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Abstract

Image-based analyses have currently been utilized to extract relevant information
from cell culture microscopic videos, enabling the study of single-cells and cell-cell
interactions. However, these analyses have some limitations that could reduce the
quality of these biological studies. Graphs, a particular type of data structure, can
be proposed as a means to improve these analyses.

The main work is summarized in utilizing graph-based methods for three applica-
tions: the characterization of cellular tissues, a graph-based cell clustering method
and the dynamic prediction of cell dry mass. For the first application, a segmentation
method was implemented to segment cellular tissues images based on ground truth
data manually segmented. This model was able to generalize over unseen data.
Cellular tissues naturally develop mesh-like network structures, making it pertinent
to represent them as graphs. This approach allowed for the identification of graph
metrics to distinguish tissues that grow under different conditions and to analyze
their formation.

For the second application, 2D microscopic videos of cell cultures were used. A
spatio-temporal network-based approach was developed, in which individual cells
are represented as nodes and their positional proximity determines the links (or
edges) between them. This proposed graph structure integrates both positional and
chronological data to capture distinctive node-level attributes. Two learning-based
prediction tasks are designed: an unsupervised technique leveraging these extracted
attributes and a supervised model utilizing a Graph Neural Network (GNN)-based
model. Results show that cell types can be predicted without the need to track
individual cells.

For the last application, the research focused on analyzing cell dry mass growth
because it has been observed that a cell’s growth is influenced by its neighbors.
State-of-the-art GNN models are proposed to study the cell dry mass growth based
on the characteristics of neighboring cells using a dynamic prediction approach.

Keywords: single-cells, cell-cell interactions, microscopic videos, graphs, cellular
tissues, spatio-temporal network, dry mass, Graph Neural Network.
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Resumé

Les analyses basées sur les images ont actuellement été utilisée pour extraire des
informations pertinentes a partir de vidéos microscopiques de cultures cellulaires,
permettant I’étude des cellules individuelles et des interactions cellule-cellule. Cepen-
dant, ces analyses présentent certaines limitations qui pourraient réduire la qualité
de ces études biologiques. Les graphes, un type particulier de structure de données,
peuvent étre proposé comme un moyen d’améliorer ces analyses.

Le principal travail est résumé dans l'utilisation de méthodes basées sur les
graphes pour trois applications : la caractérisation des tissus cellulaires, une méthode
de regroupement cellulaire basée sur les graphes et la prédiction dynamique de la
masse seche cellulaire. Pour la premiere application, une méthode de segmentation
a été mise en ceuvre pour segmenter les images de tissus cellulaires en fonction de
données de vérité terrain segmentées manuellement. Ce modele a pu généraliser a
des données non vues. Les tissus cellulaires développent naturellement des structures
de réseau en forme de maillage, ce qui rend pertinent de les représenter sous forme de
graphes. Cette approche a permis d’identifier des métriques de graphe pour distinguer
les tissus qui poussent dans différentes conditions et d’analyser leur formation.

Pour la deuxieme application, des vidéos microscopiques 2D de cultures cellu-
laires ont été utilisées. Une approche basée sur un réseau spatio-temporel a été
développée, dans laquelle les cellules individuelles sont représentées par des nceuds et
leur proximité positionnelle détermine les liens (ou arétes) entre eux. Cette structure
de graphe proposée integre a la fois les données positionnelles et chronologiques pour
capturer des attributs distinctifs au niveau des nceuds. Deux taches de prédiction
basées sur I’apprentissage sont congues : une technique non supervisée exploitant ces
attributs extraits et un modele supervisé utilisant un modele basé sur un réseau de
neurones en graphes (GNN). Les résultats montrent que les types de cellules peuvent
étre prédits sans avoir besoin de suivre les cellules individuelles.

Pour la dernieére application, la recherche s’est concentrée sur I'analyse de la
croissance de la masse seche cellulaire car il a été observé que la croissance d’une cellule
est influencée par ses voisines. Des modeles GNN de I'état de ’art sont proposés
pour étudier la croissance de la masse seche cellulaire en fonction des caractéristiques
des cellules voisines en utilisant une approche de prédiction dynamique.

Mots-clés: cellules individuelles, interactions cellule-cellule, vidéos microscopiques,
graphes, tissus cellulaires, réseau spatio-temporel, masse séche, réseau de neurones
en graphes.
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Chapter 0O

Overview

This document represents the main results obtained during the PhD at the Départe-
ment des Technologies pour I'Innovation en Santé (DTIS)-Division of Innovative
Technologies for Health from CEA. I worked at the Laboratoire Instrumentation
optique et traitement de I'Information pour I'Imagerie In Vitro (L4IV)-Optical In-
strumentation and Data-Processing for In-Vitro Imaging Research Laboratory. My
PhD supervisor was Sophie Achard, a CNRS Senior Research Scientist and Scientific
Director of Multidisciplinary Institute in Artificial intelligence (MIAI); and my PhD
co-supervisors were Lionel Hervé, a Senior Research Scientist at L4IV; and Guillaume
Godefroy, a Research Scientist at L4IV.

L4IV is a research team whose work focus on developing non-conventional optical
systems for in-vitro health applications. These applications primarily include in-vitro
diagnostic devices, tools for the pharmaceutical and biotechnology industries, and
tools for environmental and agricultural monitoring. The L4IV expertise encompasses
optics tools, data science skills, knowledge of physics and biology, and system
architecture. My work was focused on the in-vitro diagnostic devices axis.
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Figure 1: Image Data Processing pipeline. Samples are acquired from live cells
using a lens-free microscope. The images of these samples are reconstructed using a
combination of inverse problem solving and deep learning-based corrections. Then,
relevant characteristics are extracted from images through deep learning methods to
perform different analyses.
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For particular projects undertaken by the L4IV team, a general workflow is
applied (Figure 1), which begins with the acquisition of image of sample to analyze
(cells, bacterias, organoids, tissues, spermatozoids, parasites) through a dedicated
optical system. The image of the sample is retrieved via a reconstruction process that
combines inverse problem solving and corrections by a deep learning convolutional
neural network (CNN). This reconstruction approach is one of many available options,
but it is typically used by the L4IV team for particular projects. Finally, reconstructed
images are processed using specialized data processing techniques, such as tracking
algorithms, segmentation models or clustering algorithms, to address specific needs.
These needs may include the detection of heterogeneity in a cell culture, tracking of
cell division, the study of cellular heredity, and other similar requirements.

Among all the optical tools developed, the L4IV team has specialized in the
lens-free microscopy technique [11, 10, 13, 29, 119, 117]. The system is capable of
visualizing thin, and transparent objects. It is also an ideal system for observing cell
culture-type samples. Lens-free microscopy is indeed simple (Figure 2). It consists of
a semi-coherent light source that illuminates an object (sample) located on an image
sensor. This results in a system that is inexpensive, compact, and robust, enabling
its placement in an incubator. This setup allows for observing samples over a wide
field, time-lapse measurements and thus the tracking of a culture’s evolution over
time. The principle of the lens-free system is to measure the intensity of diffraction
of the sample with a CMOS (Complementary Metal-Oxide-Semiconductor) detector
at a distance of about 1mm [119].

Lens-Free Microscopy
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Figure 2: Lens-free microscope design. Source: https://www.photonics.com/
Articles/Lens-Free Microscopy_Focuses_on_Commercialization/a65007

Lens-free enables the acquisition of a rich variety of images based on intensity
measurements in the sensor plane (Figure 3). The image of the sample is obtained
through computation [118]. As previously described, the reconstruction of the
sample’s image is achieved through an iterative process that alternates between
solving an inverse problem and applying an Al (artificial intelligence) step, which
involves CNNs trained on simulated data.
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Figure 3: Examples of image acquisitions. The top left panel displays HeLa cells,
while the top right panel shows fibroblast cells. The bottom left panel presents a
mixture of HeLLa and fibroblast cells, and the bottom right panel illustrates epithelial
cells.

Figure 4: Reconstructed images from Figure 3
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The inverse problem approach used to retrieve the image sample from intensity
measurements is formulated as a regularized optimization problem [118]. The
measurement is modeled as a function of the optical path difference (OPD), which is
proportional to the dry mass. A cost function that integrates a data fidelity term
and regularization terms is defined. This cost function is minimized through an
optimization method that updates OPD.

The resolution of the reconstructed image is defined by the size of the measurement
pixels (Figure 4).

The L4IV team also works on the analysis of videos of cellular cultures. These
analyses involve mainly segmentation, tracking, feature extraction, and classification
tasks (Figure 5). Among recent projects that tackle these analyses, a notable example
is the project REVEAL!, which focused on tracking and classifying (using a clustering
approach) cells. However, there are still some challenges and limitations linked to all
these analyses: difficulty in performing tracking (and therefore identifying cellular
division) and the fact that cells are analyzed individually without considering their
neighborhood, which could be potentially interesting.
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Figure 5: Image-based analysis. The top left panel displays the tracking of mouse
cells [130], while the top right panel shows quantitative morphological features (dry
mass, thickness, area) from mouse cells over time. The bottom left panel presents the
segmentation of HeLa cells [225], and the bottom right panel illustrates cell clusters
on a 2D plane representation.

My PhD research aims to explore the utilization of graphs on 2D cell microscopic

https://reveal-h2020.eu/
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videos to improve the current analyses because this allows to take into account
cellular interactions, and potentially to identify cells without tracking them due
to a new architecture that has been developed. My main contributions consist of
the development of a graph-based spatio-temporal method (2D+time), learning on
graphs (including this type of spatio-temporal structure), and the exploration and
identification of graph metrics.

The thesis manuscript is structured as follows. The first chapter introduces the
research problem and provides practical definitions and notions about graphs, which
also includes some pertinent graph metrics at node level and globally utilized for
the posterior analyses. The provided foundational graph information will enhance
understanding of this data structure before introducing Graph Neural Network (GNN)
models and discussing how learning occurs in graphs. The following three chapters
present three different applications derived from my main research, each tackled with
its respective context, methodology, results and discussion. GNN-based models are
applied for two of these applications. Finally, conclusions are drawn and perspectives
are presented, including recommendations and directions for future research in this
area.
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Chapter 1

Introduction

Cells are the primary membrane-bound unit that contains the fundamental molecules
of life and of which all living things are composed [249]. A cell consists of three parts:
the cell membrane, the nucleus, and, between the two, the cytoplasm. Within the
cytoplasm lie intricate arrangements of fine fibers and hundreds or even thousands
of miniscule but distinct structures called organelles [114]. Cells are divided into two
main classes, initially defined by whether they contain a nucleus: prokaryotic and
eukaryotic cells. Prokaryotic cells lack a nuclear envelope; eukaryotic cells have a
nucleus in which the genetic material is separated from the cytoplasm [66].

Cells can acquire specific functions and carry out various tasks, such as replica-
tion, DNA repair, protein synthesis, migration and motility [7]. These tasks often
involve interactions between cells. Cell-cell interactions come in a variety of forms,
most of which fall into one of two types: direct physical contact and non-contact
communication [128]. These interactions are key to the proper function of biological
systems, as they are the source of the signals for precision changes in molecular
processes [128].

This work focused on analyzing cell cultures of HeLa, fibroblasts, perKO, and
pancreatic epithelial cells (Figure 1.1) that tend to form tissue networks by altering
their morphogenesis. To analyze these types of cells, it is necessary to first visualize
them using imaging tools. Microscopes make this possible. Furthermore, to account
for possible interactions and behaviors within cells, it is appropriate to represent
them using a suitable data structure that maintains this information and could
facilitate its understanding. Graphs could be used for this purpose.

In the following sections, some traditional and recent microscopy-based techniques
used to observe cells are presented. Interest in the use of graphs, the key data structure
throughout this work, is then described from a biological perspective. This introduces
the general research problem tackled in this PhD and the objectives to address it.
Finally, practical information about graphs, from useful definitions to deep learning
models based on this data structure, is provided.

1.1 Microscopy-based image analysis

The discovery of the cell was made possible through the invention of the microscope
[253]. Robert Hooke first introduced the concept of cells as biological structures
in his book Micrographia [123]. He used a simple microscope with two convex
lenses to observe specimens under reflected light [253]. This marked an important
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Figure 1.1: Cell cultures used in this work: HeLa cells (top left), fibroblast cells
(top right), perKO cells (bottom left), and pancreatic epithelial cells-based tissue
network (bottom right).

starting point for analyzing cells through microscopy and conducting subsequent
studies derived from the observation of these objects. Microscopic techniques have
been continuously developed to improve the visualization of biological objects (in
particular, cells) to the greatest extent possible.

1.1.1 Ongoing techniques

Microscopy is a fundamental tool in cellular biology, enabling scientists to analyze
single cells with remarkable precision. Traditional microscopy techniques (such as
bright-field, fluorescence and phase-contrast) provide static images of cells, offering
valuable insights into their structure and composition. However, live or video
microscopy extends this capability by capturing dynamic processes in real-time,
enabling the study of cellular movements, interactions, and responses over time. This
capability is crucial for understanding the complex and often rapid changes that
occur within and between cells.

1.1.1.1 Bright-field microscopy

Bright-field microscopy is one of the most basic and widely used techniques in optical
microscopy. In this method, the object is illuminated from one side, and the resulting
image is formed by the light that is transmitted through the sample. The contrast
in bright-field images is generated by the absorption of light by the sample, which
appears dark against a bright background (see Figure 1.2). This technique is simple
and cost-effective, making it suitable for a wide range of applications, including the
examination of stained tissue sections, cell cultures, and other biological specimens.
However, it may not provide sufficient contrast for transparent or thin samples [131].
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Figure 1.2: Bright-field image of Diploid yeast cells [296]

1.1.1.2 Fluorescence microscopy

Fluorescence microscopy is a powerful technique that allows for the visualization
of specific components within a specimen by tagging them with fluorescent dyes
or proteins [164]. In this method, the object is illuminated with light of a specific
wavelength, which excites the fluorescent molecules, causing them to emit light at a
longer wavelength. The emitted light is then detected to form an image [164] (see
Figure 1.3). Fluorescence microscopy is extensively used in cell biology, neuroscience,
and molecular biology. It offers high sensitivity and specificity, enabling the detection
of low-abundance molecules and the study of dynamic processes within living cells.
However, this technique is limited by several factors, including photobleaching, where a
fluorophore permanently loses its ability to fluoresce upon illumination, phototozicity,
which involves the damaging effects of light on living cells, and interference from
autofluorescence in biological specimens [136].
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Figure 1.3: Fluorescence image of endoplasmic reticulum (ER) staining in HeLa cells
cultured in a 96-well black wall/clear bottom plate. Source: https://www.aatbio.
com/resources/assaywise/2016-5-1/fluorescence-live-cell-imaging

1.1.1.3 Phase-contrast microscopy

Phase-contrast microscopy is an imaging technique that converts phase shifts—
differences between the phases of two periodic signals—in light passing through a
transparent object into changes in brightness [295]. This method is particularly useful
for observing living cells and tissues without the need for staining, as it enhances
the contrast of transparent and semi-transparent specimens [295]. Phase-contrast
microscopy works by exploiting the differences in the refractive index of the object,
which causes light to be retarded or advanced in phase (see Figure 1.4). Specifically,
the phase shift measured using this technique is directly proportional to the dry
mass of the biological sample [199].

Figure 1.4: Phase-contrast image of pancreatic stem cells on a polystyrene substrate.
Source: https://celltrackingchallenge.net/2d-datasets/
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1.1.1.4 Lens-free microscopy

Lens-free microscopy [10, 13, 29, 222] is an imaging technique that uses digital sensors
and computational algorithms to reconstruct images from the captured holograms
(see Figure 1.5). The system is simple, compact, robust, and free of any optical
components. It includes a semi-coherent light source that illuminates a sample object
situated approximately 1 mm away from an image sensor. This approach offers
several benefits, including high resolution, a large field of view that allows for the
simultaneous imaging of multiple cells or even entire tissue sections, the ability to
perform real-time monitoring over extended time periods (time-lapse acquisitions),
and label-free imaging, which enables the observation of biological processes without
perturbing them.

