evaluate the spin change.
A proposed spin change resulting from the Hamiltonian change is accepted with a probability
determined by the following equation: "Spin Change Probability Equation".

P(� H ) =

(
1 � H < = 0

e� � H=T � H > 0
(2-2)

Where T is the value de�ned as a parameter measuring the motility �uctuation of the system.

Experimental results con�rm the consistency of the approach with Steinberg's Di�erential Adhesion
Hypothesis (DAH), which states that cells actively seek to minimize the total free energy of adhesion
within a multicellular system. The morphogenetic mechanism proposed in this study, involving
the fusion of cellular spheroids, is thoroughly characterized by both experimental and theoretical
means (Robu et al., 2019).
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2.4.2 O� Lattice Models

While discrete models are commonly used to simulate the concentration of speci�c chemical com-
pounds in intracellular dynamics, "o�-lattice" models, or those without spatial discretization, pro-
vide a more realistic description of the arrangement of cells in aggregates. Notable o�-lattice models
include reaction-di�usion models, vertex models, subcellular element models, lattice Boltzmann,
phase �eld, and viscoelastic spheroids.

While these o�-lattice models provide a more realistic approximation, it is crucial to note that they
require signi�cant computational capacity ( Mathias et al., 2020). Building on this, it is essential
to de�ne generalizations of o�-lattice models (Nava-Sedeño et al., 2020), where

ˆ Each cell or particle is represented by a point in space moving at constant speed along a unit
vector (v 2 Rd).

ˆ The particle interacts only with its nearest neighbors (R(BR (X M )) ).

ˆ The interaction between the particles is modeled by a force (UM ), where the particle is
modeled by Newton's laws of motion.

Due to the computational challenges associated with high-capacity requirements, simpli�ed ver-
sions of o�-lattice models have been proposed. These simpli�ed models aim to strike a balance
between realism and computational e�ciency, allowing researchers to more easily explore cellular
behavior, tissue formation, and aggregation dynamics.

2.4.2.1 O� Lattice Models based on Mass Center

O�-lattice models, particularly Center-of-Mass-Based (CBM) models, focus on tracking the center
of mass of each particle and simulating mechanical interactions between cells. Unlike other models,
such as vertex models, which involve the calculation of interfacial stresses and cell pressures, CBM
strikes a balance between numerical e�ciency and the incorporation of continuum models of cell
mechanics in aggregation processes. This approach takes into account critical aspects such as
the temporal dynamics and biophysics of the system, providing a computationally e�cient yet
comprehensive framework for exploring cell interactions and tissue formation in various contexts
(Mathias et al., 2020).

For the o�-lattice model, several physical models have been proposed to describe cell interactions
that share similarities with lattice Boltzmann models such as the Johnson-Keller-Roberts model.
These models aim to capture the intricacies of cell dynamics and interactions within a simulated
environment, contributing to a more nuanced understanding of tissue formation and cellular be-
havior in complex systems. In particular, the Johnson-Keller-Roberts model provides a theoretical
framework to simulate and analyze cell dynamics in an o�-lattice context (Mathias et al., 2020).
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2.4.3 Spheroid Fusion and Fusion Time

Adhesion time emerges as a critical parameter in determining the optimal printing speed for suc-
cessive layers, a consideration highlighted by (Boland et al., 2003). Experimental insights into
the fusion of spheroids reveal a behavior similar to that of two merging viscoelastic �uid droplets.
This phenomenon requires the use of a hydrodynamic model to capture the intricacies of the fu-
sion process. However, the inherent simplicity of the melt geometry poses a challenge in describing
the melting process based solely on conservation of mass, especially in the context of two viscous
droplets, as discussed by (Flenner et al., 2012). This highlights the need for nuanced modeling
approaches to account for the dynamic interplay during spheroid fusion in tissue engineering ap-
plications.

Figure 2-2 : Two Spheroids Fusion: Circles with a neck-like connection, where the fusion angle is
denoted by � , and both circles share the same diameter (Oriola et al., 2022).

A convenient form of the description can be represented as follows:

(r=Ro)2 = ( sin� )2 = 1 � exp(� t=� ) (2-3)

where the radius shown in2-3 is shown in 2-2.

From this perspective, the fusion of di�erent cell aggregates from di�erent sources can be detected
by a characteristic time (� ). This allows the calibration of actual fusion events against the time
generated in the model. This modeling approach is e�ective in representing various scenarios in-
volving tissues and cellular spheroids. Through certain approximations of the constitutive equation
of the stress tensor, the resulting equation encapsulates the dynamics of fusion and contributes
to a more comprehensive understanding of the intricate processes involved in tissue engineering
(Boland et al., 2003).Through certain approximations of the constitutive equation of the stress
tensor, the following equation representing the dynamics of fusion is found:

_� =
2cot(� )

�

�
Ro

R(�

�
[f (� ) � �g (� )] (2-4)

Nevertheless, some authors, such as David Oriola (Oriola et al., 2022), have performed simulations
by modeling the change in angle between spheroids. This is done under the assumption that
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the spheroids behave as an incompressible Kelvin-Voigt material. The characterization of this
material includes parameters such as viscosity (� ), shear modulus (� ), and surface tension (
 ).
This approach provides a nuanced insight into the mechanical properties and behavior of cellular
aggregates, contributing to a broader understanding of their dynamics in simulated environments.

Where � = � � Ro=
 and � = � � Ro=
 is the dimensionless parameter characterizing the degree of
melting of the spheres.f (� ) and g(� ) are:

f (� ) =
4

1 + cos(� )
(2-5)

g(� ) =
2

cos(� ) � (1 + cos(� ))

�
2 � Ro � (1 + � 
 )
R� (1 + cos(� ))

� 1
�

(2-6)

In the case of� = 0 the melt dynamics equation reduces to the expression for the sintering of viscous
droplets. Assuming � as the bifurcation parameter, we �nd that � > � x = 1=� 
 with �nal values
of � = 0 (when no spheres are not fused). However, for� < � c, the system generates an unstable
state at � = 0 , causing the aggregates to melt (Oriola et al., 2022). For low coalescence regimes
and at an angle of (� max ), have a low correlation with � 
 (large changes in� 
 are accompanied by
small changes in� ). Based on the experiments in (Oriola et al., 2022), it is assumed for simplicity
that � 
 = 0 .

In the context of cell aggregates, various researchers such as (Oriola et al., 2022) and (Ongenae
et al., 2021) have used the parametersin 2� = ( rneck=R)2 as a mathematical transformation that
allows quantifying this fusion. In general, this function has been simpli�ed from the equation 2-7,
which is a modi�cation of the Pokluda model (Pokluda et al., 1997).

sin 2� = sin 2� eq � exp(1 � e� t=� ) (2-7)

The term sin 2� eq encapsulates the value reached during the equilibrium state when the aggregates
achieve fusion.

Typically, two spheroids of similar size are brought into contact to form a critical experimental
setup. This fusion process serves as a valuable experiment that provides insight into fundamen-
tal phenomena within biological processes through the lens of physics. The knowledge gained
from such experiments is particularly relevant for understanding embryonic development and is
of importance in the context of bioprinting mechanisms, where the coalescence of tissues plays a
central role (Beaune et al., 2022). Monitoring spheroid dynamics, especially protrusion dynamics
on animal cells during arrested coalescence, provides valuable observations that contribute to our
understanding of cellular behavior in complex biological and bioprinting scenarios.
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3 Modelling Framework

3.1 Centre Based Model

The Center-Based Model (CBM) conceptualizes animal cells as particles, with their center of mass
serving as a representative position for each cell. Interactions between cells are modeled using a
Langevin model that captures the dynamics of cells in close proximity. This approach provides
a framework for simulating the complex interactions and motions of cells, contributing to a com-
prehensive understanding of multicellular systems and their behavior in simulated environments
(Coulier, 2021).

Fi = mi •a = � 
 _x i + f (t) + Fext (x i ; t) (3-1)

The Langevin model, as represented by the equation3-1, is an ordinary di�erential equation that
includes a random term and an external force. In this equation,mi •a is the sum of a frictional
force, which describes the interaction between cells and their neighbors, and a random term, which
accounts for cell di�usion. The external force, denotedFext , includes all external forces acting on
each cell. External forces are typically categorized as follows (Köster et al., 2019):

ˆ Global Forces : These forces act arbitrarily on speci�c cells and are speci�ed as a random
function of each cell's state. Examples include forces inherent in the nature of cells, such as
vascular or muscular forces.

ˆ General Forces : These represent general interactions between cells and their environment,
including reactions or divisions.

Purcell demonstrated the prevalence of small Reynolds numbers in cellular motion. Analyzing the
motion of tiny cells, approximately on the scale of micrometers, immersed in an aqueous medium
with a kinematic viscosity of 10� 2; cm/s, Purcell found a calculated velocity of about 30; � m/s.
This means that these tiny cells require only0:6; � s to travel a given distance. Purcell's analysis
�rmly establishes the low Reynolds number characteristic of the system, where inertial forces
have minimal in�uence. In these low Reynolds number conditions, the momentum of each cell is
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determined solely by the prevailing forces, una�ected by past forces - a key insight of Purcell's
pioneering work (Purcell, 1977).

The force generated in equation3-1can be simpli�ed by considering the negligible Reynolds number
for animal cells, resulting in a low inertial force. Assuming a system with minimal inertia (mi •x i �
0), the equation can be simpli�ed to the Equation 3-2


 _x i = f (t) + Fext (x i ; t) (3-2)

In general, f (t)f (t) denotes the internal forces acting on the cell, andFext denotes the external
forces acting on the cell (Coulier, 2021). Typically, the drag coe�cient ( 
 ) serves as a scaling
parameter for the forces and is often set to
 = 1 for simplicity. In addition, external forces are
not considered in this context.

This means that the function can be written as the equation3-3.

_x i = f (t) + Fext (x i ; t) (3-3)

Under the assumption that the neighboring cells are the ones that exert the force that generates
the velocity of each cell, then we have the Equation3-4

_x i � _x j =
X

j

f (t) + Fext (x i ; t) (3-4)

3.2 Vicsek Model

While the center-of-mass model provides a general overview of the forces involved in cellular motion,
a more detailed understanding of the internal forces acting on cells is required.

Biological systems are inherently out-of-equilibrium systems with self-moving units that convert
energy - either stored or from external sources - into motion. Given the complex interactions
between cells, their neighbors, and the environment, a model capable of characterizing such systems
is essential (Qian et al., 2023). One such model used to represent particles exhibiting collective
motion is the Vicsek model. This model uses traditional particle attraction and repulsion behaviors,
along with additional concepts, to explain collective motion observed in phenomena such as �ocks
of birds or the motion of microorganisms (Martínez et al., 2018).

The Vicsek model, proposed by Tamás Vicsek in 1995, has attracted considerable interest from
physicists. The model assumes a constant velocity for its particles with respect to their neighbors
and the environment (Vicsek et al., 1995). By searching for the minimum energy within a group of
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particles, the simulated cell aggregates are assumed to aggregate due to a form of self-propulsion
induced by e�ective alignment mechanisms.

In more complex systems, additional parameters can be incorporated into the models to provide a
more speci�c representation of factors such as attraction and repulsion between particles, chemo-
taxis, solvents, and more (Chaté et al., 2008).

Assuming a cell with position r i (t)and a polarization angle de�ned by an angular velocity � i (t), its
time evolution is characterized by the following equations (Bertin et al. , 2006):

1. On each� t, every particle aligns with each neighbor (with a rmax on each cell) moves with
certain noise (Gaussian white noise), where:

� i (t + � t) = h� i jr i � r j j<r + � i (t) (3-5)

2. The cell moves without acceleration on any direction, where:

r i (t + � t) = r i (t) + v�

 
cos� i (t)
sin� i (t)

!

(3-6)

In the classical Vicsek model, motion is in�uenced by particle density, the amplitude of alignment
noise, and the relationship between distance and time. This model shows a transition from an
out-of-equilibrium system to a more organized system. Under conditions of high noise or low cell
density, cells tend to be disorganized. Conversely, under conditions of low noise or high density,
particles are more likely to align in the same direction, leading to collective motion (Grégoire and
Chaté, 2004).

In the Vicsek model, noise plays a crucial role, and it can have di�erent natures depending on
the context. Noise in the model is generally classi�ed as either extrinsic or intrinsic (Albert and
Barabási, 2002):

ˆ Extrinsic Noise : Generated by the environment, it occurs when a cell experiences uncer-
tainty in the inter-particle communication mechanism.

ˆ Intrinsic Noise : In this case, cells have a degree of freedom. Given the velocities of neigh-
boring cells, they decide to move in their own direction. It is called intrinsic because it
depends solely on the internal mechanisms of each cell.

3.2.1 Average Velocity

To characterize Vicsek models, the average velocity of each cell in the model is a key metric. This
velocity can be in�uenced by the velocities of neighboring cells or by the cell itself. The calculation
involves determining the sum of all velocities and dividing it by the number of cells.
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Mathematically, the average velocity ( � (t)) for each cell is given by the following expression (Qian
et al., 2023) on the Equation 3-7.

 � (t) =
1

N � vo
�

NX

n=1

vn (t) (3-7)

The stationary order of the system is represented with the next equation on th Equation3-8.

 (� ) = lim
t !1

h � (t)i = lim
T !1

1
T

Z T

0
 � (t)dt (3-8)

3.2.2 Active Brownian Spheres

The Active Brownian Particle (ABP) model is a self-propelled motion model that captures the
dynamics of particles in a dissipative environment. In this model, particles are represented by
their centers of mass, and their motion is in�uenced by a white noise function that acts as a
driving force and contributes to the di�usion of the particles ( Bechinger et al., 2016).

This representation allows the study of active motion in systems where both thermal �uctuations
and self-propulsion play an important role.

When the Active Brownian Particle (ABP) model is applied to particles with a low self-propulsion
velocity, it tends to favor particle clustering. This phenomenon is commonly referred to as motility-
induced phase separation (Bertin et al. , 2009). In such situations, the interplay between self-
propulsion and noise in the system can lead to the emergence of distinct phases or clusters of
particles. This behavior is a remarkable result of the ABP model under certain conditions.