. : - Lrmre I:
Figure 1.5: Lens-free imaging of HeLa cells. Left: Acquisition of live HeLa cells.
Right: Reconstructed image obtained from the acquisition data through a process
that combines inverse problem solving with corrections applied by a deep learning
convolutional neural network.

1.1.2 Image reconstruction

Image acquisitions are performed from live cells through a lens-free microscope.
The system provides an optical path difference image of each acquisition through a
reconstruction process that combines inverse problem solving and corrections by a
convolutional neural network [118]. The wide field of view imaged is 29.4 mm?.

This reconstruction method was applied to the acquisition of all experimental
data derived from cell cultures (HeLa, fibroblasts, perKO, HDF, HUVECs, and
pancreatic epithelial cells) used in this work.

1.1.3 Image-based applications

Images and their analysis have a wide range of potential applications and tasks across
various fields, driven by advancements in computer vision and image processing
technologies. These applications include autonomous vehicles, virtual reality, the
medical field, and others. Autonomous vehicles utilize image processing for critical
tasks, such as lane detection, obstacle avoidance, and recognizing traffic signs to
ensure safe navigation [179]. For augmented reality and virtual reality uses, images
play a vital role in environment mapping and real-time object tracking, significantly
enhancing the immersive experience [176]. In medical imaging, images are used for
diagnostic purposes, tumor detection, and guiding surgical procedures with precision
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[221]. Additionally, there are numerous methods to obtain images in medicine,
including magnetic resonance imaging (MRI), radiography, ultrasound, computed
tomography scans, and microscopy.

Microscopic imaging enables the observation of cells, the discovery of their struc-
tures, and the monitoring of biological phenomena, among other studies. To delve
deeper into these analyses, automate them, and make them quantitative, this type of
image can be processed using image data processing techniques such as segmentation,
classification, and tracking. Traditional methods for image segmentation include
thresholding algorithms [204, 280], watershed methods [30, 242], active contours [86],
and deep neural networks [99, 109, 110, 174, 227, 251]. Image classification relies on
various techniques, such as deep learning models, CNN, support vector machines,
k-Nearest Neighbors, decision trees and random forests [33, 34, 148, 227, 234].

Different methods have been proposed for solving the problem of tracking single
particles or cells [60]. These methods involve the development of algorithms and deep
learning technologies [54, 111, 178, 262, 289], which are applied depending on the type
of microscopic images acquired, such as bright-field, fluorescence, phase-contrast, and
lens-free imaging. Some of these algorithms include LineageTracker [77], Pathfinder
[56], SpotTracking [61], CellTracker [126], TrackMate [258], Laptrack [91], Trackpy
[9]. In this work, tracking information for cells was obtained from the available
microscopic images using the Trackpy and Laptrack algorithms.

However, some of these image data processing techniques still present several chal-
lenges and limitations. These include the difficulty in defining a unique segmentation
method for the entire time-lapse acquisition and/or unseen data; the performance of
cell tracking due to high cell density, overlapping cells, the quality of reconstructed
images, irregular cell movement patterns, and cell division dynamics; and the high
computational cost associated with processing high-definition images.

1.2 Graphs for biology

In this section, the interest of graphs, the key data structure throughout this work,
is described from both biological and imaging perspectives. It also includes the
introduction of the general research problem addressed in this PhD, as well as the
objectives proposed to achieve it.

1.2.1 Research problem

Current biological studies of cells rely on image-based analysis, as described previously.
Most of the time, these analyses remain centered on elementary cellular measurements,
where cells are considered as isolated objects without considering their interactions
with neighboring cells. If time-lapse videos from 2D cell microscopic images (taken at
certain time intervals) are considered, it will increase the difficulty of their analysis
and understanding, since not only spatial interactions are involved but also temporal
interactions evolving over time.

Deep learning models have shown success in various tasks such as speech recogni-
tion [55, 65, 299], machine translation [73, 156, 203, 219, 267], image reconstruction
[76, 106, 162, 300], object recognition [109, 125, 247, 254], segmentation [99, 109,
110, 174, 227, 251], etc. This success is due to their ability to exploit and use the
local statistical properties that exist within data, which can be represented in a grid
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form (such as images, known as Euclidean data) or an ordered sequence (such as
musical note sequences or text sequences).

However, not all real-world data can be represented in the format required
for classic deep learning models, that is, within a grid or as an ordered structure.
Data that cannot be represented as grids or ordered structures is known as non-
Fuclidean data, and some examples include meshes, molecules, and 3D complex
geometric shapes, etc. Furthermore, non-Euclidean data can be represented using
graphs or manifolds, where it is important to note that graphs are ubiquitous.
Examples of data that can be represented by graphs (see Figure 1.6) include social
networks [282], academic paper citation networks [80], communication networks [155],
recommendation systems [276], knowledge graphs [104], molecules [144], MRI [112],
and road maps [292].
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Figure 1.6: Examples of graphs in some fields of science and industry

Classic deep learning architectures are limited in their application to Euclidean
data. This has motivated the study of deep learning methods for this type of data
structure, which was introduced by Bronstein et al. in [46] through the concept of
Geometric deep learning. This aims to study and develop new deep learning methods
for data represented by graphs or manifolds.

In general, networks or graphs are used to capture relationships between entities
or objects [147]. Besides, as graphs are also useful to represent non-Euclidean data,
an instinctive idea could be to characterize 2D images through this representation
to build a cell graph with its interactions between cells. However, this immediately
raises several questions: How should a graph be constructed, and how should its
interactions be defined? How should the graph be interpreted? What types of
applications could be analyzed with graphs generated from available data? What
types of models could be developed? Among these considerations, it is evident
that Graph Neural Networks (GNNs) represent the current state-of-the-art in deep
learning models, utilizing graphs as input data [101]. Consequently, the focus will be
on globally understanding and analyzing 2D cell microscopic images through graphs
and their potential applications/models derived from this type of structure.
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1.2.2 Biological context

Networks are one of the most common ways to represent biological systems as
complex sets of binary interactions or relations between different bioentities [147]. In
general, graphs (a mathematical way of representing a network), are used to capture
these relationships between entities or objects. In a typical representation, a graph
consists of a set of vertices, nodes, or points (in this case, cells) connected by edges,
lines, links, arrows, or arcs [147].
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Figure 1.7: Examples of biological networks. Top left: A protein—protein interaction
network shown in Cytoscape [256]. Top right: A sequence similarity network
of TOMM (thiazole/oxazole-modified microcin) D-proteins [67]. Bottom left: A
KEGG (Kyoto Encyclopedia of Genes and Genomes) metabolic pathway (Source:
https://www.kegg. jp/pathway/ko00010). Bottom right: A miRNA-gene network
where box nodes represent miRNAs (microRNAs) and circular nodes represent
mRNAs (messenger RNAs) [182].

Biological networks model the functions of cell and tissue-specific molecular inter-
actions at various organizational levels, from individual cells to entire organs [147].
Some of these biological representations (see Figure 1.7) include Protein-Protein
Interaction Networks, which detail how proteins interact to facilitate biological pro-
cesses within cells; Sequence Similarity Networks, which capture sequence similarities
between proteins or genes; Gene Regulatory Networks, which map regulatory re-
lationships between transcription factors and their binding sites or genes; Signal
Transduction Networks, which illustrate the transmission of molecular signals within
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or into cells [84]; Metabolic Networks, which consist of metabolites and their in-
teractions; Gene Co-expression Networks, which connect genes based on significant
co-expression data from technologies like Microarrays, RNA-Seq (RNA sequencing),
or scRNA-seq (Single-cell RNA sequencing); and IncRNA-Protein Interaction Net-
works, which reveal the functions of long non-coding RNAs through their interactions
with proteins [294].

In biomedical research, graphs are highly valuable for both researchers and
clinicians [294] because they can capture the associations between any type of
biological entity such as proteins, genes, small molecules, metabolites, ligands,
diseases, or drugs [147]. Some examples of these graphs include disease networks,
which link diseases sharing at least one causative gene; drug-disease associations,
which provide information on known and/or predicted drug-disease connections;
and disease-symptom graphs, which map diseases to their symptoms and illustrate
potential disease progression. This visualization aids clinicians in administering more
efficient medical treatments swiftly [248].

1.2.3 Imaging context

Graph-based techniques for representing and manipulating data have been extensively
explored in the domains of image processing and image analysis [233]. Among all
possible graph-based imaging applications, researchers have been focused on analyzing
the following ones: segmentation, object recognition, and image restoration. These
applications rely on classic algorithms, properties and tools derived from graph theory
and spectral graph theory [48, 85, 208, 244, 255, 263, 270, 283].

The examples of graph utilization in both biological and imaging contexts (as
seen previously) highlight the importance of this data structure for application in
this research. Regarding the reconstructed 2D microscopic images available for this
work, the question remains: How can these images be represented to extract relevant
information for their subsequent analysis? This remains unclear, as the proper way to
construct graphs from tissue images is still not well established [257]. The answer to
the question lies in the construction of a graph from the image where nodes represent
cells or cellular components, and edges represent their various types of interactions
[51]. It is important to note that the interpretation and usage of nodes and edges
can vary depending on the biological structures observed in the images. Figure 1.8
illustrates a HeLa culture for a particular instant. In this case, it is clearly possible to
observe individual cells as distinct objects in the image. Then, the graph extracted
from this image consists of nodes (red points) representing cells and edges (green
lines) representing their spatial proximity. This graph representation allows for the
extraction of certain characteristics (or features) related to the network topology for
each cell, which can be used for the analysis of its spatial behavior. Additionally, it is
possible to link each cell over time by constructing edges that represent its temporal
proximity between successive frames in a time-lapse video.

Figure 1.9 depicts a tissue network formed from pancreatic epithelial cells. In
this network, individual cells and their interactions can not be visually distinguished
because the cells are mostly assembled together. The graph associated with this
image consists of nodes (red points) representing cell assemblies and edges (green
lines) corresponding to the cellular branches of the tissue network. Due to the
nature of the biological object considered, it is not prudent to extract features for
individual cell assemblies from this graph representation. Instead, it will be more
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convenient to extract features from the entire graph (globally), which could enable
the characterization of the evolution of this network over time.

20pm

Figure 1.8: Microscopic image-based graph representation for a HeLa culture. Red
points denote nodes in the graph and green lines correspond to their spatial proximity
(edges).

1.2.4 Objectives

As previously introduced, the general research objective is:
e Analyze 2D live-cell microscopic videos through graphs.

Thus, the aim is to explore the utilization of graphs on these microscopic videos and
their relevance to various applications. Based on the information provided above,
the following specific objectives are proposed:

o Construct appropriate graph representations from the provided datasets in
accordance with the analyzed task.

o Study the interpretability of generated graphs and evolving networks in biolog-
ical terms over time.

» Develop graph-based deep learning models (GNNs) for the prediction tasks
addressed, including cell classification and cell dry mass forecasting.

1.3 Graph-based methodology

1.3.1 Graph notions

In this section, key notions, definitions, and useful tools are introduced to facilitate
familiarity with graphs and the models that utilize this type of data structure.
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Figure 1.9: Microscopic image-based graph representation for pancreatic epithelial
cells. Red points denote nodes (cell assemblies) in the graph and green lines corre-
spond to their cellular branches (edges).

1.3.1.1 Graph definition

First, the definition of a graph will be introduced.

Definition 1.1 (Graph). A graph G is a pair G = (V, E) where:
« V is a set of nodes (vertices): {v;}iev
o F is a set of edges (paired vertices): {e;}ick-

In the following figure, an example of a graph G is shown:

VvV
{'vi}ieV

{ei}ieE

Figure 1.10: Example of a graph G
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So, the information about these two sets is all that is needed to retrieve the graph
structure.

As some examples of graphs were described previously (see Section 1.2.1), their
respective nodes and edges representations can now be illustrated as follows:

« In social networks, a node is represented by a person, and his/her relationships
with others represent the edges of the graph.

» For a molecule, its nodes are the atoms and the edges are determined by the
bonds between atoms.

o In recommendation systems, a node is represented by a customer and his/her
connections with others represent the edges of the graph.

o For knowledge graphs, a node is represented by a concept and the edges can
be seen as statements.

o For MRI, nodes represent brain regions, and the interactions between brain
regions represent the edges.

Graphs can have thousands or even millions of nodes and edges, making them
complex. Social networks are examples of such complex graphs, typically representing
data from millions of people, where an individual can have thousands of connections
with others.

1.3.1.2 Complete graph

Let G = (V, E) be a graph in which each node is connected to every other node.
Then, G is known as a complete graph. Figure 1.11 shows a complete graph with
5 nodes where all nodes are connected to each other.

Figure 1.11: Example of complete graph

1.3.1.3 Subgraph

Let G = (V, E) be a graph with V| E as its sets of nodes and edges, respectively.
Then, a subgraph H of the graph G is simply another graph formed from a subset
of the nodes and edges of G: H = (V' E') with V' € V and E' € E.

Figure 1.12 displays an example of subgraph construction. In this example, a
graph G with 7 nodes is considered, as shown in Figure 1.12a. From G, a subgraph
H is extracted, depicted in Figure 1.12b. This subgraph H consists of 4 nodes
(highlighted in green) and their associated edges.
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(a) Graph G (b) Subgraph H
Figure 1.12: Example of subgraph

1.3.1.4 Clique

For a graph G = (V, E), a clique C is a subset of the nodes such that every two
distinct nodes are connected (adjacent). Equivalently, a clique C' in G can be defined
as a complete induced subgraph. Figure 1.13 shows three examples of cliques for 2,
3 and 4 nodes.

(a) 2-nodes clique (edge)
(b) 3-nodes clique (triangle)

(c) 4-nodes clique
Figure 1.13: Clique examples on a graph

1.3.1.5 Features on graph

Graphs are capable of representing information at the node, edge, and global levels,
which may consist of numerical values, categorical attributes, or other characteristics.
This information could be defined as features for nodes, edges or graph, respectively.
Examples of features for graph representations include:

o In social networks, node features can include name, age, and job; edge features
can provide information about friendship (whether the individual is a friend),
following (whether the individual follows you), and family. Additionally, the
group of interest can be annotated as a global feature for the graph.

« In a molecule, atomic numbers can be used as features for atoms; the bond order
serves as an edge feature, and a global feature can be assigned to determine
whether the molecule is a drug.
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1.3.1.6 Edges orientation

Another important remark is that the edges of a graph can define a symmetric (or
non-symmetric) relation on nodes, that is, it is necessary to differentiate between
two types of graphs based on edge orientation: undirected and directed graphs.

An undirected graph is a graph whose edges have no direction. Each edge
represents a two-way relationship between two nodes and can be traversed in both
directions; in other words, all edges are bidirectional. Formally, an undirected graph
G = (V, E) has its set of edges E described by unordered pairs of elements of V.

L e

(a) Undirected graph (b) Directed graph
Figure 1.14: Types of graphs based on edges orientation

On the other hand, a directed graph (or digraph) is a graph with directed
edges, that is, edges indicate a one-way relationship, where each edge, which exists
between two nodes, can be traversed in a single direction. Formally, a directed graph
G = (V, E) has its set of edges E composed by ordered pairs of elements of V.

1.3.1.7 Edges weight

In a graph, edges can carry more information, that is, they can be assigned a weight,
which can be generally a continuous value (even zero or negative value). The edge
weights may play an important role in the graph structure, depending on the problem
being addressed. In Figures 1.15a and 1.15b, examples of graphs with weighted edges
are shown for an undirected graph and a directed graph, respectively.

(a) Undirected graph (b) Directed graph
Figure 1.15: Examples of graphs with weighted edges

1.3.1.8 Paths

A path is a sequence (or list) of edges connecting two nodes. In Figures 1.16a and
1.16b, examples of paths (red edges) that connect two nodes (colored brown) are
shown for an undirected graph and a directed graph. Thus, for an undirected graph,
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it can be observed that there will be numerous paths for any two nodes due to the
graph structure. However, this is not the case for a directed graph, where the number
of paths for any two nodes is limited due to the orientation of the edges presented

on the graph.

(a) Undirected graph (b) Directed graph
Figure 1.16: Paths on graphs

For two nodes, a shortest path is a path that connect these two nodes and the
sum of the weights of its constituent edges is the minimum possible. In Figures 1.17a
and 1.17b, examples of shortest paths (blue edges) that connect two nodes (colored
orange) are shown for an undirected graph and a directed graph.

The notion of the shortest path is widely used in the resolution of many combina-
torial optimization problems on graphs, where the goal is to find the paths between
all pairs of nodes that involve the shortest distances to reach each of them. Classical
combinatorial optimization problems on graphs include the minimum spanning tree
problem [150, 216], the shortest path problem (a well-known problem in graph
theory) [27, 75, 89], the traveling salesman problem [69, 154, 226, 240], and the
vehicle routing problem [70, 191].

(a) Undirected graph (b) Directed graph
Figure 1.17: Shortest paths on weighted graphs

1.3.2 Graph measures, construction and representation

1.3.2.1 Node measures

Some node-based measures on a graph G = (V| E) are introduced below. The
degree of a node is determined by the number of edges connected to it. It must
be emphasized that for a directed graph, each node has two degrees: in-degree and
out-degree. The out-degree is the number of outgoing edges emanating from a node
and the in-degree is the number of incoming edges onto a node. So, the total degree
of a node is given by the sum of its in-degree and out-degree.
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Figures 1.18a and 1.18b provide an idea of how to compute the node degree for
undirected and directed graphs. For the undirected graph, the green node has degree
4 since there are 4 neighbours connected to it. Instead, the blue node from the
directed graph has degree 6 because it has 4 incoming edges and 2 outgoing edges.

(a) Undirected graph (b) Directed graph
Figure 1.18: Node degree on graphs

The node mean neighbor degree measures the average degree of the node’s
neighborhood. This metric can reveal insights into the connectivity of the node’s
immediate neighborhood [23].

The node mean shortest path length measures the average minimum number
of steps required for a node to reach all other nodes in the network. This metric can
indicate how well a node is connected to other nodes within the graph [6].

Centrality measures help determine the importance of nodes within a graph.
Below, the following measures are introduced: betweenness centrality, closeness
centrality, and harmonic centrality.

The node betweenness centrality is defined as a measure of how often a
node lies on the shortest path between all pairs of nodes in a network. Betweenness
centrality [42] of a node w is the sum of the fraction of all-pairs shortest paths that
pass through u:

BC(u) = Z o(s,t|u)

s, teV J(S’t) ’

where V' is the set of nodes, o (s, t) is the number of shortest paths, and o(s, t|u) is the
number of those paths passing through some node other than u. If s = t,0(s,t) = 1,
and if u € s,t, o(s,tlu) = 0 [41].

To normalize the betweenness values obtained, they are multiplied by 2/((|V] —
1)(|V| —2)) for undirected graphs, and 1/((|V| — 1)(|V| — 2)) for directed graphs
where |V is the number of nodes in G.

The node closeness centrality is a global metric that shows how quickly a node
can communicate with other ones in the network. In a connected graph, closeness
centrality [90] of a node v is the reciprocal of the average shortest path distance to v
over all |V| — 1 reachable nodes

W) =
ZluV:‘l ' d(u7 U)

where d(u, v) is the shortest path distance between v and v, and |V|—1 is the number
of nodes reachable from v.

In a (not necessarily connected) graph, the harmonic centrality [39, 187] of
a node v is the sum of the reciprocal of the shortest path distances from all other
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nodes to v 1

HC(v) = ; o)’
where d(u, v) is the shortest path distance between u and v.

The following illustrates how to compute these centrality measures using a small
example. The undirected graph G, which has 7 nodes and is represented in Figure
1.19, is considered. It is also assumed that each edge in G has a weight equal to 1.

Firstly, the shortest path distances between all pairs of nodes on Gy are computed.
These calculations can be visualized in Table 1.1. To compute betweenness centrality,
every pair of nodes in the graph is considered, and the number of times a node can
interrupt the shortest paths between the two nodes of the pair is counted. Then, the
betweenness values are multiplied by 2/((7—1)(7—2) = 1/15 (since G is undirected)
to normalize them.

To calculate closeness centrality and harmonic centrality, the shortest path
distances previously calculated are used, and the respective formulas are applied.

) (6)
BoNoSo

(3)

(D)

Figure 1.19: Undirected graph Gy

Table 1.1: Shortest path distances on graph G

112|3(4(5]6/|7
1|-]1]1(2|3]44
211 |-11]112]3|3
3|1 1]-12]3|4]4
4|2 (1|2]-]1]2]2
513|213 |1|-]1/|1
614413121 |-]2
71413141212 -

Table 1.2: Node centrality measures on graph Gg

Betweenness .
Node centrality Closen(?ss HarmOI.nc
(normalized) centrality| centrality
1 0 6/15 10/3
2 13/45 6/11 25/6
3 0 6/15 10/3
4 13/45 6/10 4
5 16/45 6/11 25/6
6 0 6/16 17/6
7 0 6/16 17/6

The local clustering coefficient of a node quantifies how close its neighbours
are to being a clique (complete graph). Let G = (V, E) a graph, and e;; is an edge
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that connects nodes ¢ and j. Then, the neighborhood N; of node i is defined as
Ni = {j 1€ € Ev €5 € E},

and k; as the number of nodes in the neighbourhood of node i. Then, the local
clustering coefficient LC'¢(i) for a node i is given by a proportion of the number of
connections between the nodes within its neighborhood divided by the total number
of connections that could exist between them. For directed graphs [279], the local
clustering coefficient is defined as

{6]‘7]{ : j, ke NZ', ej,k € E}|
ki(k; —1) ’

and the local clustering coefficient for undirected graphs [279] is defined as

LCe(i) = 2/{ejr : j, k€ Niyejx € E}|7
where | - | represents the cardinality of the set.

An example is provided to illustrate the computation of the local clustering
coefficient for a given node in three scenarios. An undirected graph composed of four
nodes is considered, where the node (green) 7, has three neighbors. Different ways of
representing the links between the neighbors of the green node are explored.

Firstly, the total number of connections that could exist between its neighbors is
3. In Figure 1.20a, it is assumed that all its neighbors are connected to each other.
The local clustering coefficient is then calculated as follows

LCc(i) = |

L&ﬂﬁzgzL

Figure 1.20b illustrates the scenario when there is only one link within the neighbor-
hood of the green node. Therefore, the local clustering coefficient is

LOd%)Z;.

Finally, it is assumed that there are no links within the neighborhood of the green
node, which is shown in Figure 1.20c. Then, the local clustering coefficient is

L&ﬁﬁzgzo

< <

(a) LCc =1 (b) LCc=1/3

(c) LCc =0
Figure 1.20: Local clustering coefficient on a node
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A k-core is a maximal subgraph that contains nodes of degree k or more. The
core number [25] of a node is the largest value k of a k-core containing that node.
Figure 1.21 provides an example of an undirected graph used to compute the core
numbers of its nodes. In this figure, it is noted that orange nodes have a core
number equal to 1 since their maximal subgraph is composed of themselves and
their node neighbor (degree 1). Blue nodes have a core number of 2 because their
possible maximal subgraphs consist of themselves with two node neighbours (degree
2). Finally, red nodes have a core number equals to 3 since their maximal subgraph
corresponds to the complete graph formed by themselves (where they have degree 3).

Figure 1.21: Core number on a graph

1.3.2.2 Edge measures

As for the nodes, betweenness centrality can be also computed on edges. Betweenness
centrality [42] of an edge e is the sum of the fraction of all-pairs shortest paths that
pass through e

o(s,tle)

o(s,t)’

BC(e) = )]

s,teV’

where V' is the set of nodes, o(s,t) is the number of shortest paths, and o(s, tle) is
the number of those paths passing through edge e [41].

In addition, measures related to the distance or similarity between pairs of nodes
can be calculated, such as: Euclidean distance, relative displacement, cosine similarity,
ete.

Cosine similarity is a measure of how different two points (or vectors) are
based on their orientation rather than their magnitude. Given two nodes u, v with
their x-y positions g,y = (Uz, Uy), Vay = (U, vy), its cosine similarity (cos (6,,,)) is
defined by

cos (6u,) (U, V) _ Uglp + Uyly
[y ||V \/ug + ug\/vi + vl

Besides, the euclidean distance between v and v (denoted by d, ) is given by

Finally, the relative displacement between u and v (denoted by ) is defined
by

Tup = Uzy = Vay = (Ug = Vg, Uy — Uy).

1.3.2.3 Graph measures

The number of connected components in a graph can also be computed to discern
global arrangements within the network. In this context, a connected component is
defined as a subset of vertices in a graph that are interconnected by paths.
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Density: It is the ratio of the number of edges with respect to the maximum
possible edges. The density D for an undirected graph G = (V, F) is defined as

2|E]
D= il
VIV =1)
and for directed graphs is
£
D=
VIV =1)

where |V is the number of nodes and |E| is the number of edges in G.

The structural characteristics of the networks can be quantified using specific
network connectivity metrics, including the global clustering coefficient and network
assortativity. The global clustering coefficient (1.3.2.3) describes the tendency
of the network to build triangles by relating triplets of nodes to each other [180].
A closed triplet (see Figure 1.22a) is defined as three nodes that are connected by
three edges, while a open triplet (see Figure 1.22b) represents three nodes that are
connected by two edges [195].

(a) Closed triplet (b) Open triplet
Figure 1.22: Closed and open triplets

Then, the global clustering coefficient (GClc) for an undirected graph is defined

as

GCle — number of closed triplets

total number of triplets

Network assortativity (1.3.2.3) describes the preference of nodes to be connected
with others of similar properties, here specifically, in terms of the node degree (see
Figure 1.23a). Conversely, nodes that tend to connect with others having dissimilar
properties are known as disassortativity mixing (see Figure 1.23b). The assortativity
coefficient for an undirected graph is described as

_ i€ — 2 aibi
B 1-— Zz aibi ’

where e;; is the fraction of edges connecting nodes of type ¢ and j, a; is the sum
over e;; for all j, and b; is the sum over e;; for all ¢ [180]. No mixing preference is
shown for an assortativity coefficient » = 0, while positive values mean assortative
tendencies and negative values indicate disassortative tendencies [180].

Additionally, the following measures are introduced to represent global patterns
in the network structure:

Global efficiency: The efficiency of a pair of nodes in a graph is the multiplicative
inverse of the shortest path distance between the nodes. The average global efficiency
of a graph is the average efficiency of all pairs of nodes [153]. Global efficiency
examines how efficiently information is exchanged over the network [153, 231].

For an undirected graph G' = (V, E), its global efficiency Egy,y, is given by

r

1 1
B = B(@) = [GvT=1) 24 65
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(b) Disassortativity network

Figure 1.23: Examples of assortativity and disassortativity graphs

where d(7, j) is the shortest path distance between nodes i and j, and |V| is the total
number of nodes in G.

Local efficiency: The local efficiency of a node in the graph is the average global
efficiency of the subgraph induced by the neighbors of the node. The average local
efficiency is the average of the local efficiencies of each node [153]. Local efficiency
reveals how the network is fault tolerant, that is, how efficiently is information
transmitted locally when a node is removed [153, 231].

For an undirected graph G = (V, E), its local efficiency Ej,. is given by

1
Epoe = — Y E(G,
loc |V| (GZ)

eV
where E(G;) is the subgraph induced by the neighbors of node i, and |V| is the
number of nodes in G.

To facilitate a better understanding of these metrics, an example of their compu-
tation is provided below. Let H = (V| E) be an undirected graph with 5 nodes and

6 edges as shown in Figure 1.24. It is also assumed that each edge in H has a weight
equal to 1.
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(4)

Figure 1.24: Undirected graph H

To compute the global efficiency of H, the shortest path distances between all
pairs of nodes are first calculated. These distances can be observed in Table 1.3, and
their reciprocal values are illustrated in Table 1.4. Then, by summing all reciprocal
shortest path distances, the global efficiency of H is determined as follows

1 1 16
E(H) = — = — = 0.80.
(H) m;wm 20

Table 1.3: Shortest path distances on graph H
1/2/3|4)|5
111
11

2

NN DN —

UU | W N =
= = = =]

1
112
21212

Table 1.4: Reciprocal shortest path distances on graph H

1] 23] 4]5
1 - 1111
21 - [ 1| 1 |12
301 (12712
a1 12 - |12
501 1/21/2]1/2] -

To compute the local efficiency of H, one must determine the subgraph induced
by the neighbors of each node and then calculate the global efficiency of the resulting
subgraphs. Figure 1.25 illustrates the subgraph induced by the neighbors of each
node in H.

> & o

(a) Subgraph H; (b) Subgraph Hj (c) Subgraphs Hsz, Hy

@

(d) Subgraph Hj
Figure 1.25: Subgraph induced by the neighbors of each node in H
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For the subgraph induced by the neighbors of node 1, denoted as H; (Figure
1.25a), the shortest path distances and their reciprocal values are shown in Tables
1.5 and 1.6, respectively. The global efficiency of H; is

5

B(H) = =

Table 1.5: Shortest path distances on subgraph H;

213|415
2/-11|110
311|-12]0
4112 -10
5/0(00] -

Table 1.6: Reciprocal shortest path distances on subgraph H;

2] 3] 4 [5
2[-[ 11 7o
3[1] - [1/2]0
al1]12] - |0
5(0[ 00 |-

Tables 1.7 and 1.8 show the shortest path distances and their reciprocal values,
respectively for the subgraph Hs (Figure 1.25b). The global efficiency of H, is
5

B(Hy) = 2.

Table 1.7: Shortest path distances on subgraph H,

1134
1)-]1/1
3|1 -2
4112 -

Table 1.8: Reciprocal shortest path distances on subgraph Hs

1] 3 4
-] 1|1
311 - [1/2
al1[1/2] -

In this example, the subgraphs induced by the neighbors of nodes 3 and 4 (Figure
1.25¢) are the same. These subgraphs, denoted as H3 and Hy, consist of nodes 1 and
2, which are connected by an edge. Therefore, the shortest path distance between
these nodes is 1. The global efficiency for these subgraphs is

2
E(Hj3) = E(Hy) = 5= 1.
The subgraph induced by the neighbors of node 5 (Figure 1.25d), denoted as H,
consists solely of node 1, since node 5 has only node 1 as its neighbor. Consequently,
its global efficiency is zero.
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Finally, the local efficiency of H is given by

1/5 5 13
Epe==-(—4+2+1+1 = 2 = 0.65.
l 5(12+6+ + —i—O) 20 0.65

Number of bridges: a bridge in a graph is defined as an edge whose removal
increases the number of connected components in the graph. This metric is quantified
as the total number of bridges present in the graph. To illustrate this concept, consider
the example presented in Figure 1.26a, which depicts an undirected graph with 10
nodes and a single connected component. If the edges (1,2),(2,3), and (5,6) of this
graph are removed iteratively, the number of connected components starts to increase
until it becomes 4 (the maximum possible). Figure 1.26b shows the resulting graph
after cutting the edges mentioned above. Therefore, the number of bridges for this
graph is 3 because only 3 edges need to be removed to increase the total number of

connected components.