Certainly, Brownian particle and active matter models provide a valuable approximation for un-
derstanding collective behavior. In recent years, there has been a shift towards adopting hybrid
models that combine traditional physical models with stochastic models, similar to a free energy
approach (Elgeti et al., 2015). This hybrid approach allows for a more comprehensive and nuanced
exploration of the complex dynamics observed in biological systems and other contexts where
collective behavior is a feature.

To elucidate the mechanisms governing certain active colloids, experiments were performed in which
each colloid was represented as a point particle with a constant velocity in a �xed direction. This
model includes a Gaussian function coupled with colloid-colloid interactions. The simulation of
the particles with this model shows random motion patterns that lead to the formation of clusters
or separations into individual phases, in�uenced by the applied driving potential and interactions
(Bertin et al. , 2009).

While these models are primarily used to study bacteria and fungi, their application extends to
adhesive models involving animal cells. Looking at the adhesives used by animal cells, it becomes
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clear that the polarization vectors tend to concentrate in high-density zones of these adhesives.
This concentration results in a complete dynamic arrest, increasing the forces exerted by cells on
neighboring cells and the tension generated toward the adhesive substrate. This simple mechanism,
driven by a motive force, demonstrates its e�cacy in simulating the behavior of animal cells (Elgeti
et al., 2015; Angelini et al., 2011).

Despite the dissimilarity in behavior between animal cells and microswimmers, there is a signi�cant
connection in certain aspects. This connection is particularly evident in the common phenomenon
of adhesion between animal cells and the substrate, which is consistent with analogous phenomena
observed in microswimmers (Elgeti et al., 2015).

3.2.3 Variants of Vicsek Model

Since the publication of (Vicsek et al., 1995), the physical model has found applications in various
�elds. Numerous researchers have extended its utility by incorporating additional parameters for
a more nuanced description, including factors such as attraction and repulsion forces, chemotaxis,
and others. This raises the question of the fundamental requirements for generating collective
motion through explicit physical interactions ( Shaebani et al., 2020). The various vicsek models
are typically categorized based on the collective rules that govern the generation of random motion,
as shown in Figure3-1:

ˆ Vicsek's original model ( Vicsek et al. , 1995) : This represents the cells as points, has
intrinsic noise (where the noise a�ects the orientation of the polarization) and j� r (t)j � R
where � r (t) is the distance between neighbors and R is the maximum radius of interaction
for the Vicsek model.

ˆ Vicsek model with large velocities ( Nagy et al. , 2007) : This is similar to the original,
but the velocities of each particle must be greater than the contact radius (j� r (t)j < R ).

ˆ Metric-free interactions ( Ginelli and Chaté , 2010) : The center cell has interactions
only with the n nearest neighbors similar to the kNN neighbors in supervised learning clas-
si�cation algorithms.

ˆ Alternative Noise Type ( Aldana et al. , 2009) : This model uses extrinsic noise, where
the noise function is perturbed for the individual orientation before averaging.

ˆ Bipolar Orientation ( Chaté et al. , 2008) : The random position of the polarization is
duplicated to the int opposite direction with probability 0.5.

ˆ Vicsek model on a lattice ( Peruani et al. , 2011) : In this type of Vicsek, the cells are
modeled on a lattice, assuming that each particle is a lattice cell.
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Figure 3-1 : Vicsek Model Variants: (a) Original with intrinsic noise, j� r (t)j � R (Vicsek et al.,
1995), (b) Large Velocities, j� r (t)j < R (Nagy et al., 2007), (c) Metric-Free Interactions ( Ginelli
and Chaté, 2010), (d) Alternative Noise Type ( Aldana et al., 2009), (e) Bipolar Alignment ( Chaté
et al., 2008), (f) Vicsek Model on a lattice grid ( Peruani et al., 2011).

Figure 3-2 : Center-Based Model Illustration with Attraction-Repulsion Dynamics from ( Mathias
et al., 2020)

3.3 General Function of Centre Based Model

The representation of animal cells in tissues, as illustrated in3-4, involves the consideration of
two forces that a�ect particle motion. Studies have shown that motility, embryogenesis, and other
phenomena observed in animal cells are driven by speci�c biochemical compounds within the
cells that contribute to the emergence of collective behaviors (Pourquié, 2003). A comprehensive
understanding of these phenomena is crucial for the advancement of developmental biology and the
formulation of accurate biophysical models capable of predicting such complex processes (Coulier,
2021). In particular, certain investigations highlight the importance of multi-scale interactions
and random e�ects in animal cells, which is a contemporary challenge in the �eld of computational
biology.

Nevertheless, several models of di�erent scales and complexity have been developed, taking into

22



Evaluation of cellular aggregate topologies from an O�-lattice model for tissue bioprinting

account speci�c variations, each with its own advantages and disadvantages. At the intracellular
level, simulating the behavior of genes, transcription factors, growth or adhesion factors involves
taking into account stochastic e�ects that play a crucial role in the dynamics within cells (Gillespie
et al., 2013).

Similarly, the rate of di�usion of certain molecules within the cell can in�uence the model chosen.
Depending on the speed of the molecules being simulated, it may be necessary to assume a con-
stant concentration or to use partial di�erential equations or stochastic models for the simulation
(Coulier, 2021). This complexity is illustrated in the �gure 3-2.

From the equation 3-4 it can be seen that there is a term that takes into account the external force
of each cell that interferes with the motion of the cell. Typically these forces can be:

ˆ Chemotaxis : It is a force in the cells generated by a certain chemical compound that
creates a movement by the gradient of that chemical compound (which can be glucose or the
movement away from a certain toxin).

ˆ Galvotaxis : A force in certain cells produced by a low-intensity electric �eld (mainly found
in certain invertebrates, �sh cells, or bovine corneal epithelial cells).

ˆ Interaction of cells with the medium : The implication is that the medium produces the
collective movement of the cells (either migration or coalescence).

Normally, chemotaxis and galvotaxis are discarded in the models because they are speci�c cases
of certain simulations. Although this can also be assumed for the interaction of cells with the
medium, certain clari�cations must be made.

The topological and dimensional di�erences between cells and molecules involved in cell motility
necessitate the exploration of new models capable of capturing these phenomena. Although the
above is not enough to justify ruling out cell-medium interaction, it can also be seen that there are
studies that have shown that the medium has less inference of movement in the cells when cells
have high motility ( Oswald et al., 2017). The above has been seen from the study of "wettability"
between cells and medium, where when cells have low cohesion, as is the case with blood cells, then
the medium has a high inference of di�usion of the cells with respect to the solvent in which they
move; but in the opposite case, when cells have high cohesion (as is the case with cell aggregates),
cohesive forces have a high inference of aggregation and tension with the medium loses importance
(Douezan and Brochard-Wyart, 2012). Nevertheless, the in�uence of the medium in the initiation
of cell aggregation should not be disregarded where cells behave as individual particles where
surface tension and viscosity have a high in�uence on the speed of cell aggregation (Adenis et al.,
2020)(. From the above it can be seen that the interaction of cells with the medium can become
negligible in cases where the interaction of cells with each other is cohesive (as in cell aggregates).
Nevertheless, in the future, the term cell-medium interaction may be used in exceptional cases
(such as a viscous medium).

With the above, the general equation3-4 can be represented as in equation3-9.

_x i � _x j =
X

j

f (t) (3-9)
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Where
P

j f (t) represents the internal forces present in each cell. Although the equation looks
simple, the internal forces can be further subdivided to represent the biophysical model well.

The internal forces of each cell can be represented as in Equation3-10.
X

j

f (t) = Far (t; j ) + Fcont (t; j ) (3-10)

Where Far (t; j ) represents the mechanical interaction that exists between the nearest neighbors of
each cell and determines part of the biophysical behavior of the system. WhileFcont (t; j ) represents
the protrusive or contractive force that generates the self-propulsion generating the active migration
of cells in an aggregate. The explanation of the forces present in3-10 follows.

3.4 Attraction-Repulsive Interactions

Figure 3-3 : Two Cells in Proximity with Mass Centers Representing the Distance Between Them

As mentioned before, this function represents the local potential of attraction and repulsion be-
tween cells, which only exists in cells with their respective neighbors. This force is responsible
for maintaining the volume and sti�ness of each cell depending on the rest of the cells where this
interaction can be modulated. In general, models that use elastic forces from an elastic potential
are used. To ensure that these forces are exerted only with the nearest neighbors (even in densely
packed tissues), certain soft functions are used.

In general, the attraction-repulsion force functions are calculated from the fact that two neighboring
cells with positions x i and x j have a distancedij = jx i � x j j and a unit vector nij = ( x j � x i )=dij .
From the above we get the following Equation3-11.

Far (t; j ) = Tar (dij ) � nij (3-11)

Where Tar (dij ) is the function representing the attraction-repulsion of each cell with its neighbors,
which is only a function of the distance between the cells. It is important to clarify that this

24



Evaluation of cellular aggregate topologies from an O�-lattice model for tissue bioprinting

function is a scalar value that generates the magnitude of the unit vector between two cells. Other
aspects to consider are as follows (Mathias et al., 2020):

ˆ The cells are in equilibrium, which means that there are no forces in the distance between
the cells.

ˆ The cells have a minimum compression pushing each other, the above is modeled by a mini-
mum radius of interaction based on a minimum overlap whereTar (dij ) < 0 if dij < r min .

ˆ The cells exert an attractive force at intermediate distances due to the elastic e�ect, or where
Tar (dij ) > 0 when rmin < d ij < r max .

ˆ There exists armax where there is no interaction between cells at larger distances, or where
Tar (dij ) = 0 when dij > r max .

In recent years, various interactions representing the forces of attraction and repulsion have been
parameterized di�erently using the above parameters. Generally the model. The most common
models are shown below.

3.4.1 Force Functions and their Mathematical Form

To simulate the aggregates, the model shown above is used with an attraction-repulsion function
proposed by (Delile et al., 2017), which was previously used to simulate sea urchin animal cells and
zebra�sh ovaries to simulate their respective morphogenetic processes. Knowing thatr = j ~xj � ~xi j,
the force is represented as shown below.

3.4.1.1 Cubic Function

This model was developed by (Delile et al., 2017). This model assumes a relationship between the
cells as if they were a cubic force for the attractive case and a linear spring force for the repulsive
case. This model was used in theMecaGen framework. The interaction is as in the equation 3-12.

Tcubic(dij ) =

8
>>>>>>><

>>>>>>>:

� � (r � rmax )2 � (r � rmin )

if d ij � rmax

0

if r max < d ij

(3-12)

In this function, the only free parameter is � , which represents the sti�ness of the attraction-
repulsion between the cells. Generating that the adjusted values of� change the sti�ness of the
interaction between the cells as well as the adhesive interaction of the same.
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3.4.1.2 Generalized Lineal Spring Model

This model was developed by (Cooper et al., 2020). This model assumes that the force between
cells is a sum of polynomials to represent attraction-repulsion. The model has been used in the
software called "Chaste" for the study of certain tumors. The interactions are represented as in
the Equation 3-13.

TGLS (dij ) =

8
>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>:

� � log(1 + ( r � s))

if d ij � rmin

� � (r � s)) � exp(� � (r � s))

if r min � dij � rmam

0

if r max < d ij

(3-13)

Unlike the cubic function, where the function always tends to 0 at r = rmax , GLS truncates at
the same value, even if it is not 0 in this case. In this case, we have two free parameters (mu and
alpha) that control the range of the exponential part of the function. For this case, � also controls
the repulsive and attractive e�ect of the cells. The alpha parameter creates a discontinuity atrmax ,
which has an e�ect on the function. The value of alpha can be dependent onmu to ensure that
the magnitude of the force meets the requirements of the model and that the force is close to zero
at rmax . Typically, the following expression is used, assuming thatTGLS (dij ) � 10� 3 (Mathias
et al., 2020) as in Equation 3-14.

� =
� 1

rmax � rmin
log

 
10� 3

� (rmax � rmin )

!

(3-14)

3.5 Protrusive Force

Although the forces of attraction and repulsion are part of the biophysics of the system, there is
an additional term in ??.

Since the beginning of the20th century, molecular machines have been proposed to explain the
motion of cell membranes. The Brownian ratchet is an apparent perpetual motion machine that
converts thermal energy into mechanical energy, proposed by Marian Smoluchowski and popular-
ized by Richard Feynman. This molecular machine has been used to explain Brownian ratchets
called protein motors (such as myosin, kinesin, or dynein). These machines are usually associated
with actiomyokines, which are often argued to be responsible for the protrusion of cells from a
given mechanical force (Peskin et al., 1993).
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These �laments behave as a linear cell-to-cell polymer that is generated from the ATP in each
cell, which supports cell growth and maintenance. Although much of this energy is used for the
actiomysins, a small amount is used for the protrusive force that deforms the membrane in the
direction of the actiomysins. These actiomysins drive the cells into this orientation where this
network of actiomysins remains �xed. Unlike other substances where the solvent is important for
the motility of the particles, in the case of cells the main solvent force is found in the protrusion
force between the plasma membranes (Theriot , 2000). The transfer of actiomysins generates an
"intrinsic" force in the cell cortex together with an "extrinsic" force such as the force exerted on
neighboring cells.

Figure 3-4 : Cell Protrusion Scheme (Delile et al., 2017)

More graphically, as shown in3-4, cells bind to their nearest neighbors through bridges of certain
molecules (yellow lines). These molecules deform the internal network of actomyosins (shown in
red), generating a polarization vector due to an internal gradient of a certain chemical indicator
(gray gradient). At the polar poles, molecules responsible for generating a protrusive force (usually
catenins) push the nearest cells, forming additional junctions (shown in blue). Without the pro-
duction of these polymers, cell protrusion would not be possible, and the cell would lack traction
with its respective neighbors. These temporary junctions disappear when the cells stop pushing
(Delile et al., 2017).