(b) Graph after cutting edges
(bridges)
Figure 1.26: Example of bridges on a graph

1.3.2.4 Graph construction

This section aims to introduce the various graph construction methods employed to
address the applications examined in this thesis.

Most of the graphs utilized in other research areas, such as social networks and
recommendation systems, already have their topological structures predefined; that
is, their edges are known. However, for the majority of the datasets employed in this
work, which consist of 2D microscopic images of cell cultures, graphs cannot be easily
inferred. In other words, the construction of the edges to define the topology of the
graph remains unclear. It is important to note an exception for the rest of datasets
handled in this work, corresponding to biological networks that form cellular tissues.
In this case, the graph can be derived from the skeleton obtained from the binarized
image, as will be illustrated in Chapter 2.
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For datasets consisting of 2D microscopic images of cell cultures, the idea is to
build a graph by relating the spatial proximity between nodes (cells) in an image.
This approach can also be used to infer a notion of temporal proximity between two
distinct and ordered frame images.

The notion of spatial proximity involves constructing graph edges by fixing a
connectivity radius (or threshold) 7. Specifically, if the distance between two nodes
is less than or equal to 7, an edge is created between them; otherwise, no edge is
formed. This type of construction is referred to as a Distance graph.

Below, some graph structures used in the different applications described in the
following chapters are presented:

Delaunay graph is based on Delaunay triangulation, which subdivides the
convex hull of a set of points in the plane into triangles whose circumcircles contain
no other points [72]. For a given set of points, the Delaunay graph is defined by
the edges corresponding to the sides of the triangles that satisfy the triangulation

condition (see Figure 1.27). Furthermore, a threshold is applied to remove some
distant edges if necessary.

A
R 1"-_‘_

— o]
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i .
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-

-~

Figure 1.27: Delaunay triangulations. Source: Wikipedia!

Gabriel graph is a subgraph of the Delaunay triangulation. Given a node set S
of the Gabriel graph G, if for any two distinct points a € S and b € S, the closed
disc having ab as a diameter contains no other points, then, a and b are adjacent

(see Figure 1.28); that is, (a,b) is an edge on G [92]. A threshold is also applied to
remove some distant edges if necessary.

-
L]

Figure 1.28: Gabriel node pairs. Source: Wikipedia?

"https://en.wikipedia.org/wiki/Delaunay_triangulation
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Urquhart graph is also a subgraph of the Delaunay triangulation. For a given
set of points, the Urquhart graph is obtained by removing the longest edge from
each of triangle in the Delaunay triangulation [266]. As before, a threshold is applied
to remove some distant edges if necessary.

Figure 1.29 shows an example of an Urquhart graph. The longest edges, which
are thin and cyan, are removed from each Delaunay triangle.

Figure 1.29: Example of Urquhart graph. Source: Wikipedia®

The k-Nearest Neighbors (k-NN) graph [18] is defined as a graph G = (V, E)
where an edge connects two nodes, u and v, if the distance between them is one of
the k smallest distances from u to any other node in V. In Figure 1.30, an example
of a k-NN graph (k=1) of 100 points in the Euclidean space is observed.

“ 1
:HE '
F‘:-ﬂ.x 'V:: /

Figure 1.30: Example of k-NN graph (k = 1). Source: Wikipedia®

’https://en.wikipedia.org/wiki/Gabriel_graph
3https://en.wikipedia.org/wiki/Urquhart_graph
4https ://en.wikipedia.org/wiki/Nearest_neighbor_graph
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1.3.2.5 Graph representation

Graphs can be stored and their structure retrieved (at any time) through three
main representations: an adjacency matrix, an adjacency list, and a sparse matrix.
These representations also allow for working efficiently on graphs, that is, performing
calculations on them.

Each of these representations is described below.

Definition 1.2 (Adjacency matrix). Let be G = (V, E) a graph. The adjacency
matrix of G is defined as a matrix A € My ,jv|, where each entry of A is given by

1 if there is an edge between nodes 7 and j.
Q; ) =
() 0 if not

fori,j=1,2,...,V.

Then, for the next undirected graph G
(D—(3)
A/
7

Figure 1.31: Undirected graph G,

Its adjacency matrix is

O OO = = O
OO = OO =
_ O = O O =
_ = O == O
_ o =k O OO
O R~ Rk OO

Alternatively, consider the following directed graph Go

oy
OO
i

Figure 1.32: Directed graph Gs
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So, its adjacency matrix is

Ag, =

O OO O oo
S OO O o
_ O OO o
OO O = = O
OO~ O OO
O R R R, OO

It is important to note that Ag, is a symmetric matrix, whereas Ag,is a non-
symmetric matrix.

Definition 1.3 (Adjacency list). Let be G = (V, E') a graph. The adjacency list Lg
of G is a collection of unordered lists, where each unordered list within Lg describes
the set of neighbors of a particular node in G.

Consider the directed graph G5 depicted in Figure 1.32. The adjacency list L,
for this graph can be represented as follows

(1] —[2]—[3]

L¢

2

Il
A

[1,2], [1,3]
2, 4]
_ | [3:4]
La, [4,5], [4,6]
[5, 6]
| [6,3]

Nodes and edge weights, if available, can also be stored as lists. In this example, it
can be assumed that the list of nodes Ly is

Ly =[1.0,1.0,1.0,1.0,1.0,1.0],
and the list of edge weights Ly is
Lr =10.3,04,0.5,1.0,1.0,1.0,1.0,1.0].

Both introduced representations have some advantages and disadvantages. The
adjacency matrix has a scale of [V|? (where V] is the number of nodes), which means
it occupies a lot of space in memory. However, it can be sparse if there are not many
edges in the graph. Furthermore, it requires N! permutations to represent the same
graph, and it is easy to find an edge since one only needs to access the position (row
and column) on the matrix. On the other hand, the adjacency list has a scale of |E|
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(where |E| is the number of edges), which means it occupies less space in memory.
However, it might be difficult to find an edge since, in the extreme case, one has to
visit at most |V| — 1 entries of a node to find the edge, involving |V| — 1 operations.
In contrast, for the adjacency matrix, only 1 operation is needed to find the edge.

An alternative to the adjacency list, is the use of a sparse matrix data structure.
In such case only the non-zero elements are kept along with their coordinates and
everything else is discarded as non-informative [147]. This data structure is defined
below.

Definition 1.4 (Sparse matrix). Let be G = (V, E) a graph and A € My |4 v/ its
adjacency matrix. The sparse matrix of G is defined as a matrix Spg € Moy g (or
M3y g for weighted graphs), where the first row keeps the i coordinate for each
element in A(7, j), and the second row the j coordinate in A(i,j). For weighted
graphs, the third row keeps the weight associated to each edge.

For the directed graph G, given in Figure 1.32, its sparse matrix is
Spr 112 3 45 6
Pe2=12 3 44 56 6 3
Generally, the sparse matrix is the primary data structure used in most GNN-based

models due to its efficient storage of information.
Finally, the notation for some useful matrices is introduced:

O =~

o A: the adjacency matrix, which could include edge weights.

e D: the node degree matrix, which is a diagonal matrix with the number of
edges for each node.

e L: the Laplacian matrix, which is used on spectral analysis and is defined by
L=D-A.

e X: the node features matrix, which contains information stored on nodes.

e Xp: the edge features matrix, which contains information stored on edges.

1.3.3 Learning on graphs

After introducing the definition of a graph and some notions about this type of data
structure, it will be shown below how learning on graphs is done and what types of
predictive tasks can be performed on them.

1.3.3.1 Graph embedding

Figure 1.33 illustrates the procedure for performing graph learning, depending on
the specific prediction task. First, the node features matrix X, adjacency matrix A
(and even the edge features matrix Xg) are input into an encoder network, which
is generally a neural network architecture. This network transforms (or encodes)
their information into a latent space denoted by Z, which is generally a matrix of
dimension lower than the input data. This process is known as graph embedding,
as it encodes the structure of the graph, given by X, Xg and A, into a better
representation of lower dimension. Subsequently, the embedding matrix Z is passed

48



through a decoder network, which is generally a neural network architecture, to
obtain the estimated outputs depending on the predictive task to be performed. In
this case, estimated labels for nodes, edges, or graphs can be obtained to perform
labeling, classification, or regression tasks on nodes; link prediction on edges; and
graph classification. Besides, an estimate of the adjacency matrix can be retrieved,
which is used to optimize the latent space in encoder-decoder architectures for graphs,
such as Graph Auto-Encoders or Variational Graph Auto-Encoders [145].

The embedding matrix Z has to be suited for the task, that is, it has to be
learnable in the sense that certain properties or characteristics of the graph structure
should be identifiable in this new space; otherwise, the model will not be able to
learn the dynamics and information necessary to perform well the assigned task.

Edge features
Xg

Node features Embedding
X VA

Adjacency
matrix

A

)

Figure 1.33: Graph embedding

1.3.3.2 Inductive and Transductive learning

It is necessary to distinguish between two types of learning: inductive and transductive
learning. On the one hand, the general principle of inductive learning is that a
subset of graphs from the dataset is used to train the model, while the remaining
data is reserved for evaluating its performance. This allows the generalization to
new graphs since the model is evaluated by using unseen data. When treating the
dataset solely as a graph, inductive learning assumes that the model has access only
to a subset of the graph (the training set), while allowing the addition of new nodes.

On the other hand, transductive learning assumes that the model has access
to the entire dataset, which means it cannot generalize to new data, as training is
performed using all available samples. In case of considering the dataset as just a
graph, the transductive learning refers to the model for its access to the complete
graphs, and it is not possible to add new nodes. In this context, it is possible to label
nodes, which were masked during the training phase or find new edges on the graph.

1.3.3.3 Prediction tasks

The following presents some applications that can be performed on nodes, edges, or
entire graphs (see Figure 1.34).

For nodes, prediction tasks include labeling nodes in a graph (clustering); iden-
tifying the topic of a research paper (CORA® dataset); detecting bots in a social
network or identifying different communities in a social graph (community detection);
labeling new nodes (classification); and performing regression.

Shttps://graphsandnetworks.com/the-cora-dataset/
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For edges, relationships can be inferred (link prediction), such as the contact
map of amino acids (AlphaFold®); contact suggestions in social networks; directions
between two locations to optimize estimated time of arrival (ETA); citations between
articles; and relationships between segments in images.

For graphs, similarities between entire graphs can be assessed, or properties such
as chemical characteristics (e.g., solubility, carcinogenicity, potential drug candidates)
can be predicted. Graph-level classification tasks also include identifying research
fields within an ego network.

Mode Classification Link Prediction Graph Classification
o @ @9 @ ©
e—9©° o5 9 0,°/.°
® o4 @ B¢ O¢ gg
Community Detection Anomaly Detection
,. : . 'x_,: HJ

o W & i
o O

Figure 1.34: Some examples of graph prediction tasks. Source: https://
short-link.me/medium-gnn-applications

1.3.4 GNN methods

This section explains how a Graph Neural Network (GNN)-based model works.
Specifically, the principal GNN layers used are presented and described based on
the manner in which propagation is performed. These layers form the basis for
developing both new and existing state-of-the-art GNN models.

As observed or described so far, Graph Neural Networks (GNNs) [238] generally
take as input a graph endowed with node and edge features, along with its adjacency
matrix, and compute a function that depends on both the features and the graph
structure. In this context, an architecture is introduced below that allows the
transmission of information between nodes through the notion of messages, which is
known as Message Passing Neural Networks (MPNN) [96]. This type of structure
propagates node features by exchanging information between adjacent nodes. A
classic MPNN architecture has several propagation layers, where each node is updated
based on the aggregation of its neighbors’ features. These aggregation functions are
usually parametric, and generally come in 3 different types of graph neural network:
graph convolution, message passing and graph attention (see Figure 1.35).

In the following, each of these aggregation functions will be described.

Shttps://www.deepmind.com/research/highlighted-research/alphafold
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Figure 1.35: Example dataflows in three mainly types of GNN: graph convolution
(left), graph attention (middle) and message passing (right). Source: https://blogs.
nvidia.com/blog/what-are-graph-neural-networks/

1.3.4.1 Graph convolution

This method enables the extension of the convolution operator by introducing the
neighborhood aggregation, where the information of a given node is updated from
its neighbors’ information (see Figure 1.36). It is possible to make use of graph
convolutions known from spectral graph theory ([47, 116]) to define parameterized
filters that are used in a multi-layer neural network model, in order to replicate a
“classical” convolutional neural network (CNN).

This new convolution operator must be permutation invariant” since this property
is a key inductive bias for graph representation learning [194]. This condition could
become challenging since the number of neighbors is unlikely to be constant. This
operator is defined as follows.

_ i i
i = A& o
o [0+ w > ]

4 toemged

Wndate ™

Figure 1.36: Graphical representation of the convolution mechanism. Node features
from neighboring nodes (blue) and the target node (red) are averaged together (in
practice, the node features are normalized using the inverse of the degree matrix
instead of simple averaging). The resulting value is then combined with a weight
vector (W), updating the target node’s features with the output. Source: https:
//short-1link.me/medium-gnn-applications

Let G = (V, E) be a graph with N nodes: {v;}ic(1,...n}, @ node features matrix
X e RV*F with F the number of input features and its adjacency matrix A. Then,
as previously stated, for a MPNN model, the goal is to learn a function of features
on G, which produces a node-level output Z € RY*¥ where F is the number of
output features per node. Then, every neural network layer can then be written as a

"Permutation invariant means the permutation of the nodes of the input graph does not
affect the output [127].
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non-linear function

H(lJrl) = f(H(l)vA)v (11)

with H® = X and H®) = Z, L being the number of layers. Then, the (basic) I-th
layer graph convolution (network), given by f, is defined as

FHD, A) =0 (AHU)W(”) (1.2)

where W is a weight matrix for the i-th neural network layer and o(-) is a non-linear
activation function. However, f presents two limitations: the first one consists of
multiplying by A means that, for every node, all the feature vectors of all neighboring
nodes are summed, excluding the node itself unless there are self-loops in the graph.
This can be addressed by enforcing self-loops in the graph, that is, by simply adding
the identity matrix to A.

The second limitation is that A is generally not normalized and therefore the
multiplication with A will completely change the scale of the feature vectors. In
practice, the matrix A is normalized by D Y2AD /2, where D is the diagonal
node degree matrix.

By combining these two solutions, the [-th layer graph convolution introduced in
[146] is obtained
A —1/2

f(HO, 4) =0 (D AD " HOWD) (1.3)
with A = A+ ] , where [ is the identity matrix and D is the diagonal node degree
matrix of A.

For a graph convolution layer, several steps are needed to retrieve information
for distant nodes. In the case for large graphs, it might be useful to apply a cutoff.
It is possible to use a virtual node connected to all other nodes, but in practice, this
becomes quickly intractable.

1.3.4.2 Message passing

This type of structure was introduced in [96]. The idea behind the notion of message
passing is to aggregate the neighbors’ messages computed from a given node to
update its node features. Formally, this method is described as follows for a single
message passing layer.

Considering, G = (V, E) a graph with N nodes: {v;}icq1,.. N}, @ node features
matrix X € RV* and an (optional) edge features matrix Xz € RV*¥" where F' and
F' are the number of input features for nodes and edges respectively. Then, with
x; € RT denoting node features of node i and e;; € R” " denoting edge features from
node j to node 7, message passing layer can be described as

h; =~ <Xz‘, P (Xi7xj7eij)> (1.4)

JEN;

where h; is the node features update for node i, N; is some neighborhood of node
i in the graph, @ denotes a differentiable, permutation invariant function, e.g.

sum, average or max; and v, ¢ denote differentiable functions such as Multi Layer
Perceptrons (MLPs) [228].
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As can be seen in Equation 1.4, messages are computed from neighbors of node 7
and aggregated by

msg, = @SO(Xian,eij)- (1.5)
JEN;

Finally, the node features update of node ¢ is computed by using its previous state
and the messages aggregated

hy = 7 (x;, msg,) . (L6)

Embeddings can also be generated for each part of the graph (possibly with different
vector sizes), where each one can learn from the others via a transformation.
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Figure 1.37: Graphical representation of the message <pabssing mechanism. For
node 1 with neighborhood nodes 2 and 3, the features hj "1 and the features for

its immediate neighbors h(kH) hgkﬂ are first aggregated. Once the aggregation
is done then it will update its own state hg’f)”). Source: https://www.aritrasen.

com/graph-neural-network-message-passing-gcn-1-1/

1.3.4.3 Graph attention

The mechanism of attention on graphs was introduced in [269]. This approach
employs a self-attention mechanism over the node features. The method for a single
graph attentional layer will then be described (see Figure 1.38).

Let be G = (V, E) a graph with N nodes: {vl}le{l ny- S0, the input data to the
layer is a set of node features, h = {hl, hg, . hN} h e RF, where F is the number
of features in each node. The layer produces a set of node features (of potentially
different cardinality F’) h' = {H’l, _"2, o ,ﬁ’jv}, hi € RF' as its output.

So, the input features are transformed into higher-level features (where at least
one learnable linear transformation is required) to obtain sufficient expressive power.
For this purpose, a shared linear transformation, parametrized by a weight matrix,
W e RF'*F s applied to every node. Then, self-attention is performed on the nodes;
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that is, a shared attentional mechanism a : RF" x R’ — R computes attention
coefficients

Cij = G(Wﬁl,WHJ) (17)
which indicates the importance of node j’s features to node 7. In order to inject the
graph structure into the mechanism, masked attention is performed. That is, ¢;; is
only computed for nodes j € N;, where N; is some neighborhood of node i in the

graph. Then, to make coefficients easily comparable across different nodes, they are
normalized across all choices of j using the softmax function

_ exp(cey)
D ken; €XP (cik)

(1.8)

a;; = softmax;(c;;)

In [269], a is taken as a single-layer feedforward neural network, parametrized by a
weight vector & € R?"" | and applying a non-linear activation function, in this case,
the LeakyReLU function (with negative input slope @ = 0.2). Then, the coefficients
computed by the attention mechanism may be expressed as

exp (LeakyReLU (5T [Wh | WFL;]))

(1.9)

Oéij

S e (LeakyReLU (a7 [WH, | Wi,]))

where -7 represents transposition and | is the concatenation operation.

After obtained, the normalized attention coefficients are used to compute a linear
combination of features corresponding to them, to serve as the final output features
for every node (after potentially applying a non-linearity, o)

W =o <Z aijwﬁj> . (1.10)

JeN;

To stabilize the learning process of self-attention, multi-head attention is employed,
similarly to the method introduced by Vaswani et al. [267]. Specifically, K indepen-
dent attention mechanisms execute the transformation of Equation 1.10, and then
their features are concatenated, resulting in the following output feature representa-

tion P
hp=|| o (Z afjw’fﬁj> . (1.11)
k=1 JEN;

where | represents concatenation, o, are normalized attention coefficients computed

by the k-th attention mechanism (a*) and W* is the corresponding input linear
transformation’s weight matrix. So, it can be noted that the final returned output,
h', will consist of K F"' features.

Specially, if multi-head attention is applied to the final (prediction) layer of the
network, concatenation becomes impractical. Instead, averaging is utilized, and the
application of the final non-linearity—typically a softmax or logistic sigmoid for
classification tasks—is delayed until this stage.

K

W, =o (Il{ Y a@W%) . (1.12)

k=1 jeN;
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Figure 1.38: Graphical representation of attention mechanism [269]. Left: The
attention mechanism CL(WEi, WFL]) employed by graph attention layer, defined in
Equation 1.7. Right: An illustration of multihead attention by node 1 on its
neighborhood. Different arrow styles and colors denoted independent attention
computations. The aggregated features from each head are concatenated or averaged
to obtain A/ as defined in Equation 1.12.

An illustrative diagram with some (non exhaustive) examples of GNN models
depending on the graph structure, prediction task or features used as input data
(node and edge features, adjacency matrix) is described in [53].

GNN models were built using the PyTorch Geometric®(PyG) library from Python,
which is based on the PyTorch? framework. However, these models could also be
constructed using the TensorFlow'? framework if needed. Other libraries that utilize
graph-type structures or have implemented GNN models could also be explored.
Additionally, the deep learning model used in Chapter 2 was also built using the
PyTorch framework.

1.3.5 GNN-based applications

In this section, some applications derived in biology and using microscopic data are
discussed, mainly focusing on dynamics and interactions in network topology and
the analysis of microscopic images.

1.3.5.1 Dynamics and interactions in network topology

Biological networks can be effectively represented and analyzed using graph the-
ory [93, 147], which provides valuable insights into the structural organization and
relationships within biological data. This approach is particularly useful for under-
standing complex cell-cell interactions, a task that still remains a significant challenge.
By leveraging graph-based methods, researchers can uncover patterns and dynamics
that inform the storage, visualization, and analysis of intricate biological systems.
Wang et al. [277] proposed a GNN-based approach to predict the prognosis of
gastric cancer patients using Cell-Graph data from multiplexed immunohistochemistry

8https://pytorch-geometric.readthedocs.io/en/latest/#
Shttps://pytorch.org/
Onttps://www.tensorflow.org/
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images. Cell-graphs [290] are constructed by computing the Euclidean distance
between any pairs of cells and fixing a connectivity radius (in pixels) proportional to
the maximum effective distance between immune and tumor cells.

Bafna et al. [21] proposed CLARIFY, a tool that takes gene regulatory networks
(GRNs) as input and uses them along with spatially resolved gene expression data to
infer cell-cell interactions. This model employs a novel multi-level graph autoencoder,
which mimics cellular networks at a higher level and cell-specific GRNs at a deeper
level.

Wang et al. [274] introduced scGNN (single-cell graph neural network), a
hypothesis-free deep learning framework for analyzing scRNA-Seq data. This frame-
work models cell-cell relationships through graph neural networks and captures
heterogeneous gene expression patterns using a left-truncated Gaussian mixture
model [190]. scGNN combines three iterative multi-modal autoencoders, achieving
superior performance in gene imputation and cell clustering on four benchmark
scRNA-Seq datasets.

Acharya et al. [3] have proposed a deep neural network model that employs a
CNN as the initial feature extractor, followed by a GNN for predicting cell cycle
states. A different timestamp is added to the feature vectors, representing this
information as a graph to capture internal interactions and predict the subsequent
cell state.

Recent graph-based deep learning (DL) models have demonstrated excellent
performance by leveraging spatial and/or temporal components within graphs. In
this context, there exists AlphaFold [138], a DL approach that predicts the 3D
structure of a protein by using its amino acid sequence as input data. In this model,
the prediction task is viewed as a graph inference problem in 3D space, where the
edges of the graph are defined by residues in proximity.

Wu et al. [284] have developed SPACE-GM, a geometric deep learning (DL)
framework that flexibly models tumor microenvironments (TMEs) as cellular graphs.
SPACE-GM employs a graph isomorphism network (GIN) [287] as its backbone and
multiple multilayer perceptrons (MLPs) [228] as prediction heads. In this model,
spatial cellular graphs are constructed from Voronoi polygons [49, 175, 243], where
each node represents a cell, and the edges indicate adjacent cells.

Brbi¢ et al. [44] have developed STELLAR, a geometric deep learning (DL)
method for cell-type discovery and identification in spatially resolved single-cell
datasets. STELLAR automatically assigns cells to cell types present in the annotated
reference dataset and discovers novel cell types and cell states. In this model, the
graph is constructed using the spatial proximity of cells, with molecular features of
cells serving as node features.

Pineda et al. [213] have implemented MAGIK, a geometric deep learning ap-
proach that accurately estimates dynamical properties in various biologically relevant
scenarios, such as cell division by considering temporal edges within a fixed time
window. This deep-learning method relies on a graph neural network enhanced by
attention-based components. By processing object features with geometric priors,
the network is capable of performing multiple tasks, including node regression and
classification, link prediction, and global dynamic properties prediction.
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1.3.5.2 Cell image analysis

In cellular image analysis, two current and popular tasks are cell segmentation and
tracking. However, these tasks remain challenging due to handling large datasets,
tracking cells in dense and overlapping populations, and addressing motion blur or
photobleaching during imaging.

Researchers have recently developed several high-performing graph-based models
for these two tasks. Hajdowska et al. [103] propose a graph-based algorithm called
GRABaCELL to improve the automatic segmentation and counting of living cells
from fluorescence microscope images. This approach is based on a graph cuts
optimization method [40].

Chowdhury et al. [62] model the problem of cell tracking over pairs of video
microscopy image frames as a minimum weight matching problem in bipartite graphs
[74, 20]. The bipartite matching essentially establishes one-to-one correspondences
between cells in different frames.

Ben-Haim and Riklin-Raviv [28] have introduced a novel GNN approach for cell
tracking in high-throughput microscopy videos for 2D and 3D datasets of different
cell types. This approach models the entire time-lapse sequence as a directed graph,
where cell instances are represented by its nodes and their associations by its edges.
This new GNN block type enables a mutual update of node and edge feature vectors,
thus facilitating the underlying message-passing process.

On the other hand, MAGIK [213] also offers solutions to the tracking problem in
two distinct ways. First, this model can be used to derive the trajectories of observed
objects based on the structure of their spatial and temporal connections. Second,
MAGIK enables the characterization of the motion of imaged objects through their
spatio-temporal connection graph, thereby bypassing the need for explicit tracking.

Zhao et al. [301] have proposed a novel deep learning (DL) approach featur-
ing graph-based tracking for cell segmentation and tracking in microscopy images.
To enable comprehensive cell detection and instance segmentation, they combine
DeepLabv3+ [59] for semantic segmentation and ResNet50 [108] for enhanced feature
extraction. The relative positions of graph nodes are used to track segmented cells,
encompassing cell division and apoptosis.
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Chapter 2

Characterization of cellular tissues

This chapter describes the first application analyzed in this thesis. The main idea of
this application is to characterize network-type cellular tissues as graphs and then
build features that help understand and distinguish the formation process of these
structures under different initial conditions.

This work represents an interdisciplinary collaboration with Maxim Balakirev, a
Research Scientist at the Large-Scale Biology Research Laboratory (BGE) from CEA.
One of his current work involves the study of a particular phenomenon, which shows
the transformation of cells aggregation into tubular network structures to develop
organoids. The behavior of this network formation has been observed in manipulating
epithelial cells (Figure 2.1), which are specialized cells type that form a physical
barrier by lining the cavities of the major organs (the skin, lungs, gastrointestinal
tract, and genitourinary system) separating them from one another and the external
environment [129].

Figure 2.1: Bright-field image of Human Pancreatic Duct Epithelial Cells. Source:
https://www.sigmaaldrich.com/FR/en/product/mm/scc442

Besides, this epithelial cells-based network formation immediately rises the fol-
lowing question: how is this process derived? Cell-cell interactions, inhibited by the
utilization of drugs on cells, and cell-matrix interactions, produced on the extracellu-
lar matrix (ECM), can lead to a possible explanation to this question. The ECM
(Figure 2.2) is an assembly of macromolecules (of protein and carbohydrate nature)
that bind together homologous or heterologous cells and organize them into tissues
[134]. There exist biological models that can explain this cellular network formation,
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which are possibly based on the knowledge from epithelial-angiogenesis studies [87,
105]. Angiogenesis is the process of new blood vessels growth from pre-existing ones
[236].
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Figure 2.2: Illustration depicting extracellular matrix (basement membrane and
interstitial matrix) in relation to epithelium, endothelium and connective tissue

This cellular network formation phenomenon can potentially become an important
area of study in biology because its overall analysis can conduct to the study of diseases
(in particular, pancreatic diseases) and the potential development of treatments.
The capability of analyzing cell dynamics that lead to this process and quantifying
observed structural changes are crucial for the comprehension of this type of cellular
behavior. However, capturing and representing the complex connectivity of networks
from two-dimensional (2D) microscopic images of cells remains a challenging task.
Lens-free imaging is a useful technique that allows for the visualization of biological
objects. However, it also requires a well-performing analysis of the images acquired,
which is also challenging. This can be observed when trying to segment cell structures-
based images through current image-processing methods.

Figure 2.3 illustrates the comparison between two segmentation methods: ERnet
(a recent deep learning method for the semantic segmentation) [180], and Otsu’s
algorithm [204] at 3 time-steps for a video of 2D epithelial cells growth images.
In this example, it is observed that both methods generate good results at t =
17h20min. However, ERnet performs better at t = 43h, whereas Otsu works better
at t = 7T0h40min (see red rectangles). Besides, it could be necessary to complement
these approaches with another image techniques as for example some morphological
operations like opening, closing, erosion, dilation, etc. Therefore, there is no unique
segmentation method for handling these images. An intuitive idea to deal with this
problematic is to define a deep learning-based model that encapsulates all these
methods together, which will be seen later.

Additionally, individual cells or cell aggregates can exhibit dynamic behaviors over
time, which could need to be quantified for subsequent analysis and interpretation.
These cells or cell aggregates can form cellular networks, which can be represented as
mathematical graphs, with nodes representing cell structures and edges corresponding
to their connections [88]. These mathematical objects can allow for the quantification
of metrics derived from their topological structures, potentially explaining the
biological changes observed in the behavior of the cells. This process involves
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transforming segmented images into graphs that represent the corresponding network
structures. This can be achieved through the computation of the skeleton shape
from the segmented images using image processing tools.

A workflow (Figure 2.6) is therefore proposed that enables the description of
network connectivity from processed images, based on existing models and tools.
Images are segmented, skeletonized, and then represented by graphs to quantify
suitable and efficient metrics associated to the network connectivity. Three datasets of
dynamic cell networks formed by pancreatic epithelial cells, which exhibit particular
biological behaviors, are studied. Graph metrics were identified to distinguish between
different experimental conditions.
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Figure 2.3: Comparison between ERnet and Otsu methods at 3 frames for a video of 2D epithelial cells growth images. Red rectangles
show differences between these two methods.



2.1 Research context

Tissue formation follows a tightly regulated morphogenetic program that involves
iterative interactions between cells and cell assemblies (or clusters) guiding cellular
differentiation and patterning over a large scale. This poorly characterized emergent
process allows single cells to self-organize into complex interconnected macro-scale
structures [237].

The assembly of cells into networks plays a crucial role in tissue morphogenesis
across various scales: from the initial establishment of cell-cell contacts to the final
arrangement of multicellular elements within the tissue structure. For instance, in
vasculogenesis, endothelial cells initially form single-cell networks that subsequently
evolve into complex, branched hierarchical networks of multicellular vessels [37].
This interconnected network formation is not limited to circulatory, lymphatic,
and nervous systems; it is also vital for the branching morphogenesis of glandular
epithelium in organs such as the breast, lung, stomach, colon, pancreas, prostate,
uterus, and cervix [107]. Dysfunctions in tissue morphogenesis are implicated in
numerous pathologies, including cancer. Hence, studying cell network formation is
crucial for understanding both the mechanisms of natural tissue morphogenesis and
the development of human diseases.