In recent years, several models have been proposed to simulate these contractile e�ects. As shown
in 3-5, the polarization vector (red arrow) is generated by the di�usion of extracellular binding
molecules (blue gradient). The red arrow may also represent mechanotransduction mechanisms
between cells, although these mechanisms are not considered in the model. Depending on the case,
this pole can produce a protrusive e�ect in one direction (monopolar) or an e�ect in both the
vector direction and the reverse direction simultaneously (bipolar) (Delile et al., 2017).
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Figure 3-5 : Visualizing Polarization: A White Circle Infused with Blue Molecule Adhesion, Accen-
tuated by a Red Arrow Representing the Polarization Vector

3.5.1 Genetic Networks

In general, the regulation of biological processes within the cell can be elucidated through genetic
networks, which are based on the molecular interactions between genes and their signaling mech-
anisms (Peter and Davidson, 2009). The foundation of genetic networks is established by DNA
sequences, known as cis-regulators, to which transcripts bind, leading to the formation of complex
molecules such as RNA polymerase to initiate transcription (Karlebach and Shamir, 2008). Re-
cently, computational models based on binary functions have been developed, using di�erential
equations to represent these binary functions derived from DNA transcription promoters (Bintu
et al., 2005).

Morphogenesis has a direct relationship with cell biology, where cell-generated transcription pro-
moters control the kinetics of production for modulating the cytoskeleton and adhesion molecules
of cells (Davidson and Levine, 2008). This relationship can extend to modeling local cellular rear-
rangements as cells modify their environment through ligands or other mechanisms (Delile et al.,
2017).

However, the modeling of genetic networks has some complexity that requires knowledge of the
structure and parts of the DNA to be expressed. In the recently formulated approaches, the
variation of the concentration of internal cellular proteins along with their extracellular ligands is
used from the use of kinetics based on reaction-di�usion equations. In the case of the use of genetic
networks, the following metabolic activities of the cells are used (Delile et al., 2017):

1. Intracellular : Di�erential equations are used to describe the transcription of speci�c genetic
networks as a function of the internal concentration of transduction proteins, the level of
expressed genes, extracellular ligands, and membrane receptors, where they are represented
as Boolean functions of di�erent concentrations of gene expression regulators.

2. Extracellular : Regulated by the di�usion of adhesive molecules that bind the cells from
di�erential equations and vectors of �ux of these ligands.

3. Protein Secretion : Regulates the concentration of adhesion proteins in the cell membrane.

By solving the system of equations explained above, zones of high concentration of adhesion pro-
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Figure 3-6 : Genetic Network to generate the polarization vector. Where the green arrow is the
polarization vector

teins (as shown in3-5) are generated, generating polar or bipolar zones of polarization.

Although this model represents the protrusion of the cells very accurately, it is necessary to know
the structuring of the tissues, which depends on the speci�c activation level of the genetic networks.
Therefore, models based on stochastic approaches, where the concentration of cell adhesion proteins
is assumed to be random, have been generated to simulate these systems. Some of the contractile
force models are presented below.

3.5.2 Yalla

Germann et al. (2019) formulated a polarization vector that is created and destroyed in a repetitive
manner over time generating polarization vectors in a random manner that allows the contractility
of the system to occur. For the general case of animal cells the following potential is introduced
on the Equation 3-15.

UP ol =
X

<i;j>

(pi � pj )2

2
(3-15)

Where the potential of each cell is the sum of the interaction of all the potentials of their respective
neighbors. This potential is minimum when the polarization vector of all cells is the same.

Knowing that the polarization vector has a magnitude of 1, then:

px = sin� cos'

py = sin� sin'

pz = cos�

(3-16)
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where pi � pj = sin� i sin� j cos(� i � � j ) + cos� i cos� j

taking into consideration that Fcont (t; j ) = �r UP ol , then:

Fcont (t; i; j ) = �
X

j

r

 
(p̂i � p̂j )2

2

!

(3-17)

Developing the equation3-17, for a pair of cells we have that in Equation 3-18

Fcont (t; i; j ) = �r

 
( bpi � bpj )2

2

!

= � ( bpi � bpj ) r ( bpi � bpj )

= � ( bpi � bpj ) ( r pj bpi + r pi bpj )

(3-18)

An interesting feature of this model is that it accepts all polarization vectors for the calculation
of the contractile force, as long as the pair of vectors comes from a cell with its nearest neighbor.
Another feature to consider is that this contractile force takes into account the scalar product of
the polarization vectors as the temporal change of each of them. One of the drawbacks of this
model is that it assumes that the polarization contractile force has a dependence on its nearest cells,
assuming that the genetic regulation is a cell depends on the genetic regulation of its neighbors in
a random way without any demonstration of this.

3.5.3 MecaGen

Delile et al. (2017) says that cell protrusion is formed by the formation and rupture of local
adhesion points between neighboring cells. This junction forms temporary adhesion points that
generate a force between adjacent membranes and where there is this junction of actomyoctins
and catenins is analogous to the transfer of two adjacent disks using small spheres as support.
This transfer of catenins creates an "intrinsic" force in the actomyosins that generates a cellular
contractile movement in certain zones of the membrane.

For the model of Delile et al. (2017) following the cell center of mass model, the following interpre-
tation is made:

Between the nearest neighbors of the cells, according to the model, the protrusion is generated in
the neighbors that make contact between them and so that the polarization vector would be close
to this contact. This contact can be at the "positive" or "negative" pole, where

Neighbor+
i = [ j 2 Neighbori : nij � pi � cos(� ij (max ) )] (3-19)
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Neighbor�
i = [ j 2 Neighbori : nij � pi � � cos(� ij (max ) )] (3-20)

Figure 3-7 : Types of vector polarization. a) Mono-polarization b) bi-polarization

Depending on how it is viewed, it can be "monopolar", considering only one of the two neighbors,
or "bipolar", considering both neighbors. The main assumption of this model is to simulate the
contact pro�le between cells within the range of the polarization vector.

Figure 3-8 : Visualizing Protrusive Forces in Mecagen: A Graphic Representation of Cellular Me-
chanics

For Delile et al. (2017), this protrusive force is a linear combination between the polarization vector
and its perpendicular vector relative to nij (as can be seen in3-8), where:

F prot
ij = Tprot � (cos(� tuned ) � pi + sin (� tuned ) � p?

i ) (3-21)

F prot
ij = Tprot � PP rot (3-22)

where pperp
i =

nij � (nij � pi )pi

jjnij � (nij � pi )pi jj
(3-23)
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The Mecagen equation uses a� tuned which aligns the contact area and the unit vector representing
the direction of the protrusive force. One also hasTprot which represents the magnitude of the
protrusive force vector. Delile et al. (2017) says that the value of � tuned can be calculated as a
function of the angular position with respect to the neighbors, but does not think it is necessary
(assuming a value ofatan(4=3) � 53o (which, according to Delile et al. (2017)'s experiments, an
angle of45o does not show a representative change in the calculation).

Although for Mecagen it is necessary to compute the genetic networks to �nd the polarization
vectors. Delile et al. (2017) also proposes a mechanism called "blebbing", where the polarization
vector is assumed to have a dependence on previous states of this vector based on normal vectors
and combined with the previous vector using a memory coe�cient (! ), where:

���!pi t +� t ! ! �! pi t + ���!pi t +� t (3-24)

In other models based onDelile et al. (2017), such asOngenae et al.(2021), a model is used where
the direction of change of the polarization vector is chosen using a Gaussian white noise (� (t)) to
generate a random walk, where:

� � (t) =
p

2D r � t � (t) (3-25)

3.5.4 Oriola (Contractile)

Oriola et al. (2022) says that the self-propelled force on each cell is represented as a random unit
vector between all distance vectors on the nearest neighbors that exert a constant force.

F a
ij = � Ta �

r ij

jr ij j
(3-26)

where Ta must be a positive value.

In a di�erent way than ( Delile et al., 2017), the acceptance and rejection rates are associated with
a duty ratio � = � on=(� of f + � on), where� of f and � on are when the contractile force is accepted and
rejected. This model is similar to a shot noise process that produces self-propelled particles. This
is supported by the fact that the contractile force generates dipole forces in a stochastic manner,
which generate the �uidization of the aggregate.

To generate the random polarization selection of neighbors is necessary to de�ne the criteria to
choose acceptance and rejection of the contractile force. At any time, the force could be "on" or
"o�" using Pon = log(2� t=� on) and Pof f = log(2� t=� of f ) respectively.
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3.6 Neighbor Algorithms

In the �eld of cellular simulations, the accurate computation of nearest neighbors plays a crucial
role in phenomena such as attraction-repulsion interactions and contractile models that govern
cell �uidization. The k-th nearest neighbors (kNN) algorithm has proven to be a valuable tool
for this purpose. This algorithm, widely used in classi�cation models, excels at predicting the
similarity between data sets using a speci�c metric, often rooted in Euclidean distances between
points (Smith, 2013). While its primary application lies in regression and classi�cation tasks, the
kNN algorithm is also proving to be instrumental in the �eld of molecular dynamics and particle
motion simulations.

To achieve this classi�cation, labels are assigned to certain objects to be classi�ed by �nding
the closest objects to each of the objects in the computed system (Smith, 2013). This model uses
distance vectors between particles in a multidimensional space, assuming each object in the system
as x i where x i 2 X and its attributes as dij (Hastie et al., 2009).

The Cartesian space (X ) is divided based on certain localization parameters. For each point (x i )
identi�ed in the Cartesian space, a vector of attributes dij is assigned, where:

di = ( di 1; di 2; di 3; :::; dik ) 2 dij (3-27)

which represents the k-nearest neighbors of each particle. Normally we use Euclidean distances
for the distance calculation, as in the equation 3-28, but in general we can use the square of
the Euclidean distance 3-29 to simplify the algorithm, assuming that the nearest neighbors are
calculated without having to know the real distance for the calculation.

dij =

vu
u
t

PX

p=1

(x i p � x j p )2 : P 2 Z+ (3-28)

dij =
PX

p=1

(x i p � x j p )2 : P 2 Z+ (3-29)

At the beginning of the algorithm, the distance vectors di of each particle x i are computed and
stored. After the distances have been computed, a phase of classi�cation of the initialized distances
in the feature space is required (Cover and Hart, 1952). With the calculated distances, the kth

neighbors are calculated. Depending on the method used, Manhattan, Minkowski, or Hamming
metrics can be used. However, the use of3-29 is generally recommended. The assignment of the
k-value depends on the model to be simulated. Low values may result in very small variances
but with high biases. In general, it is recommended to choose odd values to avoid ties in the
classi�cation of neighbors (Hastie et al., 2009).
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Figure 3-9 : Hexagonal Sphere Packing: A Visual Representation of Spheres Arranged in a Hexagonal
Close-Packed Structure

In order to compute the nearest neighbors of particles, a fundamental assumption is made about
the cellular structure, treating cells as spheres. This choice is consistent with the principles of
sphere packing, a branch of geometry concerned with optimizing the arrangement of spheres for
accurate nearest neighbor computation. Sphere packing aims for a dense packing arrangement,
and historical work by Gauss established that the most e�cient distribution involves a hexagonal
packing pattern, as shown in Figure3-9, which achieves a void fraction of aboutpi=(3

p
2) � 0:74

(Conway and A., 1999). In the context of the densest packing, the maximum number of spheres
within a given con�guration is 12.

3.6.1 Gabriel Graph

While the k-nearest neighbors (kNN) method uses a sorting mechanism to identify the nearest
neighbor particles, additional considerations are necessary in cell simulations. Speci�cally, to
address concerns about overlapping position vectors (dij ) in scenarios where cell interactions are
limited to short distances, Gabriel's graph has proven to be a valuable approach. Originating in the
work of Gabriel and Sokal in 1969, this proximity graph was originally designed to analyze groups of
geographic coordinates. Over time, it has found diverse applications, including wireless networking
and network management (Kanj et al. , 2008). The Gabriel graph functions as a subgraph of the
Delaunay graph, a structure commonly used for k-nearest neighbor graphs and for �nding optimal
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solutions in energy minimization problems (Maignan and Gruau, 2011).

The original Gabriel graph (G = ( V; E)) was formulated with Euclidean distances, considering the
points as generators, which have the function of taking the points as vertices (V ) and connecting
them by edges, which are considered as close, assuming that a group of points (P) in a Euclidean
space of arbitrary dimension (Rn ) has a group of edges (V = E ij ), being the distance between
two points (dij ). For the edges to be considered in Gabriel's graph, it is required that the edge
[x; y] 2 Ex;y only if a sphere is generated with that edge, and that there is no point P inside that
sphere, as can be seen in the �gure3-10. One of the characteristics of this graph is that it behaves
as an undirected graph, where the direction of the edge has no e�ect on Gabriel's computation.

Figure 3-10 : Underlying Assumptions in Gabriel Graphs: 1) Acceptance of [c] Points, 2) Rejection
of [c] Point.

Gabriel's graph di�ers from other edge computation methods in that it incorporates the neighbor
rejection area, a special feature that improves accuracy in certain scenarios. As illustrated in3-11,
two primary cases are typically used for this calculation. The �rst case is widely favored in par-
ticle simulations because it e�ectively accounts for the proximity of neighbors without neglecting
adjacent particles that may overlap slightly. In contrast, the second case tends to exclude certain
neighboring particles that may not actually overlap, potentially resulting in a less accurate repre-
sentation of the spatial relationships between particles. This careful consideration of the neighbor
rejection range contributes to the algorithm's e�ectiveness in capturing nuanced interactions within
a system of particles.

Figure 3-11 : Exploring Acceptance Areas in Gabriel Graphs: 1) Midpoint Approach, 2) Arc Distance
Method

The distance metrics and unique properties of Gabriel's graph lend themselves to e�cient computa-
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tion of shortest paths between particles, making it particularly valuable in the context of Euclidean
relative neighborhood graphs (RNG). The RNG, which is well suited for simulation purposes, has
a commendable execution time ofO(N 2) for a pair of particles. Simultaneously computing the
other nodes in a system has a time complexity ofO(N 3). However, using a pre-computed distance
matrix can signi�cantly reduce this time to O(N � log(N )) , which is a practical optimization strat-
egy. Notable algorithms, such as those outlined in (Melchert, 2013), further improve e�ciency by
listing the computed nodes, contributing to the overall e�ectiveness of the algorithm in capturing
the complex interactions within particle systems.