Cell network formation is being unraveled through biological models based on
knowledge from epithelial-angiogenesis studies, as mentioned previously. The process
of network formation could be summarized through two types of interactions: cell-cell
interactions and cell-matrix interactions. Cell-cell interactions are modulated by a
drug that alters the speed of cell communication, motility, and migration, depending
on the concentration administrated. Cell-matrix interactions enable cells spreading
themselves. This occur when cells interact through various molecular signals and
biomechanical forces mediated by the ECM stiffness!. Figure 2.4 illustrates an
overview for uniform cell spreading on soft versus stiff substrates based in [223].
Cells (gray) extend protrusions (cyan) to test the stiffness of their substrate. On soft
substrates, forces develop slowly, preventing strong adhesions, and the cell retracts its
protrusion. On stiff substrates, forces build up quickly, stabilizing focal adhesions and
promoting cell adhesion. This cycle repeats, enabling the cell to spread maximally
based on the substrate’s rigidity [223]. In summary, by controlling the parameters of
drug’s concentration and matrix stiffness, it is possible to speed up or slow down the
network formation.

To comprehend the impact of the factors involved through cell-cell interactions
and cell-matrix interactions on the dynamics of self-organization processes and the
final structure outcomes, it is necessary to provide quantitative and temporal analysis
of the cell network formation.

To achieve this, suitable imaging tools need to be utilized to observe these network
structures to the greatest extent possible. Lens-free microscopy is a recent technique
capable of observing these cellular networks over a wide field of view. Images acquired
through this microscopic technique should be analyzed using segmentation methods
to ensure explicit identification of all cells and their respective structures within the
cellular network. As previously discussed at the beginning of this chapter, current
segmentation models are not sufficiently effective to handle the dataset presented

IStiffness is the extent to which an object resists deformation in response to an applied force
[250].
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Figure 2.4: A diagram explaining cells spreading based on the stiffness of their
substrate. When a cell is on a soft substrate (top), it forms protrusions that may
attach to the ECM but often retract due to insufficient adhesive force. In contrast,
on a stiff substrate (bottom), the cell builds up force more rapidly. This allows the
cell to stick and spread further on the stiff substrate [223].

in this study, which consists of videos of pancreatic epithelial cells growth within
an ECM (hydrogel). This can be complemented by the fact that the appearance of
the images through the time-lapse varies considerably, making it difficult to have
a pipeline that works consistently from the beginning to the end of the video. To
address this issue, a new segmentation method should be proposed to manage this
type of data.

Individual cells or cell aggregates form cellular networks, which can display
dynamic behaviors over time, requiring quantification for further analysis and inter-
pretation. These cellular networks can be depicted as mathematical graphs, with
nodes representing cellular components and edges denoting cellular branches [51].
Consequently, graphs are utilized to efficiently capture the connectivity of the cellular
network derived from segmented images (see Figure 2.5). By using graph theory,
features are constructed based on the network, and metrics are quantified for network
analysis.

B o T

.:P" Ak i A4

SR T
1 L Wy T o
t‘]’:‘g T'“Ir :g_-.,"‘" .r"t--._ ,.I-r'fj_il%
T BN e
ol 4 L8 PR S aar T1T
i AR
£ H. at —-"'#.-"q"'l P & L 0 \%
Cron b AT Pig. ¥

Figure 2.5: Representation of a cellular tissue network as a graph. Left: acquired
input image. Right: graph representation derived from the acquired image. It
is clearly observed that nodes represent cell assemblies (or clusters) and edges
correspond to cellular branches.

Therefore, this work primarily focuses on two tasks: developing a new segmen-
tation process for image data and identifying (or constructing) graph metrics to
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characterize dynamics in cellular networks.

2.2 Literature review

Image processing-based methods and deep learning-based models have been developed
for segmenting and analyzing cellular network structures [50, 82, 115, 180, 181, 207].
Most of these methods allows for analyzing network dynamics through graph-based
metrics. GNEO (Geometric and Network Representation of Epithelial Organization)
[82] was one of the first methods introduced to analyze epithelial network structures
via geometric and network-based metrics. A semi-automated framework is applied on
processed images to segment them, producing an epithelial network where each node
corresponds to one of the cells and the links between nodes reflect the spatial adjacency
between the epithelial cells [82]. This representation enables the quantification of
node degree, clustering coefficient, and average degree of neighbors as network
metrics, as well as the cells’ area as a geometric metric. By utilizing these metrics,
GNEO effectively identifies unique signatures that differentiate epithelial tissues
across various organs, species, developmental stages, and genetic conditions [82].

EpiTools is an open-source image analysis toolkit designed to accurately segment
membrane-labeled cells in epithelial networks and quantify their growth dynamics
[115]. This method defines an image-processing pipeline to preprocess the image prior
to segmentation and to segment (using a selective plan projection, an automatic seed
generation, and a watershed method) the image [115]. A skeleton is generated from
the binarize image, which defines a cell graph representation, where nodes represent
cell membranes and edges correspond to their adjacent connections, providing a
semantic description of the tissue of interest [115]. This cell graph representation
allows for the calculation of geometric metrics, including area and polygon class,
for the analysis of tissue dynamics. However, it does not take into account graph
metrics for this analysis.

AnalyzER is a software tool designed to automatically analyze plant endoplasmic
reticulum (ER) structures (tubules and cisternae) from multi-dimensional fluorescence
images [207]. Segmentation of ER images identifies a single-pixel skeleton of tubular
elements using hysteresis thresholding and thinning, cisternal structures through
opening and active contour refinement, and enclosed polygonal regions within the ER
network [207]. The single-pixel skeleton is converted to a graph representation with
nodes at junctions, including puncta, and free ends, connected by edges along each
tubule [165, 207]. The topological organization of the ER network is quantified using
graph-theoretic metrics, including node density, cisternal density, average degree,
global efficiency, meshedness?. betweenness, and centrality.[207].

Previous methods include the analysis of network structures, but they could strug-
gle to handle network-type tissues that contain cell clusters or complex structures.
The Angiogenesis Analyzer [50] is another tool developed to explore cell networks
and their connectivity formed by endothelial cells in in vitro assays that mimic angio-
genesis. The segmentation process proposed by this approach can effectively handle
cell clusters generated in cellular networks. However, it shows poor performance
when the network is not yet formed such as at the beginning of a time-lapse video.
By modeling the analyzed structure at different levels, this tool can obtain basic

2Meshedness coefficient represents the fraction between the current number of loops and the
maximum number of loops in a planar graph [206].
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hierarchical data in the form of series of vectorial objects, such as nodes, junctions,
extremities, segments, branches, or meshes [50]. This approach does not define an
explicit graph representation, which would allow for the incorporation of graph-based
metrics in the analysis of the angiogenesis process. This issue could be resolved by
developing a pipeline that converts the vectorial objects into a graph representation
to compute these metrics.

Lu et al. [181] introduced ERnet, a recent deep residual network designed for
segmenting ER microscopy images. In subsequent work [180], they developed ERnet-
v2, which utilizes a Swin Transformer-based model [171] to identify tubules, sheets,
and sheet-based tubules (SBTs) within ER structures. The segmentation of this
method identifies the entire ER structure, which is subsequently skeletonized to
obtain a graph representation. In this representation, tubule junctions are represented
by nodes, and tubules are represented by edges [180]. Quantitative insights into the
topology of the ER network are provided through the computation of the following
graph metrics: assortativity, clustering coefficient, number of connected components,
node- and edge-assembly ratio, and node degree. ERnet performs well with early-
stage network-type structures but struggles to segment networks based on cellular
clusters. A possible solution to this problem is to combine ERnet segmentation with
some morphological operations to improve the generated mask.

2.3 Methodology

Figure 2.6 shows a global overview and summary of the proposed workflow for this
application. The workflow can be divided into two main steps, which are segmentation
and graph conversion with metrics extraction. The segmentation process involves a
two-phase method: initial and automatic segmentation. Initial segmentation of the
acquired images was performed using existing image processing tools and current
models. This initial segmentation was then used to train a deep-learning model,
which was subsequently employed to automatically re-segment the images. A skeleton
was extracted from the segmented data, and nodes and edges were identified to create
a connectivity graph. Graph theory techniques were applied to extract features
from the graphs, enabling the quantification of metrics that reflect dynamic network
changes.
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Figure 2.6: Two-step proposed workflow consists of segmentation process and graph conversion & metrics extraction. The segmentation
process involves a two-phase segmentation method (initial and automatic) to binarize images. A skeleton was derived from the segmented
network by identifying nodes and edges to construct the connectivity graph. Graph theory was then applied to extract features from the
graphs, quantifying metrics that capture dynamic network changes.



2.3.1 Dataset

For this study, datasets comprising 2D time-lapse videos of pancreatic epithelial cell
growth within an ECM (hydrogel) were used. These sequences of images capture the
cell behavior under different experimental conditions known to impact cell network
formation. For each video, images were captured at intervals of 20 minutes. Three
distinct datasets were considered, where cell network formation was modulated by
the utilization of drugs or by modifying the stiffness of the ECM. This modulation
either speed up or slow down the process, depending on the concentration of the
drugs or the force applied (stress) to the ECM.
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Figure 2.7: Behavior of cells mediated by inhibitors acting on the actomyosin.
ROCK and MCKL promote actin-myosin contractility for cell retraction, while
Cdc-42 primarily induces protrusion formation. NM2 is important for the retraction
phase and collaborates with ROCK, MCKL, and Cdc-42 to regulate cell motility.
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Figure 2.7 illustrates the behavior of cells mediated by inhibitors acting on the
actomyosin, which refers to the actin®-myosin* complex that forms within the cells
cytoskeleton® [1]. The inhibitors considered for this study include Rho Associated
Coiled-Coil Containing Protein Kinase (ROCK), Myosin Light Chain Kinase (MLCK),
Nonmuscle myosin-2 (NM2), and Cell division cycle 42 (Cdc-42). These inhibitors
control morphological changes in cells, such as protrusion, a forward movement, and
retraction, a movement that pulls back [245].

ROCK, an effector of the small GTPase Rho [16], promotes actin-myosin contrac-
tility, which is essential for cell movement and the retraction of the cell body during
migration [4, 224, 281]. MLCK is also involved in the regulation of actin-myosin
contractility [143], similar to ROCK.

Cdc-42, a GTP-binding protein of the Rho family [52], plays a central role in
regulating the actin cytoskeleton and maintaining cell polarity® [246]. Tt is strongly
associated with the formation of cellular protrusions [246], particularly filopodia’,

3Actin is an abundant 43-kd protein that polymerizes to form cytoskeletal filaments [66].

YMoysin is a protein that interacts with actin as a molecular motor [66].

5Cytoskeleton is a highly dynamic system comprising a network of actin polymers and actin
binding proteins [268].

6Cell polarity refers to the intrinsic asymmetry observed in cells, either in their shape, structure,
or organization of cellular components [2].

"Filopodia are actin-based finger-like protrusions extending from the cell surface [52].
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and lamellipodia® [52, 149, 151, 215].

NM?2 is essential for the retraction phase of cell movement and collaborates with
other proteins, such as ROCK, MLCK, and Cdc-42, to regulate the complex processes
involved in cell motility [45, 124, 272, 205, 135].

For the first dataset, cell network formation was modulated by drug Y27632 that
inhibits ROCK protein, denoted as ROCKi. Videos are referred to as condition 1, 2,
and 3, corresponding to ROCKi concentrations of 0, 1, and 5 uM, respectively. The
different ROCKi concentrations resulted in different connectivity behavior, and led
to distinct evolving network structures over time. This dataset is denoted as ROCKi
data. Figure 2.8 illustrates three time instants of the video for each condition in
the ROCKi dataset. It is apparent that, in Condition 1, network structures do not
develop as no drug is administered to the cells.

The second dataset, denoted as ECMstiff data, consists of six 2D time-lapse videos
of the same epithelial cells, in which network formation was induced by changes
in the stiffness of the ECM. Videos are referred to as condition 1, 2, 3, 4, 5 and 6,
corresponding to stiffness values of 2500, 1070, 786.35, 713.8, 103.4, and 39.135 Pa,
respectively. Figure 2.9 shows three time points from the video for each condition in
this set. It is observed that the last two conditions (5 and 6), which have the lowest
stiffness values, exhibit no network development, while Condition 1, with the highest
stiffness value, shows accelerated network formation

The last dataset, denoted as Actomyosin data, consists of eight 2D time-lapse
videos of the same epithelial cells under different initial conditions, similar to those
in previous experiments. These videos are subdivided into two sets: Actomyosin
1, which consists of three 2D time-lapse videos, and Actomyosin 2, which includes
the remaining five 2D time-lapse videos. For the Actomyosin 1st set, the videos are
referred to as conditions 1, 2, and 3. Three distinct inhibitors were applied to the
cells for these conditions: Cdc-42 at a concentration of 1 pM, ROCK at 5 uM, and
at 1 uM, respectively. Figure 2.10 displays three time instants of the video for each
condition in this set. At ¢t = 7T1h, it is evident that Conditions 1 and 3 do not form a
network structure, in contrast to Condition 2.

For the Actomyosin 2nd set, the videos are referred to as conditions 1, 2, 3, 4,
and 5. Conditions 1 and 4 are controls, meaning no drug was used on the cells. For
the remaining conditions 2, 3, and 5, three different inhibitors were applied to the
cells. These inhibitors were ROCK at a concentration of 5 M, NM2 at 1 uM, and
Cdc-42 at 5 uM, respectively. Figure 2.11 presents three time instants from the video
for each condition in this set. It is observed that Conditions 1 and 4 do not develop
a network structure at ¢ = 71h. This is also noticed in Condition 5, even though an
inhibitor was used in this case.

8Lamellipodia are defined as flat broad membranous protrusions located at the leading edge of
the migrating cells [239].
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Figure 2.11: Evolving cellular network representation for corresponding to Acto-
myosin 2nd set at 4 frames of the time-lapse video

2.3.2 Segmentation process

Images were segmented by following the workflow proposed in Figure 2.12. The
proposed segmentation method results by combining two phases: an initial and
an automatic segmentation. Initial segmentation is made by combining existing
tools, such as downsampling, filtering, upsampling, threshold methods, pretrained
models (ERnet), and morphological operations. Additionally, the segmented images
exhibited abrupt discontinuities in the trend when computing graph metrics (see
Figure 2.14). Consequently, a global automatic segmentation method was developed
based on the initial segmentation.

Automatic segmentation is deployed by a U-Net [227] architecture, which is trained
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Figure 2.12: Segmentation process. Firstly, image were segmented through image
processing tools and recent deep learning models. These first masked images were
used as ground truth data to train a U-Net model. Cropping input and mask images
is employed for data augmentation during training phase. The final segmentation is
obtained by utilizing the U-Net trained model on the input images data.

in a supervised manner with ground truth data based on preliminary segmented
images. Data augmentation was performed using cropped images of 512 x 512 pixels
during training phase.

Further details about the different methods for initial segmentation and the
hyperparameters used in the U-Net model for automatic segmentation can be found
in Annex 6.1.

2.3.3 Graph conversion

Figure 2.13 illustrates the process for graph conversion and quantifying metrics
related to the graph structure. The network is represented through an undirected
and unweighted graph G = (V| F) with V' being the set of nodes and FE representing
the set of edges. Segmented images were skeletonized using a fast parallel thinning
algorithm [297]. Then, graphs were built from the skeleton where nodes and edges
were identified as key topological components to represent the network connectivity.
Graph theory is employed to extract features from graphs to calculate metrics related
to the network structure.

As it will be observed in the output graphs obtained from binarized images in
Section 2.4, there could be many nodes on the graph, which is derived from the
skeleton. This could introduce a considerable noise into the curves of the different
metrics plotted. To address this, it is necessary to simplify the graph as much
as possible through a pruning process to obtain its simplest topological structure.
Inspired by the work on topological graph simplification solutions to the street
intersection miscount problem [38] and the idea of angle analysis [271] to preserve
the mesh structures formed on the graph, a pruning algorithm is proposed below.
This method begins by identifying nodes with a degree lower than 2 in the graph and
then removing them. This reduces the number of nodes with few connections in the
graph. Next, to simplify the graph further, nodes with a degree of 2, along with their
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Zeantitative metrics

Figure 2.13: Graph conversion process. Segmented images were skeletonized using
a fast parallel thinning algorithm [297]. Then, graphs were built from the skeleton
where nodes and edges were identified as key topological components to represent
the network connectivity. If necessary, graphs can be simplified through a pruning
algorithm 1. Features are extracted from (simplified or original) graphs through
graph theory to compute network metrics.

neighbors, are identified. This step aims to reduce the proximity between closely
connected nodes by removing the intermediary node and connecting its neighbors
directly. However, this procedure can result in the loss of the principal network
structure, which is desirable to maintain. To avoid this, the angle # between the
node to be deleted and its neighbors connected by edges is computed based on their
spatial positions. The criterion for maintaining or removing nodes based on the angle
0 aligns with that described in [271]. If # falls within the open interval (30°,150°),
the node is retained in the graph; otherwise, it is removed. Finally, any isolated
nodes are removed from the graph if they still exist.

2.3.4 Graph metrics

Quantitative metrics of the network are measured through the functions available in
the Python package NetworkX [102]. For a graph G = (V, E'), the number of nodes
and edges are denoted by |V| and |E|, respectively.

To quantify the structural characteristics of the networks, the global clustering
coefficient and the assortativity coefficient, previously defined in Section 1.3.2.3,
can be computed. For considering macroscopic network arrangements, the number
of connected components in the network is computed. Networks may be entirely
connected or composed of many distinct components [5]. These network components
can describe merging or splitting behavior in evolving networks over time. Moreover,
in networks containing numerous components, the largest component typically
represents the most characteristic topological features [252]. To take into account
the connectivity behavior, two additional metrics related to the largest connected
component Geeg of the network are included: node- and edge-assembly ratios. The
node-assembly ratio is defined in (2.1) where |V | is the number of nodes in
Glccy. Equation (2.2) describes the edge-assembly ratio with |Ege.,| as the number
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Algorithm 1: Pruning method
Data: Graph G = (V, E), nodes position u,, = (ug,u,) Yue V
Result: Simplified graph G’
Create a copy of the graph G, denoted as G’;
while G’ has nodes of degree < 2 do

Identify the nodes in graph G’ that have a degree lower than 2 and save
them in a list;

Remove each of these nodes from graph G’;

end

Identify the nodes in simplified graph G’ that have a degree of 2 and save
them in a list: list_nodes_deg 2;

for ¢ in list_nodes deg 2 do

Identify the neighbors of i: u and v;

Compute the angle between edges €; 4,6 i i u0;

if 6; .., ¢ (30°,150°) then

Remove the edges e, ,, €;, from G';

Add the new edge e, , to G';

Remove node i from G;

end

end

f G’ has isolated nodes then

Identify the isolated nodes (nodes with degree 0) in graph G’ and save
them in a list: list_nodes_deg 0;

for j in list_nodes deg 0 do
| Remove node j from G’;

end

[y

end

of edges in Geccy. These metrics range from 0 (completely disconnected) to 1 (fully
connected).

V CCy

Node assembly-ratio = | ‘(‘;/’°| (2.1)
E CCy

Edge assembly-aratio = | |%|°| (2.2)

In addition to these metrics, those previously defined in Section 1.3.2.3 are also
considered. These include global efficiency, local efficiency, density, and the number
of bridges. Furthermore, the following metrics derived from the node degree are
included:

e Number of junctions: It is the number of nodes with degree higher than 2
on the graph.

e Number of extremities: It is the number of nodes with degree 1 on the
graph.

e Number of isolated nodes: It is the number of nodes with degree 0 on the
graph.
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e Number of nodes per degree: This represents the total number of nodes
per degree in the network. This metric is computed for nodes with degree 0
(isolated nodes), 1 (extremities), 2, 3, 4, 5, and 6 or higher.

o Percentage of nodes per degree: This represents the percentage of nodes
per degree with respect to the total nodes in the network. This metric is
computed for nodes with degree 0 (isolated nodes), 1 (extremities), 2, 3, 4, 5,
and 6 or higher.

Global and local efficiency measures can be used to examine the higher-order
efficiency of transport across multicellular networks [88]. Local efficiency assesses how
the random failure of nodes affects the number of shortest paths between nearby node
pairs, providing insight into the network’s resilience to random errors by evaluating
the increased local transportation costs [88]. Global efficiency, on the other hand,
measures the overall network’s routing efficiency by considering the shortest paths
between all node pairs and determining the ease with which information can traverse
the network [88].

Network density indicates the overall level of connectivity among nodes (cell
clusters). A high value of density represents that the network is more dense and
nodes are more cohesive [31]. On the other hand, a low density value represents a
less connected (sparse) network. In a dense network, the information can flow easily
and faster than in a sparse network [31].

The number of bridges can allow the identification of critical connections that
maintain the network’s integrity [196]. A high number of bridges suggests that
the network has several key connections that, if removed, could disrupt the overall
connectivity [35]. This could indicate vulnerabilities or important pathways in the
cellular network [196].

The number of junctions can also be related to the network connectivity. A high
number of junctions could indicate that the network is highly interconnected. Few
junctions might indicate a less connected network, which could be more vulnerable
to disruptions.

The total number of nodes per degree can reveal how the connectivity of the
network is evolving. An increase in high-degree nodes might indicate a growing cen-
tralization, while an increase in low-degree nodes might suggest a more decentralized
or fragmented network. This behavior can also be observed in the percentage of
nodes per degree, as it is related to the total number of nodes per degree.

2.4 Results and Discussion

The results obtained for the different datasets handled in this study are discussed
below.

2.4.1 ECMstiff data

The outcomes obtained for the ECMstift data are presented. Figure 2.14 shows the
graph metrics obtained from the initial segmentation of this data. As mentioned
previously, these metrics exhibit discontinuities due to the different methods consid-
ered for the first segmentation. This issue is corrected by the trained U-Net model,
as shown in Figure 2.15, which illustrates continuous metrics. The assortativity
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coefficient, in particular, shows an upward trend from negative values; however,
this metric does not clearly capture the differences among all conditions. This
behavior is also noticed for the clustering coefficient, which exhibits higher noise
on the curves. The number of connected components seems to distinguish patterns
between the first four conditions but does not illustrate differences between the last
two conditions (5 and 6). This might be due to the lack of network development for
these conditions. For the last two metrics, the node and edge-assembly ratios, there
is no clear difference for almost all conditions.
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data
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Figure 2.15: Graph metrics obtained from the automatic segmentation of the
Lensless6X data

For the ECMstiff data, the observation time was set at frames k = 150, ..., 1100.
In Figure 2.16, cropped (top left side) input images from condition 3 are shown,
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taken at 5 time instances (in sequential order) from the time-lapse video. These
images display their initial (as described in Section 6.1.1) and final (by the trained
U-Net model) segmentation. It illustrates the process of network formation, starting
from single cells and/or cell assemblies (at the beginning) and progressing to the
complex cellular tissue network (by the last frame). When comparing the performance
of the two segmentation steps, initial and automatic, it is noticed that the deep
learning model demonstrates a good capacity for generating masks that closely match
those produced by the initial segmentation method. Notably, the U-Net model
addresses the issue of excess mask generation observed in the initial segmentation,
particularly in thin cellular networks. This improvement is clearly visible at time
point t = 66h40min. Furthermore, the U-Net model exhibits robust performance
in identifying dense cellular clusters within complex networks. This capability is
particularly observed in the final time point chosen (¢ = 166h40min), where the
model successfully identifies the intricate structures and interconnected formations
that characterize the overall cellular network at this advanced stage of development.
These results are confirmed by examining the cropped graphs (top left side) generated
from binarized images in Figure 2.17. These graphs provide a clear visualization of
the key features and patterns that emerged from the analysis.
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In Figures 2.18a and 2.19a quantitative metrics related to the degree per node are
illustrated for each condition. Additional quantitative metrics for each condition in
Figure 2.20 are also observed. For all these quantitative metrics, five time instances
over the time-lapse video are highlighted (red vertical lines), and their corresponding
graph-based network representations are shown in Figures 2.18b and 2.19b. Based
on these results, condition 1 evolves into a dense, undifferentiated cellular mass by
the final time point observed, lacking any discernible network structure. In contrast,
conditions 2, 3, and 4 exhibit a well-defined and organized network structure at
the same time point, indicating successful development of interconnected tubules
or pathways. On the other hand, conditions 5 and 6 fail to establish a mature
network by the final time point, likely due to the constraints imposed by their initial
cellular assumptions, which could have limited the cells” ability to form or sustain
interconnected structures over time.

It is observed that the temporal progression of the computed metrics on the
final masked images exhibits a consistent trend without abrupt deviations from
the initial segmentation. Additionally, the total number of nodes per degree (1,
2, 3, and 4) and the relative proportion of nodes for specific degrees (e.g., 1 and
3) demonstrate distinct differences between all experimental conditions. These
differences are further validated by the graph-based visual representations shown in
Figure 2.18b, which provide a clear and intuitive depiction of the underlying structural
variations. Overall, these observations make possible the effective identification and
analysis of the dynamic changes occurring within the evolving networks over time,
offering valuable insights into their behavior and topology.

It is observed that the density, local efficiency, and the number of bridges exhibit
differences that might characterize the network formation in this data. However,
local efficiency shows high noise levels, making it difficult to describe differences
between all conditions.

Interestingly, the number of junctions displays a pattern similar to that of the
number of nodes with a degree of 3, which can be attributed to the scarcity of nodes
with a degree of 4 or higher in comparison to the total number of nodes with lower
degrees. This suggests that the network’s topology is largely dominated by nodes of
lower degrees, with higher-degree nodes occurring less often and not affecting the
overall junction count.

Finally, the high levels of noise observed across the various metrics discussed
earlier can likely be attributed to the presence of edge effects in the processed images
and/or the method used to construct the graph from the skeleton. This motivates
the application of the pruning algorithm to obtain simpler graphs that might better
illustrate the differences observed previously.
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(b) Graphs for each condition at five selected frames, indicated
by vertical red lines in the plots of node counts per degree.

Figure 2.18: Quantitative analysis for networks on ECMstiff data-Part 1

84



Fio TAED TATA TN 17TAT T RATH 17T TTaTh 3ETRG

PR T LT TR [TELEV RS T 101 Y1 I [ BT ] o LR I

B
ot
R L]
113
i
=
]
S3tlmLNL AU JUCDE LARUL MELU LSRN LUtz
ol 4 l:l-
Yo
H
Za
]
3
SEA FUL TZI0 B Letgl JTELQ ATIOL goom Ziion
-l
Foi 1
iy
k- [l L
Fo 4 *
oy "
T i, gl P
o B e
Ll e | |
=TT TN I 1E AT T TATn 17T OITATR T
T=rrl-;
—la rhm — gy k- —cmlrm®
LY IR Cord b 4 Cord Jad

(a) Percentage of nodes per degree

I =% lim

Rl H

(b) Graphs for each condition at five selected frames, indicated
by vertical red lines in the plots of node percentage per degree.

Figure 2.19: Quantitative analysis for networks on ECMstiff data-Part 2
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Figure 2.20: Quantitative analysis for networks on ECMstiff data-Part 3
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2.4.2 ROCKi data
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Figure 2.21: Evolving cellular network for condition 2 at 3 frames of the time-lapse
video with its corresponding binarization and graph conversion

Figure 2.21 depicts the evolving behavior of the pancreatic epithelial network under
condition 2 (1 M ROCKIi), showcasing its binarization and graph conversion at five
time instances. Node colors illustrate their respective degrees within the connectivity
network. This visualization illustrates how cells interact and associate over time,
forming the network structure. Notably, network formation begins to take shape
around ¢t = 33 h, indicating that cell-cell interactions become more frequent during
this period under this particular condition. To delve deeper into this observation, a
thorough analysis of the metrics associated with each connectivity graph obtained at
each time point is required. The observed merging behavior appears to be effectively
captured by this approach. Furthermore, it is noticed that the segmentation method
is capable of identifying and segmenting cells within evolving networks over time.

Quantitative metrics are computed and illustrated for each condition in Figure
2.22a. It is observed that there is no association between cells at the beginning in each
condition. However, as time progresses, cell network assembly starts with dynamics
depending on the experimental condition (ROCKi concentration). As expected,
this behavior was reflected in all calculated metrics, albeit with varying degrees of
effectiveness. Notably, the assortativity coefficient, showed a noisy increasing trend
for all three conditions. However, despite the evident differences in the resulting
graphs (Figure 2.22b), this metric did not allow for a clear distinction between the
experimental conditions.

The global clustering coefficient demonstrates a positive (albeit low) increasing
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trend with some fluctuations over time across all conditions. As this metric quan-
tifies the relative frequency of triangles in the graph, the low values obtained may
suggest that interactions between neighbors of the same cell assemblies are limited.
Consequently, there is no clear connectivity behavior observed. However, despite
this, the metric is capable of detecting the accelerating effect of ROCKi on cell
network assembly, and even the subtle impact of ROCKi concentration (conditions 2
and 3), although the analysis remains somewhat noisy. Hence, in this study, both
assortativity and global clustering coefficients appear to be suboptimal metrics for
evaluating network architecture.

The number of connected components emerges as a reliable metric for identifying
patterns in evolving networks over time. Initially, with no connections between cells,
numerous components exist in the network. However, as time progresses, cells begin
to associate, leading to a decrease in the number of connected components. This
trend is also reflected inversely in the node- and edge-assembly ratios since increasing
values for these metrics implies the connectivity of the largest component of the
network is growing as well. This metric proves highly effective, clearly detecting
changes in network dynamics induced by ROCKi. In comparison to the control
condition (condition 1, 0 uM ROCKi), a gradual increase in the number of cell
connections and accelerated network assembly is observed with increasing drug
concentration. Furthermore, the related metrics, node- and edge-assembly ratios,
demonstrate complementarity and performance by representing the evolution of the
largest connected component and accurately recapitulating the observed acceleration
effect of ROCKi on network dynamics.
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Figure 2.22: Quantitative analysis for networks on ROCKi data
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2.4.3 Actomyosin data

Finally, the performance of the U-Net model is tested on Actomyosin data. The
observation time was set at frames k = 5, ..., 300, resulting in a total of 296 images
for this analysis. From the available 2D microscopic videos in this dataset, six
conditions were selected for analysis. Additionally, the same graph metrics were
considered.

Figure 2.23 illustrates the characterization of epithelial network self-assembly.
In the top left section, a plot of four different graph metrics, average clustering
coefficient (ACN), assortativity coefficient (ASN), edge-assembly ratio (ERN), and
global efficiency (GEN), with “N” denoting “network”, and two geometric metrics,
area (AreaN) and mean area (MAN), for a control condition is presented. The
metrics are normalized with respect to their average value on the plateau at the end
of the time-lapse video, except for the assortativity coefficient, which is normalized
with respect to its average value at the beginning of the time-lapse and multiplied by
—1. These metrics characterize the process of network formation in epithelial cells.
Over time, each normalized metric, except for the assortativity coefficient, shows
a growing positive trend that reaches a steady point, reflecting the consolidated
network structure formed at the end of the time-lapse.