3.7 Considerations on Modi�ed Vicsek Model Used

3.7.1 Protrusive Forces

As explained in section3.5, authors such as (Delile et al., 2017), Oriola et al. (2022), (Germann
et al., 2019) have generated di�erent types of approaches to modeling the contractile forces of cells.
It can be seen that the model formulated by (Delile et al., 2017) and (Oriola et al., 2022) have some
similarity and can be simulated with a common model. To reach the above, the more complex
model (Delile et al., 2017) must be considered, where it uses the polarization vectors found at
random in terms of their dot product with respect to the distance vector between the cells. In
the dimensions proposed byDelile et al. (2017) and (Ongenae et al., 2021) and illustrated in 3-8,
it is assumed that this polarization vector must have an angle between the distance vector and
this pi � d̂ij � cos( min ) = 0 :15 where  min about0:988. From this it can be seen that the normal
vector of the applied force actually behaves as a vector that rotates randomly around the distance
normal vector (d̂ij ) of the cell being analyzed, generating a vector that approximately satis�es the
Rodriguez formula of rotation, as can be seen in the �gure3-12.

Figure 3-12 : Representation of the rotation vector in Rodriguez rotation of the polarization vector.

The Rodriguez rotation can be represented with the rotation vector (Pi ), where:

36



Evaluation of cellular aggregate topologies from an O�-lattice model for tissue bioprinting

vrot = v cos(� ) + ( k � v) sin (� ) + k(k � v)(1 � cos(� )) (3-30)

where k = d̂ij , v = d̂ij jrot and � is the random angle for generate the random polarization vector.

Figure 3-13 : Representation of the swimming vector in the rotation Rodriguez of the polarization
vector.

The calculation of the rotated vector is performed from the rotation matrix at some rotation axis
(M r ) where d̂ij jrot = M r � d̂ij . From the above it can be seen that it requires the computation of
scalar and vector products which are computationally ine�cient. But it can be seen that the dot
product between the distance vector and its rotation tends to be equal toPi � d̂ij as the cosine of
the angle between the vectors. For the case of the protrusion vector one has to take into account
a �uctuation angle [  m ] (which for ( Delile et al., 2017) is  min ) as can be seen in3-13.

For this consideration it can be seen that for values of tun close to zero it can be seen that the
protrusion is parallel to the distance vector, as happens in (Oriola et al., 2022). and in general
when assuming values of tun � 45o and values of m � 0, which behaves similarly to the models
used in (Ongenae et al., 2021). (Delile et al., 2017).

In general, f(t) represents the internal forces on the cell andFext represents the external forces
on the cell (Coulier, 2021). In general, the drag coe�cient ( 
 ) acts as a scaling parameter for
the forces. This allows you to set
 = 1 . In this case, the external forces are also not taken into
account.

From the equations3-3, 3-2 it is assumed that the model used behaves like a modi�ed Vicsek model
assuming that the viscoelastic e�ect present in the attraction and repulsion of the cells is added
together with a polarization vector ( Pi ) which is accepted if �  sw < cos� 1(Pi � d̂ij ) �  rot <  sw .
Then when this the vector satis�es the interval then the equation is summarized to:

_x i � _x j =
NeighborX

j

�
Tar (dij ) � d̂ij + Tprot � Pi

�
(3-31)
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where �  m < cos� 1(Pi � d̂ij ) �  t <  m . It can be seen thatTar represents the attraction-repulsion
force, dij is the distance between the centers of mass of each cell,Tprot represents the magnitude
of the contractile force, and Pi is the polarization vector representing the zone where the binding
molecules for the protrusive forces are generated.

3.7.2 Nearest Neighbors

To calculate the acceptance or rejection of the point, a distance is calculated (as can be seen in
3-11) that depends on the center of the analyzed points to the mesh (Pij = ( Pi + Pj )=2) and the
point submitted to the algorithm to analyze if the neighbors (i|j) are accepted. For this distance
between the center (Pij ) and the analyzed point (Pk ), the analyzed point is accepted if it is greater
than the distance between a point (i or j) and its center.

Figure 3-14 : Gabriel Graph Distance: Illustrating the Geometric Measure Between Two Points in
Cellular Aggregates

The equation representing this distance is as follows:

dij jk =

vu
u
t

3X

m

�
Pim + Pjm

2
� Pkm

�
(3-32)

Although, as mentioned above, this distance can be assumed without the root, where the distance
ratio between the particles is maintained.

It can be seen that, in general, for the calculation of cells we use one of the force functions present in
3.4.1, we take a maximum distance (rmax ) where there is no interaction between the cells. Then, for
the neighbor computation, it is assumed that a cell with a distance greater thanrmax is discarded
edges, reducing the subsequent steps of the nearest neighbor computation. This is done by using
an adjacency matrix, where matrix values with large distances are discarded. This bene�ts the
algorithm by searching for fewer Gabriel distances and reducing unnecessary computations.
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3.7.3 Polarization Vector

The computational model used captures the movement of cellular polarization through the evo-
lution of a polarization vector ( Pi ) for each simulated cell (i). This vector encodes both the
direction and the degree of orientation with respect to a given axis (e.g., migration path, external
signal). Its initial orientation is randomly chosen to re�ect the stochastic nature of the cellular
microenvironment.

As the simulation progresses, each vector undergoes a dynamic choreography in�uenced by two
key drivers:

1. Random Rotational Di�usion (rand_to_angle): This mimics the inherent noise and
Brownian motion present in cellular environments. The di�usion coe�cient (D) and time
step (dt) determine the magnitude and time scale of this stochastic "wobble", re�ecting the
variability of cellular responses to external cues. Using the equation3-33 The equation you
provide encapsulates the dynamics of the di�usion process for the polarization vector in a
concise mathematical form. The �rst component

p
2D r � t � (t) represents the di�usion of

the polarization angle � . Here, � (t) is a random variable sampled from a normal distribution
with a mean of 0 and a standard deviation of 1. The term

p
2D r � t � (t) serves as a

scaling factor that determines the magnitude of the di�usion. This component captures the
inherent randomness or Brownian motion associated with the reorientation of the polarization
vector in the azimuthal plane. The second component,U(�t ), represents the di�usion of the
polarization angle � . In this case, U(� t) is a random variable sampled from a uniform
distribution over the interval [0, � ]. This component introduces variability in the polar angle
� , providing a more uniform distribution of possible values. The uniform distribution is often
used to model di�usion processes that lack directional bias.

�( �; � ) = (
p

2D r � t � (t); U(� t)) (3-33)

2. This mathematical framework serves as a powerful tool for researchers to explore and capture
the intricate coordination of cellular motions and interactions that shape tissue dynamics.
It enables in-depth exploration of biological processes and provides valuable insights at the
interface of stochastic and collective behavior.

3. Alignment (Rotation): Cells often exhibit coordinated behavior in response to environ-
mental gradients or intercellular interactions. This is modeled by rotating the vector around
a prede�ned axis based on the previous orientation of the cell and speci�c interaction param-
eters.

For the random calculation of the polarization vectors, a uniform distribution of vectors in each
time step (dt) is used, without any dependence on the previous vector (this vector is created and
destroyed in the same time step), where

px =
q

1 � p2
z cos�

py =
q

1 � p2
z sin�

pz = pz

(3-34)
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Where it is not necessary to know the exact angles of the vectors because there is no dependence
on the previous vectors.

3.7.4 Rotation and Swing Vector

As can be seen in equation3-31, there is a geometric constraint that restricts the acceptance or
rejection of the generation of a contractile force depending on a polarization vector, as can be seen
in �gure 3-15. Some authors have proposed di�erent approaches to represent these polarization
vector acceptance constraints. The di�erent approaches can be seen in �gure3-16. In our modeling
approach, we draw inspiration from the work of various authors such as OriolaOriola et al. (2022),
Delile Delile et al. (2017), and Germann Germann et al. (2019) in Yalla. However, it is important
to note that while our methodology shares similarities with these authors, we do not replicate their
models with exact precision. Instead, we adjust and approximate certain parameters to suit our
speci�c simulation context. In particular, the rotation angle ( ' rot ) and the "swimming" angle (' sw)
are chosen as approximations based on the underlying principles proposed by these authors. The
speci�c values for these angles are determined by careful consideration of the geometric conditions
and constraints imposed by each model. These adaptations ensure the compatibility of our model
with the overarching framework, while allowing for necessary adjustments to meet the speci�c
requirements of our simulation. The following sections describe these adjustments and the rationale
behind our parameter choices.

Figure 3-15 : Graphic Representation of Polarization Angle for Contractile Force

In the case ofOriola et al. (2022), the contractile force between cells must always be parallel to the
distance vector between two cells. In this scenario, we can assume that the rotation vector is zero
(' rot = 0 ) with a very small angular deviation ( ' sw � 0), which should be close to zero to avoid
rejecting polarization vectors and to avoid excluding a signi�cant number of polarization vectors.
In the case of Oriola, the contractile force is denoted as� Fp � d̂ij .

In the case of Mecagen, the angle' rot is de�ned by Delile et al. (2017) as a tuning angle with
respect to the distance vectord̂ij . The angle' sw is approximated to be close to zero, assuming that
the polarization vector behaves similarly to a Rodriguez vector that rotates around the point d̂ij
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Table 3-1 : Angles used for the di�erent approach used for the simulations

Approach Rot Angle ( ' rot ) Swi Angle ( ' sw) Ref
Yalla �= 12 �= 12 (Delile et al., 2017)

MecaGen �= 12 �= 24 (Germann et al., 2019)
Oriola �= 24 �= 24 (Oriola et al., 2022)

with minimal rotation, as seen in 3-15. To compute this polarization vector, we use an orthogonal
vector to the distance vector. It is assumed that the distance vector between two cells can be
expressed as a linear combination of the polarization vector and its respective orthogonal vector.
The tuning angle is the angle of the resulting force from this linear combination between the
polarization vector and its respective orthogonal vector.

In the case of (Germann et al., 2019) in Yalla, the potential for the contractile force between two
mesenchymal cells is assumed to be a dot product between the polarization vectors found at any
position within the geometric boundaries between the two cells (whereUP ol = �

P
(i;j ) (p̂i � p̂j )2=2).

In the source code ofYalla it can be observed that these vectorsp̂i and p̂j are taken randomly
over time. Therefore, a rotation vector is assumed to be equal to the angle between the distance
between two cells and the maximum distance at which contractility can occur (usually about�= 6,
which is the angle of a triangle connecting the edges of a hexagon with respect to its center,
representing the topology that best packs a set of cells). Thus, for the case of Yalla, it is assumed
that ' rot = �= 12 and ' sw = ' rot =2 to cover the entire region between the distance between two
cells and the maximum contractility region. The angles used can be seen in the table3-1.

Figure 3-16 : Representation of acceptance area of the polarization angle.a) For Yalla (Germann
et al., 2019). b) For Mecagen (Delile et al., 2017). c) For Oriola ( Oriola et al., 2022).

3.8 Considerations on information extraction

Various analytical techniques are proving valuable in predicting experimental data from simulations
by providing a correlation tool between the two. This is based on the use of speci�c computational
simulations that allow researchers to compare simulated results with experimentally derived infor-
mation in vitro . The iterative methods and validation approaches to be presented serve to assess
the precision and predictive power of the computational tool employed. The proposed tool facili-
tates the assessment of various conditions under speci�c model parameters that may be impractical
or unfeasible to replicate experimentallyin vitro in a laboratory setting.
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3.8.1 Dimensional consistency between experimental and simulated data

Dimensional consistency is the process of aligning measurements between experimental and simu-
lated data. Quantitative measurements, initially expressed in absolute pixel sizes from images, are
then standardized to relative measures based on the radius of a cell aggregate. This standardiza-
tion ensures consistency between data extracted from images and that derived from the centroids
of each cell within simulated aggregates.

In the case of simulated data, dimensions expressed in micrometers (m) are converted to relative
values, as mentioned earlier. To achieve this, a scaling factor is applied using the radius of the
above aggregate (ragg). This scaling factor, de�ned as SF = Real Radius / Pixel Radius in Image,
is then applied to the image. The use of this scaling factor ensures dimensional consistency, which
facilitates a direct comparison between the two systems - simulated and experimental.

3.8.2 Geometrical approximation of the Fusion of two cell aggregates

When evaluating cell aggregate fusion, a simpli�ed model of each cell aggregate is essential for
information extraction. This can be achieved by assuming that each aggregate behaves as a
sphere. This approach allows the analytical approximation of certain parameters such as size,
volume, and contact area between spheres. These parameters can be used to characterize the
fusion of aggregates, even in the context of more complex structures. In addition, this approach
accommodates cases involving aggregates with irregular shapes.

3.8.2.1 Matematical Approach of fusion of two cell agrgegates

Figure 3-17 : Geometric Approximation of Cell Aggregate Fusion with Radius (R) and Center (a)
Parameters, whererwidth is the distance between the center of both aggregates and the extremes
of each one andrneck is the neck of fusion of the cell aggregates.

Some authors, such as (Ongenae et al., 2021), suggest modeling both cells as circles with the same
radius that temporarily intersect, as shown in Figure 3-17.

We encounter a circle that moves along the x-axis and whose position is determined by the param-
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eter a. This dynamic circle has its center at the point (� a, 0) and maintains a constant radius of
R. The equation that represents this moving circle is the equation3-35.

(x � a)2 + y2 = R2 (3-35)

By examining the equation of the moving circle in polar coordinates, we gain further insight into
its behavior. By substituting the expressions forx and y in terms of r and � , we obtain a simpli�ed
form that emphasizes the relationship betweenr and � . The polar equation for the moving circle
is the Equation 3-36.

(r � cos(� ) � a)2 + ( r � sin (� ))2 = R2

r 2cos2(� ) � [2a � cos(� )] � r + a2 + r 2sin 2(� ) = R2

r 2 � [2a � cos�] � r +
h
a2 � R2

i
= 0

(3-36)

To �nd the parameters a and R, only the positive x values are evaluated. Analyzing the roots of
the polar equation for the moving circle provides valuable insight into its behavior as it traverses
the x-axis. The equation for r in terms of � has multiple solutions due to the presence of� signs.
The roots of r are given in the equation3-37.

r (� ) =
� 2a � cos� �

p
4a2 � cos2� � 4 (a2 � R2)

2
= � a � cos� �

p
a2 � cos2� � a2 + R2

= � a � cos� �
q

a2 � (cos2� � 1) + R2

= � a � cos� �
p

R2 � a2 � sin 2�

(3-37)

When examining the polar equation that characterizes the radial distancer of the moving circle, we
must consider certain constraints to ensure the physical relevance of the solution. The equation for
r has � signs, indicating the possibility of two di�erent solutions for the radial distance. However,
it is essential to emphasize thatr must be positive in this context, since a negativer value would not
correspond to a valid physical interpretation. Therefore, the expression forr in polar coordinates
is given in 3-38.

r > 0 [then]

0 < � a � cos� �
p

R2 � a2 � sin 2�

a � cos� < �
p

R2 � a2 � sin 2� ! Must be (+)

r (� ) =
p

R2 � a2 � sin 2� � a � cos�

(3-38)
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By examining the polar equation for the moving circle and considering speci�c values of� , we
can gain valuable insight into the characteristics of the circle at key points along its path. If � 2
k� : k is an integer corresponds to the 'width' of the aggregate and� 2 2k� + �= 2 : k is an integer
corresponds to the 'neck' of the circle. In this case, the expression forr simpli�es to 3-39and 3-40.

rneck =
q

R2 � a2 � sin 2(�= 2) � a � cos(�= 2)

=
q

R2 � a2 � (1)2 � a � (0)

rneck =
p

R2 � a2

(3-39)

rwidth =
q

R2 � a2 � sin 2(0) � a � cos(0)

rwidth = R + a
(3-40)

Taking 3-40 as R = rwidth + a, replace in 3-39:

rneck =
p

R2 � a2

(rneck)2 =
� p

R2 � a2
� 2

r 2
neck = R2 � a2

r 2
neck = ( rwidth + a)2 � a2

r 2
neck = r 2

width + 2a � rwidth + a � a2a � rwidth = r 2
neck � r 2

width

a =
r 2

width � r 2
neck

2 � rwidth

(3-41)

Replacing 3-41 in 3-40 :

rwidth = R � a

R = a + rwidth

=
r 2

neck � r 2
width

2 � rwidth
+ rwidth

=
r 2

neck � r 2
width + 2 � r 2

width

2 � rwidth

R =
r 2

width + r 2
neck

2 � rwidth

(3-42)

With the equation 3-41 and 3-42, (a) and (R) can be found from the neck and width of the fusion
of the two aggregates. To �nd sin 2(� ) and � :
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sin� =
rneck

R

=
r neck

1
r 2

neck + r 2
width

2� r width

sin 2� = 4 �

 
rneck � rwidth

r 2
width + r 2

neck

! 2

(3-43)

� = atan
�

rneck

a

�

= atan

0

@ rneck
r 2

width � r 2
neck

2� r width

1

A

� = atan

 

2 �
rneck � rwidth

r 2
width � r 2

neck

!

(3-44)

3.8.3 Neck and Angle Fusion

Exploration of the morphology of cellular aggregate fusion plays a central role in understanding the
underlying physics of this process. A fundamental aspect of this exploration is the identi�cation
of geometric parameters that allow meaningful comparisons between experimental observations
and simulated data. As discussed above, two key geometric variables-namely, the neck formed
during aggregate fusion and the width observed at the fusion point-serve as quanti�able measures
of cellular aggregate fusion. Researchers, including (Ongenae et al., 2021), have introduced ge-
ometric methods that provide insightful representations of the temporal evolution of aggregates,
contributing to an understanding of this biological phenomenon.

The most important geometric parameters for evaluating fusion are the neck and width of the
aggregates. Both are essential for the calculation of fusion, which includes the diameter of the
neck formed between the two aggregates. The use of simple microscopes or more sophisticated
tools such as confocal microscopes allows the extraction of this information from data found in
the literature ( in vitro ). Using the functions described in section3.8.2.1, the correlation between
the neck and the width can be determined to determine the degree of fusion in the system under
consideration.

From these parameters, the determination of the center of mass position (C1|C2) for each cellular
aggregate, along with its corresponding neck dimension (rneck), is illustrated in the �gure 3-18.
Note that the calculation of the angles representing the fusion of the circles depends on two crucial
parameters. These parameters include the distance between the center of mass of each aggregate
relative to the center of mass of the two aggregates, and their interaction with the distance between
the intersection points of the two aggregates relative to the intersection points of the two spheres.

The acquisition of the parameters (rC1jC12, Ragg) involves the execution of the calculations de-
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Figure 3-18 : Geometrical extraction of parameters for measuring aggregate fusion. Where,C1 and
C2 denote the center of mass of each cellular aggregate,C12 represents the center of mass of both
aggregates,r c1jc12 signi�es the distance between the center of mass of one aggregate and the center
of mass of both aggregates,rneck is the radius of the aggregate fusion neck,rwidth is the width of
the both aggregates during the fusion,Ragg is the aggregate radius of each aggregate, and� fusion

quanti�es the angle that measures the degree of fusion between the aggregates.

scribed in section3.8.2. These values are derived based on the measurements of the neck (rneck)
and the width of the aggregate fusion (rwidth ), as illustrated in the equations 3-45 and 3-46. This
approach ensures that the angles representing the fusion of cellular aggregates are accurately com-
puted, taking into account the speci�c geometric features and relationships between center of
mass positions and intersection points. The interdependence of these parameters contributes to
a comprehensive understanding of the fusion process, providing precise insights into the spatial
arrangements and dimensions critical for characterizing cellular interactions.

rC1jC12 =
r 2

width � r 2
neck

2 � rwidth
(3-45)

R =
r 2

width + r 2
neck

2 � rwidth
(3-46)

3.8.4 Use of squared-sine of the angle

The fusion of cell aggregates is approached by di�erent researchers using mathematical transfor-
mations and theoretical assumptions. (Oriola et al., 2022) and (Ongenae et al., 2021) use the
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parameter sin 2� = ( rneck=R)2 to quantify fusion in cell aggregates. This mathematical transfor-
mation is derived from the equation 3-47, a simpli�cation of the Pokluda model ( Pokluda et al.,
1997).

sin 2� = sin 2� eq � exp(1 � e� t=� ) (3-47)

In the equilibrium of cell aggregates, the term sin 2� eq encapsulates this state. The calibration
based on this value is based on the premise that aggregates behave as viscous �uids that coalesce
at a given time under the in�uence of interfacial tension.

The calibration of the model revolves around essential steps that use the fusion time as a distinctive
marker of the process, and address the continuity law for merging spherical caps, even in cases
where volume conservation is not perfect. Its sophistication lies in exploiting the inherent symmetry
of the system to provide a streamlined solution in situations where complicated and unknown
hydrodynamic equations would normally dominate.

Using the expression in equation3-46, we establish a relationship to determinesin 2� , as shown
in equation 3-48. This equation emphasizes the importance of measuring both the width and the
neck of the aggregate to accurately assess the degree of fusion within the aggregate.

sin 2� = (
rneck

R
)2 = 4 �

 
rneck � rwidth

r 2
neck + r 2

width

! 2

(3-48)

The modi�cation with sin 2� eq in the expressionsin 2� = sin 2� eq � exp(1 � e� t=� ) indicates that
the fusion process includes an additional factor representing the equilibrium state (� eq). This
adjustment recognizes that the fusion behavior at any given time depends not only on the time
component expressed byexp(1 � e� t=� ), but also on the speci�c equilibrium state reached by the
aggregates during fusion. In other words, it recognizes the in�uence of a baseline or reference state
(� eq) in addition to the time-dependent evolution of the fusion process.

3.8.5 Use of absolute-cosine of the angle

As previously mentioned, accurate assessment of cellular aggregate fusion requires the extraction
of geometric parameters related to neck and width. A highly e�ective method for deriving these
geometric variables is to transform the cellular aggregate contours into polar coordinates. Within
this transformation, the angle � denotes the orientation of the contours with respect to the center
of mass of the aggregate fusion. The functionj cos� j plays a key role in this extraction process. By
monitoring the temporal changes in j cos(� )j throughout the fusion sequence, researchers can gain
insight into the dynamic evolution of the neck, including its formation, elongation, and eventual
dissolution. This parameter serves as a quanti�able metric for understanding the kinetics and
structural changes associated with the fusion of these biological entities.

To use this feature, follow these steps 1) Extract the contours of the cellular aggregate fusion in
Cartesian coordinates; 2) Transform these coordinates into polar coordinates; 3) To determine the
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width of the fusion, �nd the maximum value of the polar function at � = 2 �n , wheren is a positive
integer, and to identify the neck of the aggregate, �nd the value at � = (2 n + 1) � , where n is an
integer. The whole process is illustrated in the �gure 3-19.

Figure 3-19 : Illustration of the algorithm for extracting the neck and width of cell aggregate fusion

3.8.6 Framework for extract the experimental data

In order to understand the process of cellular aggregate fusion, a proprietary framework has been
developed to extract the essential geometric parameters necessary to simulate such events. This
program is embedded inCellAggregate.jl, where speci�c functions have been programmed for the
quanti�cation of experimental information, focusing in particular on the neck and width of the
aggregate fusion.

While tomography is the optimal choice for the experimental assessment of the evolution of cellular
aggregates, 2D videos also play a crucial role in capturing the temporal aspects of fusion. The
integration of tomography in future investigations has the potential to open new dimensions of
understanding regarding the intricate dynamics and geometry associated with cellular fusion.

Analysis of these features is paramount to understanding the structural dynamics and stability of
aggregates. The program uses advanced 2D image processing algorithms to identify and quantify
distinct neck regions where individual cell aggregates fuse. It also accurately captures and char-
acterizes the width of these fusion points, providing critical insight into the overall morphology of
the aggregates. The software follows the steps outlined in the Figure3-20:

1. Contrast Enhancement: Each image is passed through a black and white �lter to enhance
contrast, di�erentiating cell aggregates from the substrate and ensuring clarity in subsequent
analysis.

2. Contour Extraction: Using the image �lters with matrices shown in Figure 3-20, the
program applies a �lter to extract both vertical and horizontal contours. This step is critical
for identifying and isolating the contours of the cell aggregates.
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3. Aggregate Contour Identi�cation: The contributions found with the applied matrices
are summed to identify the contours of the aggregates and provide a basis for further analysis.

4. Coordinate Extraction: Cartesian coordinates are extracted for each identi�ed point,
facilitating accurate mapping and subsequent parameter extraction.

5. Polar Transformation: A polar transformation is performed to obtain detailed data on
the width and neck of the fusion. This step ensures that the geometric features are analyzed
in a way that captures their radial and angular characteristics.

Figure 3-20 : Graphical �owchart for extract information from the experimental data.
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4 Simulation Framework

While the previous chapters have meticulously outlined the theoretical framework and associated
modeling, the need for a sophisticated tool to e�ectively capture and simulate cell aggregate fusion
becomes apparent. Enter CellAggregate.jl, an in-house program crafted to embody the mathemat-
ical model elucidated in equation 3-31. This program is a testament to the fusion of biological
insight with computational power. The algorithms developed within CellAggregate.jl facilitate the
simulation and study of cell aggregate fusion in tightly controlled and reproducible environments.
By delving into the microscopic realm, the program provides nuanced insights into the intricate
processes that unfold during fusion.

The strength of CellAggregate.jl lies not only in its simulation capabilities, but also in its provision
of a validation methodology. This methodology allows for the extraction of characteristic values
that succinctly describe the geometric intricacies inherent in cell aggregates. Armed with the
capabilities of this code base, researchers can embark on an analytical journey, dissecting various
scenarios of aggregate fusion based on factors such as aggregate position, nature, and environmental
conditions.

4.1 CellAggregate.jl (Overview)

Cell.Aggregate.jl is software in Julia, a dynamic and powerful programming language known for its
capabilities in scienti�c computing. Utilizing the LLVM platform for compilation, Julia o�ers excep-
tional performance, making it an ideal choice for computationally intensive tasks. The language's
open source nature under the MIT license enhances its versatility and ensures reproducibility across
operating systems. Julia's advanced compiler not only facilitates seamless execution, but also pro-
vides access to an extensive set of specialized libraries, including mathematical functions, image
processing, and more. In addition, Julia provides the �exibility to integrate programs written in
languages such as C or Fortran, thereby enhancing the software's functionality. While Julia o�ers
performance comparable to languages such as C or C++, its role in CellAggregate.jl goes beyond
computation. In this context, Julia serves as a wrapper for the CUDA programming language,
orchestrating the complex computations involved in nearest neighbor searches and force calcula-
tions within the simulation. This unique synergy allows Julia to e�ciently handle the computation,
search, and execution of simulated information, which is critical to the overall e�ectiveness of the
software.
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CellAggregate.jl
doc

README
src

forces
forces.jl
forces_funct.jl

functions
forces.jl
forces_funct.jl

extract_info.jl
neighbor.jl
run_event.jl
sphere.jl
struct_data.jl
test.jl

README.md
Manifest.toml
Project.toml

Figure 4-1 : CellAggregate.jl Program Directory Structure

The integration of Julia and CUDA in the development of CellAggregate.jl is a strategic choice
based on their respective strengths. Julia, known for its high performance computing capabilities,
serves as the primary programming language. At the same time, CUDA, originally developed
for graphics processing, is used for its parallel computing capabilities. This collaboration enables
e�cient simulations of cellular aggregates, demonstrating the e�ective use of both platforms to
advance scienti�c computing methods.

The simulation of the self-propelled model takes advantage of the capabilities of GPUs. Graphics
Processing Units can be used in a variety of scienti�c applications, including the simulation of the
fusion of cellular aggregates. GPUs o�er a number of advantages, including:

ˆ Parallel Processing: GPUs can perform computations simultaneously. This can be ideal
for optimally processing a large number of cells in each cellular aggregate.

ˆ High Bandwidth : GPUs allow fast access to information on the GPU.

ˆ Programmability : GPUs can be programmed using CUDA, a parallel programming lan-
guage for GPUs, making it easy to develop custom algorithms to simulate aggregate fusion.

Although GPU simulation code has already been generatedGermann et al. (2019); Oriola et al.
(2022), this code has the advantage of being easily readable by people outside the programming
�eld, so it can be used by a large number of professionals with the performance bene�ts it also
provides.
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4.1.1 Packages Used

The software implementation of CellAggregate.jl relies on speci�c packages that play a key role in
the numerical simulations, given the use of CUDA as the programming language for the numerical
aspects. The list of packages, while concise, is signi�cant in facilitating important functionality
within the program:

ˆ CUDA : Serving as the backbone of numerical computations, CUDA is an essential package
designed to perform computations on NVIDIA GPUs using the CUDA toolkit. It provides
essential support for CUDA arrays, GPU kernels, and related functions to e�ciently harness
the computing power of GPUs.

ˆ Adapt : This package plays a key role in increasing the versatility of the program by pro-
viding tools for coding that can run seamlessly on both CPUs and GPUs. It does this by
automatically generating specialized code tailored to the speci�c characteristics of each target
device, ensuring optimal performance in di�erent computing environments.

ˆ Delimited Files : Recognizing the importance of data input and output, the Delimited Files
package is used to streamline the reading and writing of delimited text �les, particularly CSV
�les. This functionality is critical for handling and manipulating data, an essential aspect of
the simulation process.

These packages, including CUDA, Adapt, Dates, DelimitedFiles, ProgressMeter, InteractiveUtils,
Images, and FileIO, together form a comprehensive suite that enables the CellAggregate.jl program
to seamlessly execute simulations that span numerical computation, data handling, and visualiza-
tion tasks. Each package contributes uniquely to the capabilities of the program, ensuring e�cient
and accurate representation of cellular aggregate simulations.

The above packages are relevant to the simulation described in4.1.

4.2 Basics of CUDA

To achieve optimal performance in CUDA, it is essential to understand the underlying principles
of its execution model. CUDA operates on a grid-and-thread structure, where the grid contains
a �xed number of threads determined by the grid size. The essence of CUDA is to use these
threads as independent computational units, simultaneously improving program performance by
processing individual pieces of information simultaneously. Typically, a grid consists of multiple
blocks, and each block holds a �nite number of threads. Threads within a block can communicate
e�ciently through synchronization. The overall representation of a CUDA kernel is shown in Figure
4-2, which illustrates the structured organization that facilitates parallel computation and e�cient
communication between threads. Understanding and optimizing this grid-and-thread architecture
is critical to realizing the full computational potential of CUDA-enabled GPUs.
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Figure 4-2 : Threaded Harmony Above, Block Unity Below: Illustrating the CUDA Execution Flow
with Threads and Blocks

For a better representation of the index of a matrix inside a CUDA kernel, this line is mostly used
for indexing a matrix inside CUDA, where:

i  (blockIdx() :x � 1) � blockDim() :x + threadIdx () :x (4-1)

With this line, CUDA can store all the data of any matrix inside the CUDA execution, assuming
each cell of any matrix as a thread inside a block and grid in CUDA.

4.3 Struct Data

Unlike other programming languages, Julia uses multiple dispatch as a method where a function
can have di�erent de�nitions depending on the type of argument the function has. This allows the
use of complex structs to de�ne and extend the use of cell aggregates. To use this method, Julia's
"structs" are used to de�ne the data that de�nes the aggregates and the data that can be used to
simulate their dynamics. The diagram of the structs used is shown in4-3.

The speci�city and intention of locating each cell as a row of a matrix will become more meaningful
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Figure 4-3 : Julia Simulation - Graph Representation of Cellular Aggregate and Interaction Model
Structs

with the explanation of the calculation of strengths and nearest neighbors explained earlier. The
Aggregate and Model structures are explicitly explained inA.1.

4.4 Nearest Neighbor

To �nd the nearest neighbors of each cell present in the cell aggregates, we use the model explained
in 3.6.1, which makes use of Gabriel's algorithm, assuming Gabriel's distance as an essential pa-
rameter for using this algorithm. The algorithm used can be seen in1.

The dist_kernel! function, implemented in Julia and de�ned in the neighbor.jl �le, serves
as a CUDA kernel function designed to compute pairwise distances between points representing
the positions of cells in a cellular aggregate simulation. This function plays a critical role in
elucidating spatial relationships between cells within the cellular aggregate simulation framework.
By taking advantage of GPU acceleration and Julia's computational capabilities, thedist_kernel!
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Algorithm 1: Kernel for Find Distance Matrix using Gabriel Graph
Input: points,r_max
Output: idx,idx_sum,dist

1 function dist_kernel
2 points  Matrix[number of cells on the aggregate� 3
3 idx  Matrix[number of maximum neighbors � size(points,1)]
4 idx _ sum  Array[size(points,1)]
5 dist  Matrix[number of maximum neighbors � size(points,1)]
6 r _ max  Array[size(points,1)]
7

8 i  (blockIdx() :x � 1) � blockDim() :x + threadIdx () :x
9

10 if i � size(points; 1) then
11 idx _ sum[i ]  0
12 for m  1 to size(idx; 1) do
13 idx [m; i ]  0

14

15 for j  1 to size(points,1) do
16 d  euclidean(points; i; j )
17 if d < r _ max[i ] _ i 6= j then
18 idx _ sum[i ]  idx _ sum[i ] + 1
19 idx [idx _ sum[i ]; i ]  j
20 dist [idx _ sum[i ]; i ]  d

21

22 for m  1 to idx _ sum[i ] � 1 do
23 for n  m + 1 to idx _ sum[i ] do
24 if dist [m; i ] > dist [n; i ] > 0 then
25 idx [n; i ]; idx [m; i ]  idx [m; i ]; idx [n; i ]
26 dist [n; i ]; dist [m; i ]  dist [m; i ]; dist [n; i ]

27

28 for m  idx _ sum[i ] to 2 [Inverse] do
29 for n  m � 1 to 1 [Inverse] do
30 if idx [n; i ] ^ idx [m; i ] 6= 0 then
31 if gabriel_ dist (points; i; idx [m; i ]; idx [n; i ]) < (dist [m; i ]=2) � 0:9 then
32 idx _ sum[i ]  idx sum[i ] � 1
33 idx [m; i ]  0
34 dist [m; i ]  0

35

36 sync_ threads()
37 return Nothing

function optimally handles large datasets, contributing signi�cantly to the e�ciency and accuracy
of the simulation. The resulting code decomposition promises to provide deeper insight into its
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implementation and functionality.

1. Thread and Block Indices: This function uses CUDA's thread and block indices to
compute the i and j indices for the points being processed. This enables parallel processing
that takes advantage of the GPU's parallel computing capabilities.

2. Boundary Check: This function �rst ensures that the current i value is within the GPU
boundaries. This is critical to prevent out-of-bounds memory accesses that could lead to
erroneous results or crashes.

3. Index and Matrix Initialization: After validating the i value, the function resets the
idx_sum array and sets all elements in theidx matrix to zero. These structures are used
to store the number of neighbors for each cell (idx_sum) and the indices of the nearest cells
(idx ).

4. Pairwise Distance Calculation: This function calculates the Euclidean distance between
all cells in the aggregate. This is done by iterating over all points and calculating the distance
between them. If a point is found to be within the r_max distance of another point, it is
considered a neighbor. The indices and distances of these neighbors are stored in theidx
and dist matrices, and the idx_sum value for the cell is incremented.

5. Sort Operation: This function performs a sorting operation on the idx and dist matrices.
This operation is crucial for optimizing the performance of subsequent calculations. It moves
null values to the end and sorts the data in each column of the matrices in ascending order.

6. Calculate Gabriel distance: Finally, the function calculates the Gabriel distance, a spe-
ci�c measure of distance used in graph theory. This distance is used to further re�ne the
set of neighbors for each point. If the Gabriel distance between two points is less than the
midpoint between them, the points are considered neighbors. The indices and distances of
these re�ned neighbors are kept for further processing.

The dist_kernel! function e�ciently computes pairwise distances between cells in a cellular
aggregate, identi�es neighbors based on a distance threshold, performs sorting for optimization,
and applies the Gabriel method to re�ne the set of neighbors. The function is designed for parallel
execution on the GPU, making it suitable for simulations involving large cellular aggregates.

4.5 Force

The sum_force! function, as de�ned in the forces.jl �le, is a CUDA kernel function that cal-
culates the sum of the forces acting on each cell in an aggregate. This function is critical for
simulating cellular aggregates because it determines the motion of the cells based on the forces
acting on them.
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Algorithm 2: Kernel for Forces Calculation Between Cell on Aggregate Struct
Input: points; pol; N i ; idx _ sum; idx; force _ par; cont_ par; �; �; dt
Output: force; pol

1 function force_kernel
2 points  Matrix[number of cells on the aggregate� 3
3 force  Matrix[number of cells on the aggregate� 3
4 pol  Matrix[number of cells on the aggregate� 3
5 N _ i  Array[size(points,1)]
6 idx _ sum  Array[size(points,1)]
7 idx  Matrix[number of maximum neighbors � size(points; 1)]
8 force_ par  Matrix[number of parameters � size(points; 1)]
9 cont_ par  Array[size(points,1)]

10 �; �; dt  constants
11

12 i = ( blockIdx() :x � 1) � blockDim() :x + threadIdx () :x
13 k = ( blockIdx() :y � 1) � blockDim() :y + threadIdx () :y
14

15 if i � size(points; 1) ^ j � size(points; 2) then
16 force[i; k ]  0
17

18 pol[i; 1]; pol[i; 2]; pol[i; 3]  rand_ to_ angle()
19 sync_ threads()
20 pol[i; 1]; pol[i; 2]; pol[i; 3]  angle_ to_ pol(pol; i)
21

22 for j  1 to idx _ sum[i ] do
23 if idx [j; i ] 6= 0 then
24 dist  euclidean(points; i; idx [j; i ])
25 norm  (points[i; k ] � points[idx [j; i ]; k])=dist
26

27 if dist < force _ par:r max [i ] then
28 force[i; k ]  force[i; k ] + force_ func (force_ par; i; dist ) � norm

29

30

31 N i [i ]  0
32 for m  1 to 3 do
33 N _ i [i ]  N _ i [i ] + ( points[i; m ] � points[idx [j; i ]; m])=dist � pol[i; m ]

34

35

36 if cos(� � � ) > N _ i [i ] > cos(� + � ) then
37 force[i; k ]  force[i; k ] � cont_ par[i ] � pol[i; k ]

38 points[i; k ] = points[i; k ] + force[i; k ] � dt

39 sync_ threads()
40 return Nothing
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4.5.1 Polarization Vector

The sum_ force! function begins by calculating the polarization angles for each cell in the aggregate.
This is accomplished by the spherical transformation formula, which generates random values for
the angles t (theta) and  m (phi) while assuming the magnitude of the vector to be "1". These
polarization angles characterize the protrusive vector of each cell and provide crucial information
about the direction in which the cell tends to move.

The function initializes the force matrix, which stores the forces acting on each cell, and then
iterates over all neighbors of each cell. The polarization vectors play a central role in determining
the direction of motion of the cells in the simulation.

4.5.2 Attraction Repulsion Force

After computing the polarization vectors, the sum_ force! function iterates over the neighbors of
each cell, as determined by theidx and idx_sum indices computed by the Gabriel algorithm. For
each neighbor, the function calculates the distance between the two cells and their corresponding
norm. Using this information, the function calculates the force acting on the cell from its neighbor.

The force calculation uses speci�c force functions, with a restriction for neighbors beyond the cuto�
distance de�ned by r_max. This ensures that only neighboring cells exert a force on the cell. The
calculated force is then added to theforce matrix. This part of the function focuses on modeling
the interaction forces between cells, distinguishing between attractive and repulsive forces based
on their distance.

4.5.3 Contractile Force

After handling the attraction and repulsion forces, the function proceeds to calculate the contractile
force acting on each cell. For each pair of cells, the dot product between the distance vector of two
points and the polarization vector is calculated. This dot product is stored in the N_i array and
is crucial for determining the protrusive force acting on the cell.

The protrusive force is calculated using a constraint de�ned in the modi�ed Vicsek model. This
force re�ects the tendency of the cell to move in the direction of its polarization vector. Finally,
the positions of the cells in the aggregate are updated using the Verlet algorithm. This algorithm
uses the calculated forces and the time stepdt to update the cell positions. The updated positions
are stored in the points matrix and the polarization vectors are stored in the pol matrix. This
part of the function focuses on simulating the contractile forces and updating the cell positions
based on these forces.
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4.6 Contour Extraction of Information of the Fusion of Cell Aggre-
gates

Algorithm 3: Function for Contour Extraction
Input: img; gray_ factor; tickness _ contour; rot _ angle; number_ data
Output: center_ idx; cil _ idx

1 function contour_func
2 img_ channel  Gray(img) < Gray(img[1; 1]) � gray_ factor
3 grad_ h; grad_ v  apply_functions (img_ channel)
4 f inal _ img  (grad_ h:2): + ( grad_ v:2)
5 f inal _ img  Gray(f inal _ img) > tickness _ contour
6 idx  CartesianIndices(size(f inal _ img))[ f inal _ img: == 0]
7 arr _ idx  hcat(getindex:(idx; 2); getindex:(idx; 1))
8 center_ of _ mass  sum(arr _ idx; dims = 1) =size(arr _ idx; 1)
9 center_ idx  arr _ idx � repeat(center_ of _ mass; size(arr _ idx; 1))

10 center_ idx  (rot_ mat(rot_ angle) � center_ idx 0)0

11 cil _ idx  calculate_cil_idx (center_ idx )
12 cil _ idx  calculate_�nal_cil_idx (cil _ idx; number _ data)
13 return (center_ idx; cil _ idx )

The contour_func() algorithm, outlined in algorithm 3, plays a central role in extracting meaning-
ful information from the input image. This section provides a detailed explanation of the function's
operations and the rationale behind each step.

1. Greyscale Conversion and Threshold:

(a) The function begins by converting the input image to grayscale using thegray_factor .
This is done by comparing the grayscale value of each pixel in the image with the
grayscale value of the pixel in the upper left corner of the image (i.e.,img[1,1] ). If the
gray value of a pixel is less than the gray value ofimg[1,1] multiplied by gray_factor ,
the pixel is set to white (i.e., gray(1) ); otherwise, it is set to black (i.e., gray(0) ).

(b) Pixels with grayscale values below the threshold are interpreted as white, while those
above the threshold are interpreted as black. This binary representation improves the
visibility of contours by isolating regions of interest based on intensity.

2. Gradient Calculation:

(a) The function then applies two di�erent �lters to the grayscale image to extract the
horizontal and vertical gradients. The krnl_h and krnl_v in the countour_func()
function are kernels used for edge detection in image processing. They are applied to
the grayscale image to extract the horizontal and vertical gradients, respectively. The
krnl_h kernel is de�ned as a 5x5 matrix, where the middle row is zero and the two rows
above and below are-1 and 1, respectively. Thekrnl_v kernel is a 5x5 matrix with the
center column �lled with zeros and the two columns on either side �lled with -1 and 1,
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respectively. Each kernel is divided by12 to normalize the values. These kernels can
be plotted as

krnl _ h =
1
12

2

6
6
6
6
6
4

0 � 1 � 1 � 1 0
0 � 1 � 1 � 1 0
0 0 0 0 0
0 1 1 1 0
0 1 1 1 0

3

7
7
7
7
7
5

(4-2)

krnl _ v =
1
12

2

6
6
6
6
6
4

0 0 0 0 0
� 1 � 1 0 1 1
� 1 � 1 0 1 1
� 1 � 1 0 1 1
0 0 0 0 0

3

7
7
7
7
7
5

(4-3)

(b) These kernels are used in theimfilter() function to convolve the image, which calcu-
lates the gradient at each pixel. The gradient is a measure of the change in intensity at
each pixel and is used to identify the edges in the image.

3. Contour Highlight:

(a) The gradients are then combined into a �nal image that highlights the contours of
the cell clusters. This is achieved by squaring and summing the horizontal and vertical
gradients, and then applying a threshold (tickness_contour ) to the result. The output
is a binary image in which the contours of the aggregates are represented by white pixels.

(b) Thresholding (tickness_contour ) �lters out low intensity regions, producing a binary
image where white pixels denote signi�cant contours. This step ensures that only well-
de�ned contours contribute to subsequent analyses.

4. Contour Index Extraction:

(a) The binary image is processed to extract the indices of the white pixels that represent
the contours of cell clusters. Adjusting the indices relative to the center of mass ensures
that subsequent analyses are centered on the aggregate of interest.

(b) The CartesianIndices() function e�ciently retrieves the pixel indices, and subsequent
operations ensure proper adjustment for centered analysis.

5. Image Rotation:

(a) Rotating the image by the speci�ed angle (rot_angle ) facilitates alignment for speci�c
orientation requirements in subsequent analyses.

(b) Rotation is achieved by applying a rotation matrix to the centered indices, allowing
�exible adjustment of the image orientation.

6. Cylindrical Coordinates Conversion:

(a) Conversion of Cartesian coordinates to cylindrical coordinates improves the display
of contours in a coordinate system that is better suited for certain analyses. The
calculate_cil_idx() function abstracts this conversion process.

(b) Cylindrical coordinates provide a di�erent perspective, particularly useful for capturing
radial information, and allow for more comprehensive analysis of aggregate shapes.
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7. Final Cylindrical Index Calculation:

(a) The �nal cylindrical indices are calculated by averaging the radius values for each angle,
providing a re�ned representation of cylindrical coordinates. Thecalculate_final_cil_idx()
function abstracts this process.

(b) This step prepares the data for subsequent analysis by e�ectively capturing the shape
and size information needed to evaluate cell fusion.

The function returns a tuple containing the centered indices and the �nal cylindrical indices. These
outputs can be used to analyze the shape and size of the aggregates, which are important factors
in evaluating cell fusion. The function is �exible and can be adapted to di�erent image types and
analysis requirements.
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5 Results

The �exibility of the program, together with the results obtained, allows the evaluation of the
impact of di�erent variables in the simulated system. To support the correlation derived from
the predictive capacity of the model, it is crucial to perform a thorough comparison and analysis
of the sensitivity of di�erent parameters within the model. As mentioned earlier, this validation
involves comparing the evolution of experimental parameters extracted from the images used (in-
vitro ) with the simulated information ( in-silico ). This section describes the speci�c parameters
used to evaluate the performance of the model in the evolution of a single aggregate, including
the measurement of the stability and the average movement of the aggregate. The evaluation then
extends to the fusion of aggregates to understand how they e�ectively merge.

The simulations were performed by varying the above parameters as described in table5-1 and
table 5-2 where the �nal column in Table 5-1 titled "Variable Type" categorizes each parame-
ter based on its role and in�uence within the simulation framework. This classi�cation aids in
understanding the functional signi�cance of each parameter in governing the fusion dynamics of
cell aggregates. The complete code base is available atCellAggregate.jl implemented in Julia and
CUDA. The simulations were performed on a PC equipped with a Ryzen 5 5600 CPU and an
Nvidia RTX 3060 12 GB GPU. The Plots.jl library native to Julia was used to generate plots,
while the 3D representation of the cell aggregates was created using theParaview platform.

In our study, we explore the dynamics of cellular aggregate fusion through the manipulation of key
parameters, namelyTar (attraction-repulsion force), Tprot (contractile force), and D (polarization
vector di�usion coe�cient), as outlined in Table 5-2. With 25 values of Tar and Tprot , along
with 3 values of D , a comprehensive exploration entails 1875 simulations for each set of angular
orientations [ swi ,  rot ], as depicted in Figure3-16. These simulations undergo rigorous testing,
initially performed on individual aggregates to ensure parameter stability, before transitioning to
the fusion of aggregates under varying parameter combinations. This comprehensive approach
necessitates a total of 5625 simulations. Notably, each simulation iteration requires approximately
4 minutes to complete.

While these models are typically used for qualitative approximations of the system, our proposed
methodology takes a distinctly quantitative approach. The primary goal is to predict the tempo-
ral evolution of the system based solely on the evaluated parameters. This predictive endeavor
is facilitated by the analysis of a video that captures the temporal progression of aggregate fu-
sion within the evaluated in vitro systems. The geometric parameters in the in silico system are
systematically quanti�ed at prede�ned intervals, attached to �xed spatial points throughout the al-
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gorithm runtime. The symmetry axes of the two selected model validation con�gurations intersect
perpendicularly with a centrally inscribed circle within the boundaries of the solid �gure.

In our iterative approach, we aim to comprehensively evaluate the robustness and reliability of
our proposed quantitative model, which predicts the fusion dynamics of MCF-10A cell aggregates.
Through time-lapse microscopy, experimental data o�er valuable insights into the real-world man-
ifestation of the predicted system evolution. We endeavor to bridge the gap between in silico pre-
dictions and in vitro experimental results by meticulously aligning quantitative predictions with
empirical observations, thus fostering a comprehensive understanding of fusion behavior within
the speci�ed time frame. To bolster the statistical robustness of our quantitative predictions, we
determine model parameters through chi-square analysis (� 2). Chi-square analysis provides a sta-
tistical framework that evaluates the temporal evolution of the system while ensuring the validity
and accuracy of our in silico predictions against empirical data obtained from in vitro experi-
ments. Chi-square methodology serves as a comprehensive tool that enhances the reliability of our
quantitative predictions by assessing the agreement between model simulations and experimental
observations.

To extend our investigation, we will compare two small aggregates derived from di�erent cell types.
This quantitative analysis uses information from simulations. The goal is to create simulated
aggregates, each representing a di�erent cell type, and then compare their fusion dynamics. By
comparing the simulated results with experimental fusion data obtained from aggregates of di�erent
cell types, we aim to discern intricate details in fusion behavior across di�erent cellular origins.
This approach goes beyond a traditional qualitative examination and provides a understanding
of how aggregates composed of di�erent cell types interact and fuse over time. The quantitative
parameters of the simulations will serve as a critical basis for comparison, allowing us to examine
the convergence or divergence between simulated and experimental fusion behavior.

5.1 Experimental Data

The CellAggregate.jl program specializes in extracting critical geometric features, such as neck
and width, within fused cell aggregates. Analysis of these features is critical to understanding
the structural dynamics and stability of aggregates. The program uses 2D image processing algo-
rithms to detect and quantify the neck regions where individual cell aggregates fuse. It captures
and characterizes the width of these fusion points, providing insight into the morphology of the
aggregates.

The software performs the following steps: 1) applying a black and white �lter to each image to
enhance the contrast between the cell aggregates and the substrate; 2) using the matrices shown in
Figure 3-20 to apply an image �lter that extracts vertical and horizontal contours; 3) summing the
contributions found with the two matrices to identify the contours of the aggregates; 4) extracting
Cartesian coordinates for each point; and 5) performing a polar transformation to extract data
related to the width and neck of the fusion.

To compare the simulations, a video showing the temporal evolution of the fusion of animal cell
aggregates is required. The experimental system was derived from a video provided in the supple-
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mentary information reported by ( Grosser et al., 2021), using a healthy breast cell line (MCF-10A).
The entire process of information extraction was performed using a script written inJulia. The
video was used to ensure that scale conditions were maintained.

Images extracted from the video are shown in Figure5-1, and the software performs the steps
outlined in Figure 3-20. MCF-10A cell aggregates were observed over 36 hours by bright�eld time-
lapse microscopy using a 10x air objective with a numerical aperture of 0.3. MCF-10A cells are
cultured in MCF-10A medium, a special mixture of DMEM/Ham's F12 medium supplemented with
various ingredients including 5% horse serum, 20 ng/mL human EGF, 10 g/mL insulin, 100 ng/mL
cholera toxin, 500 ng/mL hydrocortisone, and 100 U/mL penicillin/streptomycin. Spheroids of
MCF-10A cells were grown in non-adhesive 96-well plates designed for spheroid culture. The
MCF-10A cell line was maintained in a controlled culture environment at 37oC in a 5% CO2
atmosphere. The culture medium of all cell lines was refreshed every2� 3 days, and the cells were
passaged every4 � 5 days with phosphate-bu�ered saline (PBS) containing 0.025% trypsin and
0.011% EDTA. To initiate spheroid culture, the speci�ed number of cells was added to nonadherent
96-well plates.

The experimental setup features careful cell culture parameters and speci�c spheroid culture tech-
niques that allow a thorough study of the fusion kinetics exhibited by MCF-10A cell aggregates
over a speci�ed observation period. It is known from the used cells that their diameter typically
ranges between 14.5 and 26.2�m . Based on the information extracted from Figure 5-1, it was
determined that the aggregate diameter measures310�m .

Figure 5-1 : Timelapse of the evolution of the cell aggregates extracted from (Grosser et al., 2021).

Using the software described in �gure 3-20, a visual representation is generated using selected
images from �gure 5-1, as shown in �gure 5-2. The image in Figure 5-2 is intricately divided into
four sections, each encapsulating critical time-lapse sequences within the process. Within each
section, a dual subdivision further elucidates the nuances of the data extraction journey. The �rst
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subsection meticulously depicts the contour of each time lapse, with yellow circles encapsulating
the width of the fusion and blue circles representing the evolving neck. The second subsection
shows the absolute cosine of the angle through a polar transformation. Here, the maximum value
serves as a visual indicator of the neck, while the minimum value indicates the width. Using the
extracted information, we generated the curve of the squared sine of the angle between the two
aggregates, illustrating their degree of fusion. And it is represented as5-3.

Figure 5-2 : Extracted information of some frames in Figure 5-1 using the software explained in
Figure 3-20. Where a) is at 0 hours, b) is at 6 hours, c) is at 12 hours.

5.2 Initial Conditions

5.2.1 In-SilicoCalibration

The visualization of the in-silico system was accomplished using a custom Julia function called
Sphere_HCP (4). This function generates a three-dimensional representation of an aggregate
using a Hexagonal Close-Packed (HCP) lattice structure composed of spheres. The function takes
the aggregate radius (Ragg) as a parameter, and an optional parameter number is provided to
control rounding precision. Internally, the function uses three arrays, x, y and z, to de�ne the
coordinates of the spheres in the HCP grid. The center of the aggregate is then adjusted using
the center of mass calculation. The resulting aggregate structure is a set of three-dimensional
points representing the spheres within the speci�ed radius. Notably, the function uses a �ltering
mechanism to remove points outside the desired radius, ensuring that only the spheres inside the
aggregate are considered.
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Figure 5-3 : Time evolution of the fusion degree extracted from the experimental data in (Grosser
et al., 2021)

.

Algorithm 4: Sphere_HCP
Input: R_agg, digit
Output: data

1 function Hexagonal Close-Packed (HCP) Sphere Generation Algorithm
2 k  vcat(repeat(Array{Int32}((1:2*R_agg)' .* ones(2*R_agg)), 2*R_agg)...) � 1
3 j  vcat(repeat(1:2*R_agg, inner=(2*R_agg,2*R_agg))...) � 1
4 i  vcat(repeat(1:2*R_agg, outer=(2*R_agg,2*R_agg))...) � 1
5 x  2 � i + ( j + k) mod 2
6 y  

p
3 � (j + 1=3 � (k mod 2))

7 z  2 �
p

6=3 � k
8 data  hcat([round:(n: � sum(n)=size(n)[1]; digits = digit )for n in (x; y; z)]:::)
9 f ilter  [(sum(data[i; :]:2) < R _ agg2) � i for i = 1 : size(data; 1)]

10 return data[f ilter [f ilter: ! = 0] ; :]

In the simulated system, we examined aggregates with a cell radius of19 �m , while in the validation
system, aggregates with a radius of 15.5 cells were used. Each aggregate in the validation system
consisted of 2040 cells per aggregate. Figure5-4 visually represents the relationship between the
radius and the total number of cells. To visualize the in-silico system, we used a custom Julia
function in 4 to generate isosurfaces. This brief explanation provides an overview of the aggregate
properties in the simulation and highlights the chosen visualization approach.

5.2.2 Parameter Details

The parameters Tar , Tprot , and D play a crucial role in optimizing the process of cell aggregate
fusion, and their careful selection can signi�cantly a�ect the e�ciency and reliability of the model.
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Figure 5-4 : Correlation between Aggregate Diameter and Number of Particles as A�ected by Real
Diameter to Cell Diameter Ratio

The magnitude of the attractive-repulsive force, Tar , governs the interaction between neighboring
cells within the aggregate, in�uencing their spatial arrangement and dynamic behavior. Adjusting
Tar allows for �ne-tuning the balance between attractive and repulsive forces, which ultimately
determines the stability of the cell aggregate.Tprot , the magnitude of the protrusive force, in�uences
the directional movement of cells within the aggregate, directing cells to extend protrusions toward
neighboring cells and thereby promoting cell-cell interactions. Optimization of Tprot can control
the strength of this directional force and tailor the fusion process to speci�c needs. Finally, D, the
di�usion coe�cient associated with the white noise a�ecting the polarization vector, introduces
stochastic values into the model, mimicking the inherent uncertainty and �uctuations that often
occur in biological processes. Careful selection of D enables control over the amount of noise and
its e�ect on the evolution of the polarization vector, a critical parameter for simulating the natural
variability observed in cell behavior.

The minimum nearest neighbor search time, often referred to astkNN , represents the time interval
at which the model updates the identi�cation and positioning of the nearest neighboring cells to a
given cell within the aggregate. This parameter is critical in determining the temporal resolution
of cell-cell interaction calculations. However, optimizing tkNN is typically not the focus when
modeling cell-aggregate fusion, as it is often determined by the computational requirements and
the speci�c algorithms used to search for neighbors, such as spatial partitioning techniques or
nearest neighbor search algorithms. AdjustingtkNN may be necessary to balance computational
e�ciency with model accuracy, but it is often not a biological parameter that can be optimized.
On the other hand, dt represents the discrete time step used to update the state of the model,
including cell positions and interactions, and is usually speci�ed based on the temporal resolution
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Table 5-1 : General Parameters Used for the Fusion of Cell Aggregates

Variable Type Parameter Symbol Value Unit Variable Type
Geometry Maximum rmax 2.0 � (Delile et al., 2017)

Radius Rate
Geometry Minimum rmin 3.0 � (Delile et al., 2017)

Radius Rate
Geometry Contact a 1.36 � (Delile et al., 2017)

Area Factor
Polarization Rotational  rot As in rad Model

Angle Table 3-1 Dependent
Polarization Swimming  sw As in rad Model

Angle Table 3-1 Dependent
Time Time Step dt 0.05 s Constant
Time Frequency tknn 50 1/s Constant

for kNN

of the simulation. Optimizing dt, as mentioned earlier, is also typically less of a biological parameter
and more of a technical consideration to ensure computational stability and e�ciency. While these
two parameters are distinct, they share the common goal of enabling the model to accurately
capture the temporal dynamics of cell aggregate fusion, and each has its own role in achieving this
goal.

Table 5-2 : Speci�c Parameters Used for the Fusion of Cell Aggregates

Variable Type Parameter Symbol Value Unit Variable Type
Force (relative) Atr-Rep Tar From 0.0 1=(�m 2 � s) Optimize

Coef to 7.5 with [� 10� 3]
interval 0.306

Force (relative) Contractile Tprot From 0.0 1=(�m � s) Optimize
Coef to 64.0 with [� 10� 3]

interval 2.56
Polarization Angle D [0.1, 0.5, 1.0] rad/s Optimize

Di�usion
Geometry Cell dcell 19 �m Measured

Diameter
Geometry Aggregate dagg 300 �m Measured

Diameter

5.2.3 Simulation Setup

The simulation followed the steps shown in Figure5-5, starting with the formation of the aggre-
gates. First, the cells were seeded at half the simulation time as recommended in (Ongenae et al.,
2021). A polar function was used to ensure that the shape of each aggregate was consistent with
the properties used. For the stabilized cells, the two aggregates were brought into contact using the
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parameters used for stabilization, and the simulation was limited to the simulation time present in
the experimental data. At the end of the simulation, parameters such as the neck radius generated
by the fusion of the aggregates and the total length between the two aggregates are extracted.
These parameters are then compared with the experimental data.

In the following section, we present an approach aimed at unraveling the underlying parameters
that govern simulation results beyond the limits of physical plausibility. Our focus shifts to sim-
ulations involving a single aggregate, where we follow the evolution of its radius over time. This
deliberate choice provides a controlled scenario that allows for a systematic investigation of the
in�uence of individual parameters on the behavior of the simulation. By analyzing the evolution
of the radius, we aim to identify speci�c combinations of parameter values that may lead to results
that are inconsistent with established laws of physics. This singular aggregate approach provides a
clear and controlled scenario that allows us to systematically investigate the in�uence of individual
parameters on the behavior of the simulation. By carefully analyzing the radius evolution, we can
identify which combinations of parameter values lead to physically unrealistic results, providing a
valuable tool for re�ning and constraining the model to ensure that it is consistent with the laws
of physics.

Figure 5-5 : Flowchart of the routine for analyzing the parameters for the fusion of the aggregates.

To investigate the e�ect of varying the parameters Tar , Tprot and D on the fusion process, we
systematically varied these factors, resulting in di�erent levels of fusion among the cell aggregates.
Tar and Tprot represent key parameters for the forces acting on the system, while D characterizes
the di�usion within the system. By modifying Tar , we manipulate the attraction-repulsion force,
which a�ects the overall kinetics of the fusion process.Tprot controls the contractile forces involved,
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and changes in this parameter can a�ect their activity and interactions. In addition, D plays a
crucial role in regulating the rate of the polarization vector on each cell in the aggregates. As
these parameters are adjusted, we observe di�erent levels of fusion, re�ecting the sensitivity of
the system to these fundamental factors. This approach allows us to study the nuanced interplay
of forces and di�usion on fusion dynamics, providing valuable insights into the behavior of cell
aggregates under di�erent conditions.

5.3 Benchmark

The simulation of cellular aggregates is based on the application of crucial functions such as the
calculation of forces and the determination of nearest neighbors, which are fundamental elements
for this purpose. In this context, an evaluation of the performance of these two functions on
di�erent processing units (CPU vs. GPU) has been carried out. This analysis aims not only
to understand how these functions a�ect the simulation, but also to highlight the di�erences in
e�ciency between CPU and GPU platforms. In all cases, the computation time of the system
is evaluated based on the size of the cellular aggregate used. The computation time shown is
calculated from CellAggregate.jl using the "@elapsed" macro for the CPU and "CUDA.@elapsed"
for the GPU. The simulations were performed on a PC equipped with a Ryzen 5 5600 CPU and
an Nvidia RTX 3060 12 GB GPU.

5.3.1 Function Performance

The performance di�erence in the calculation of force and neighbor functions is illustrated in
the �gures 5-6 and 5-7. In both cases, the use of CPU and GPU is indistinguishable for very
small systems. However, as the size of the cellular aggregates increases, the CPU time grows
exponentially, indicating a more signi�cant computational challenge. This phenomenon is also
re�ected in the temporal improvement between GPU and CPU, where initial exponential gains
give way to a more linear pattern when dealing with more complex systems.

In both analysis scenarios, it is important to note that the performance disparity between CPU
and GPU becomes more pronounced as system size increases. For extremely small systems, the
utilization of the two processing units appears indistinguishable, re�ecting similarities in execution
times. However, as cellular aggregates reach larger dimensions, a signi�cant di�erence becomes
apparent. In the case of the force function, the CPU time pro�le experiences exponential growth,
with increases measured in tens of milliseconds with each increment in aggregate size. This contrast
is accentuated when compared to the GPU, which exhibits a more e�cient and subdued response to
increasing aggregate size. Similarly, when exploring the neighborhood function, the CPU exhibits
exponential growth in computation time, with increments measured in thousands of nanoseconds
as it grapples with more complex systems.
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Figure 5-6 : Comparative Analysis of Force Function Performance: CPU vs GPU (Left) and
CPU/GPU Time Ratio (Right) Across Various Aggregate Sizes

Figure 5-7 : Comparative Analysis of Neighbor Function Performance: CPU vs GPU (Left) and
CPU/GPU Time Ratio (Right) Across Various Aggregate Sizes
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Figure 5-8 : Comparative Heatmaps of Force Function Computation Time Across Varying Di�usion
Conditions

Figure 5-9 : Comparative Heatmaps of Neighbor Function Computation Time Across Varying Dif-
fusion Conditions

5.3.2 Parameter Performance

The intricacies of the performance of the force and neighbor functions are illustrated in the
heatmaps shown in Figures5-8 and 5-9. These visualizations capture the temporal dynamics
of the functions across di�erent scenarios, focusing on the interplay between magnitude (Tar ) and
magnitude (Tprot ). Each heatmap is dedicated to a speci�c di�usion value, namely D = [0.1, 0.5,
1.0], providing a comprehensive perspective on how the functions respond to di�erent di�usion
conditions.

For extremely low di�usion (D = 0.0), CPU and GPU utilization result in indistinguishable perfor-
mance, resembling a homogeneous array where execution times are similar. As the di�usion value
increases to 0.5 and 1.0, the heatmaps show consistent execution times, challenging the conven-
tional notion of the impact of di�usion on computational demands. This constant computational
time indicates the resilience of the force function to changes in di�usion conditions.

The comprehensive evaluation of the force and neighborhood functions under varying conditions
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highlights the distinct advantages of using the GPU over the CPU for computational simulations.
In both functions, and especially in the force function analysis, the GPU consistently shows a
more e�cient and restrained response to the increasing complexity of cellular aggregates. The
parallel processing capabilities of the GPU are particularly advantageous, enabling faster execution
times and robust performance across multiple di�usion scenarios. This e�ciency is particularly
pronounced as aggregate sizes increase, where the GPU's parallel architecture excels at handling
complex computational requirements.

The heatmaps, which show consistent CPU and GPU computation times for both force and neigh-
borhood functions, underscore the scalability and e�ciency bene�ts of GPU acceleration. The
GPU's ability to seamlessly handle larger and more complex systems without a signi�cant increase
in computational time positions it as a formidable tool for complex simulations. This advantage is
particularly important in the �eld of computational biology, where the study of complex biological
systems requires fast and e�cient processing.

In summary, the use of GPUs in force and neighborhood simulations is emerging as a strategic
choice for researchers and practitioners seeking enhanced computational performance. The parallel
processing capabilities of the GPU architecture not only maintain e�ciency for small systems, but
also scale seamlessly to meet the computational challenges of larger and more complex cellular
aggregates. This paradigm shift toward GPU acceleration is a testament to the central role of
advanced hardware in pushing the boundaries of computational biology, bringing unprecedented
speed and e�ciency to the simulation of complex biological phenomena.

5.3.3 Temporal Neighbor Intervals (tknn )

To improve the algorithm's ability to predict future patterns, we increased the parameter t_knn.
This parameter controls how many recent, short-term periods are considered in the k-nearest
neighbor decision process. Since precision and accuracy are crucial for e�ective clustering, we
speci�cally examined how di�erent values of t_knn a�ect the accuracy of cluster predictions. In
essence, it reveals how well the algorithm is distinguishing truly meaningful patterns during the
aggregation process. To understand how temporal considerations a�ect the directional accuracy of
predicted mixing events, we systematically varied the t_knn parameter within speci�c aggregate
pairs. By analyzing the sin 2(� ) of the fusion angle over di�erent t_knn values, we aimed to
elucidate the interplay between temporal windows and the geometric alignment of predictions
with observed events.

In Figure 5-10, the sin 2� of the fusion angle is examined over time, providing insight into the
e�ects of varying t_knn values under certain conditions. In particular, the graph shows a distinct
pattern where t_knn values of 20 and 50 exhibit remarkably similar sin 2� over time, suggesting
a comparable level of precision and directional accuracy in predicting aggregate fusion events. In
contrast, t_knn values of 100, 250, and 500 manifest a signi�cantly slower evolution ofsin 2� versus
time under the same speci�ed conditions. This slowing down of thesin 2� angle evolution implies
a more cautious and deliberate prediction of fusion events as t_knn increases. The higher t_knn
values show a discernible trade-o�, introducing a time lag in the alignment between predicted and
observed fusion angles.
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Figure 5-10 : Impact of Temporal Considerations: sin 2� of Fusion Angle with Varying t_knn Values
for a Speci�c Pair of Aggregates. Where dt = 0.05s |Tar = 0 :5 (�m 2 � s) � 1 | Tprot = 2 :5 (�m � s) � 1

| D = 0 :51=s� 1

5.4 Stabilization of One Cell Aggregate

Starting simulations with a single aggregate allows us to determine that the model maintains con-
sistent and stable behavior over a spectrum of parameter values that includes di�erent values of
Tar , Tprot , and D. This initial phase of single-aggregate simulations serves as an essential quality
control step, con�rming that the model consistently produces reliable and repeatable results for
a wide range of input parameters. It also allows to assess the model's robustness when operating
independently, ensuring that it remains free of erratic or unpredictable tendencies. Once the sta-
bility and reliability of the model has been veri�ed in the preliminary single-aggregate simulations,
the study moves on to the fusion simulations. At this stage, the model is used in scenarios where
multiple spheroids have merged. This transition exempli�es the broader utility of the developed
framework, demonstrating its ability to accurately simulate the fusion of multiple aggregates while
maintaining identical material properties and underlying physical principles. Using CellAggre-
gate.jl, a simulation of a single aggregate was performed to analyze the stability of the parameters
used, mimicking the subsequent fusion process. In the appendixA.3, heatmaps have been gener-
ated for di�erent di�usion parameters (D), representing the heatmap of the ratio between the �nal
and initial aggregate radius for the three approximations of the protrusion contact angles. The
use of this ratio helps to discriminate parameters that lead to non-equilibrium systems present in
cellular aggregates.

To visualize the relationship for each approximation, a color map was generated re�ecting zones of
stability in the simulated aggregate. Light colors represent zones of parameter stabilization, with
higher values indicating the accumulation of previous values, indicating stable model parameters.
As shown in Figure A-1 , these values are also generated as a function of the magnitude of the
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