These plots also enable the identification of five states that characterize the
process of network formation. These states are referred to as the lag, initiation,
clustering, percolation, and relaxation phases. The lag phase refers to the scenario
where cells are not yet moving or interacting with other cells. The initiation phase
means that cells are beginning to move and associate with each other to form
complex cellular components. This is followed by the clustering phase, during which
different mesh structures resembling clusters in a graph are formed. Subsequently,
the percolation phase begins, where cellular meshes start to connect with others to
develop the network structure. Finally, in the relaxation phase, the already-formed
network exhibits minimal changes in the size and shape of its mesh structures.

To better comprehend these network states, plots of these behaviors are illustrated
in the top right corner of Figure 2.23. These plots include segmentation, graph-based
representation, and simplified graph-based representation of the images at five time-
steps of the video (t = 2h,37h, 45h, 60h, 100h). The five states introduced earlier can
be identified in the binarized images, which depict the process of epithelial network
formation. This process is not clearly visible in the graph-based representation
obtained. However, it can be more readily observed in the simplified graphs, which
reduce the visual noise present in their original representation.

In the middle part, the first plot illustrates the evolution of mesh structures,
which are defined by the edges of the graph formed within the network. Below this
plot, the colored representation of these structures is shown at three time steps (60h,
80h, and 100h). It is observed how different meshes change their structures over
time. To better quantify the dynamics of mesh formation, the shape factor q and the
solidity? of the network are computed and plotted over time in the second and third
plots, respectively. These metrics exhibit some fluctuations over time but ultimately
display a steady trend by the end of the time-lapse, reflecting the formation of a
natural network structure.

At the bottom, an analysis of the mesh structures within the network is presented.
These structures are derived from the graph and generated using Lloyd’s algorithm

9Solidity is defined as the image area, divided by the convex hull area [202].
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[172]. This method creates mesh-like partitions from given points. The first graph
corresponds to the probability density function (PDF) of Shape factor q values for
the control condition, superimposed by the PDF of Shape factor q values for random
Voronoi tessellations (in red), which are generated by Lloyd’s algorithm [172]. The
distribution of colored points over time is shown by the scatter plot at the bottom.
Additionally, the inset shows the diagnosis, squared skewness versus kurtosis, of two
distributions: control and random Voronoi, with two lines delimiting the normal log
(red) and Gamma (blue) distributions. This indicates that both distributions fit the
given distributions.

The second plot illustrates the mean Shape factor q versus its standard deviation
(SD) for the control condition with its corresponding linear regression. It is clearly
observed that there is a good fit for the proposed linear model.

The third plot displays the mean Shape factor q versus its standard deviation
(SD) for a series of Voronoi graphs generated from the centroid positions of the
experimental graph. The triangles in the regression plot represent data generated
by Lloyd’s algorithm, along with their corresponding regression lines. The images
on the far right depict the initial and 20-step progress of Lloyd’s algorithm and the
distribution of centroids under control conditions (60h vs. 100h). Notably, there is a
resemblance between the Voronoi tessellations generated by Lloyd’s algorithm and
the mesh structures within the network.
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Figure 2.23: Characterization of epithelial network self-assembly. The top left panel
depicts the plots of six graph and geometric metrics under a control condition. The
top right panel illustrates the evolution of this condition through plots that include
segmentation, graph-based representation, and simplified graph-based representations
of the images at five time-steps of the video. The middle panel depicts the analysis
of mesh structures within the network formation under the control condition. The
bottom panel presents an analysis of the mesh structures within the network, derived
from the graph and generated by Lloyd’s algorithm.

Figure 2.24 presents an analysis of actomyosin regulation in the epithelial network.
In this analysis, five conditions were considered: four representing different inhibitors
(and their concentrations) of actomyosin, and the fifth serving as the control condition.
These four conditions are referred to as Condition Y27632, Blebbistatin, ML7, and
ML141, respectively.

In the top right section, graph-based representations derived from binarized
images at five time steps (t = 5h, 25h, 50h, 75h, 100h) are plotted for each condition.
These graphs highlight the differences in network formation resulting from the
inhibitors considered. At t = 100h, Condition Y27632, a ROCK inhibitor, exhibits a
dense network structure with numerous small mesh structures compared to the other
conditions. Condition Blebbistatin, a Myosin inhibitor, also displays a developed
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network structure with a considerable number of meshes varying in shape and size.
The control condition shows a less dense network with fewer, larger mesh structures.
Conditions ML7, an MLCK inhibitor, and ML141, a Cdc-42 inhibitor, exhibit the
least network formation among all conditions.

These behaviors are also evident in the plots of graph metrics, illustrated in
the top left section. The metrics considered include the assortativity coefficient,
clustering coefficient, edge-assembly ratio, and global efficiency, which clearly allow
to identify differences between all conditions.

Finally, an estimation of the duration of network states under these conditions is
illustrated in the bottom left side. A graph-based representation of each network state,
including initiation, clustering, percolation, and relaxation phases, is displayed in the
bottom right side. It is observed that the conditions Blebbistatin and Y27632 exhibit
the shortest (and equal) duration for the lag phase, approximately 3 hours, a brief
duration for the clustering phase, and a prolonged duration for the percolation phase.
These two conditions, along with the control, demonstrate the same approximate
start time for the relaxation phase, which is the longest, approximately 50 hours.

The conditions ML7 and ML141 present the longest duration for the lag phase,
approximately 25 hours. Condition MLL141 exhibits a short initiation phase, followed
by a moderate duration for the clustering phase. This is followed by the longest per-
colation phase observed, approximately 50 hours, ending with the shortest relaxation
phase.
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Figure 2.24: Analysis of actomyosin regulation of epithelial network. The top panel
presents the analysis for five conditions, one of which serves as the control. The
right side displays graph-based representations derived from binarized images at five
time steps. The left side illustrates the plots of the four most representative graph
metrics for the five conditions. The bottom panel provides an estimation of the
duration of the five states in network formation for these conditions, accompanied
by a graph-based representation of these states.

Conclusion

In brief, the proposed deep learning-based model addresses the problem presented
for the segmentation task by leveraging the discontinuities observed in the plot of
graph metrics, which were generated by the initial segmentation. Furthermore, the
model demonstrated good performance and the ability to generalize to unseen data.
This facilitates the transition for subsequent graph-based analysis, where it was
possible to identify metrics that can explain and distinguish the dynamics of network
formation under the various conditions studied in this chapter.

It is also important to note that the graph metrics employed in the analysis
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are sensitive to the method used for graph construction. As previously described,
the method for obtaining the graph structure is derived from the skeleton obtained
through the proposed segmentation process.

95



Chapter 3

Graph-based clustering

In the preceding chapter, the behavior of cells over time was analyzed, from the
formation of cell clusters to the development of cellular networks, under different
initial conditions. These analyses were based on the overall network structure
represented as a graph, from which metrics were primarily extracted at the graph
level. The subsequent analyses will be conducted at the node level. Specifically, the
work will focus on clustering nodes, i.e., cells, to attempt to separate two cell types.

Single-cell analysis has been extensively developed within the research community.
In the field of microscopic imaging, this analysis involves the detection, segmentation,
and feature extraction of cells, followed by the utilization of these features to achieve a
biological objective. However, single-cell analysis in imaging microscopy faces several
limitations. Some of them include the lack of information regarding neighboring cells,
which could provide valuable insights into biological phenomena, and the difficulty
in tracking cells, which often leads to errors in identifying and monitoring cells over
time.

To address these limitations, a spatio-temporal graph structure leveraging spatial
and temporal edges is introduced. This newly proposed graph structure integrates
both spatial and chronological links between cells to extract distinctive attributes at
the node level. Therefore, the utility of this graph structure will be evaluated in this
chapter.

The datasets employed in this work consist of 2D microscope images of cell cultures
that evolve over time, as well as simulations based on the same characteristics, i.e.,
2D images of objects that evolve over time. Different datasets will be available, which
primarily differ according to two characteristics: the first pertains to the type of
data, specifically experimental data from HeLa, fibroblast, perKO, and HDF (Human
Dermal Fibroblasts)-HUVECs (Human Umbilical Vein Endothelial Cells) cultures,
and simulations. The second characteristic refers to whether the two cell types are
mixed in culture (both cell types are present in the same image) or whether two
cultures are performed in parallel, each containing one type of cell.

Two learning-based prediction tasks have been designed: the identification of
cell types from two distinct populations and two mixed populations. To address
these tasks, unsupervised and supervised methods leveraging the extracted node-level
attributes were employed. As unsupervised methods, a Gaussian Mixture Model
(GMM) and the He2CL algorithm [188] were utilized, the latter specifically designed
for the aforementioned cell cultures. As supervised methods, a Support Vector
Machine (SVM) model and a specialized Graph Neural Network (GNN)-based model
were employed.
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Task Method
Dataset
Two distinct | Two mixed . .
. . Unsupervised | Supervised
populations | populations
HeLa and
fibroblast X GMM, He2CL
cells
PerkO X He2CL
cells
X SVM
Simulations GMM
X SVM, GNN
HDF-
HUVECs X GNN

Table 3.1: Summary of the analysis conducted. Gray boxes indicate that the task
and/or method was not performed on that dataset.

Table 3.1 presents an overview of the analysis conducted in this chapter. Initially,
the first prediction task, which involves the identification of cell types from two
distinct populations, was addressed. For this task, two cell cultures were employed:
one consisting of HelLa cells and the other of fibroblast cells. These cultures were
imaged separately and analyzed using distinct graphs. Node-level attributes were
computed through the spatio-temporal graph structure for each cell culture. These
attributes were then merged to perform clustering, which aimed to identify both cell
cultures. Two clustering methods were employed: a GMM and the He2CL algorithm
[188], which was specifically designed to process these cell cultures. The results
indicate that the incorporation of node-level attributes improved the performance
scores for both methods compared to considering only cell morphological or cell
morphological-dynamic features. Notably, the outcomes for the He2CL algorithm
were superior to those previously obtained. For simulated data, it was observed that
the GMM performed well in this task, achieving high scores when attempting to
separate two distinct simulated datasets.

Subsequently, cell cultures containing mixed cell types were utilized to evaluate
the second prediction task, which involves the identification of cell types from two
mixed populations. For this purpose, node-level attributes were computed based
on the spatio-temporal graph structure extracted from the cell culture. These node
features were then employed for clustering, similar to the previous approach, to
identify the cell types. The perKO cell culture was analyzed using the He2CL
algorithm, which performed well and yielded qualitative results. However, simulated
data containing two cell types exhibited poor performance for this task when using
the GMM.

Finally, since the unsupervised method did not successfully enable the second
prediction task, which involved the identification of cell types from two mixed
populations, a supervised method based on a GNN model was proposed to classify
the two cell types. This supervised model leverages node-level attributes extracted
from the spatio-temporal graph structure. Initially, simulated data were used
to evaluate the supervised model on the second prediction task, achieving high
performance. Subsequently, a culture comprising Human Umbilical Vein Endothelial

97



Cells (HUVECs) and Human Dermal Fibroblasts (HDF), with HUVECs labeled
with a fluorescence tag, was employed to evaluate the Graph Neural Network (GNN)-
based model for this task. However, this model yielded poor performance. This
outcome can be attributed to challenges associated with data preprocessing and the
determination of the ground truth.

3.1 Research context

Cells are one of the smallest unit of life capable of independent existence and of
performing essential biological functions, such as metabolism, growth, and reproduc-
tion [81]. Cell communication and interactions are fundamental for maintaining the
structure and function of multicellular organisms. Through direct contact or chemi-
cal signaling, cells coordinate vital processes such as tissue development, immune
responses, and homeostasis [8].

Assessing the impact of these communications requires a quantitative spatial and
temporal analysis of cells. Microscopy is generally recognized as a powerful tool for
this task [68]. Live or video microscopy extends this capability by capturing dynamic
processes in real-time, enabling the study of cellular movements, interactions, and
responses over time. Lens-free microscopy is a particular tool employed for this
purpose [12]. This method presents several benefits, including not requiring lenses,
providing a large field of view, and supporting label-free, real-time imaging [10, 13,
29, 222].

Single-cell analysis is a valuable method for studying heterogeneity within biologi-
cal systems, as it enables the investigation of individual cells and cell-to-cell variation
across diverse biological contexts, including organs, tissues, and cell cultures [121]. In
a broader context, single-cell analysis corresponds to the genomic and transcriptomic
analysis of the cell. In the context of microscope image analysis, single-cell analysis
comprises the detection of cells from acquired images using microscopic tools such
as lens-free microscopy, their segmentation through deep-learning methods, feature
extraction of each cell, and the subsequent use of these features for a biological
objective.

However, single-cell analysis in imaging microscopy has several limitations. Some
of them include the absence of information related to neighboring cells, which could
be necessary for better characterizing single cells, and the difficulty in tracking cells,
which often results in errors in identifying and monitoring cells over time.

To overcome these mentioned limitations, a spatio-temporal graph structure based
on spatial and temporal edges is proposed. This structure, referred to as Graph
3D, offers a solution to address the identified challenges. This structure captures
connections with spatial neighbors and goes further by encoding temporal dynamics
(connecting each cell to its neighbors in the following frame) without the need to
track individual cells (only their positions are required). Therefore, the objective of
this chapter is to evaluate the utility of Graph 3D.

As detailed in the following sections, this work focuses on a graph-based clustering
application from an alternative perspective. Specifically, 2D microscope images of
cell cultures that evolve over time or simulations based on the same characteristics,
including only the cell x-y positions, will be utilized to construct Graph 3D. Subse-
quently, certain node features derived from the topology of this new graph structure
will be extracted.
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To determine whether those new cells features can have a biological interest,
an analysis of two case studies was conducted. The first case study involved the
calculation of spatial and temporal features at the node level based on graph theory.
The second one requires to develop a Graph Neural Network (GNN)-based model,
which allows for the incorporation of edge information and the calculation of more
complex features than classic graph theory metrics.

In these case studies, attempts will be made to separate cells from two distinct
populations or from a population consisting of two cell types using Graph 3D-based
node features.

3.2 Literature review

Graph clustering is a learning technique focused on partitioning nodes in a graph
into tightly connected groups (clusters) based on shared attributes (features) [217].
The field of graph clustering includes a wide range of techniques [137], though some
are more frequently applied in practice, such as: K-Means [173, 185], Hierarchical
[200], Gaussian Mixture Model (GMM) [190], etc. These methods use similarity
measures to assign a specific node to the appropriate cluster.

In some cases, raw node data do not provide enough context to assess similarity
[217]. Therefore, graph embeddings must be generated (as discussed in Section
1.3.3.1) to effectively apply the relevant clustering methods [217]. Node embedding
methods, such as Node2Vec [100] and DeepWalk [212], map graph nodes to vectors
in a reduced-dimensional space. Generally, nodes that are similar will have closely
related embeddings (vectors), and conversely, dissimilar nodes will have different
embeddings.

On the other hand, some graph clustering techniques do not rely on similarity
data but instead use connection data to group nodes. Modularity-based algorithms,
such as Louvain [36] and Leiden [259], aim to find the graph partition with the
highest modularity [196], a measure that indicates the strength of relationships
within clusters relative to a random distribution.

Besides, label propagation [220, 302] is another graph clustering method that relies
on network connectivity. This method assigns labels to nodes and iteratively updates
them by passing labels between neighboring nodes. Each label has a probability, and
each node receives the label with the highest probability.

GNN-based methods for clustering utilize encoders such as graph convolutional
networks [146], graph attention networks [269], and graph auto-encoders [145] to
model non-Euclidean graph data, leveraging their strong ability to represent graph
structures [168]. These methods have demonstrated promising results, including
MGAE (Marginalized Graph AutoEncoder) [273], which learns both node attributes
and graph structure, and GALA (Graph convolutional Autoencoder using LAplacian
smoothing and sharpening) [210], a symmetric graph auto-encoder. However, the
combination of transformation and propagation in GNNs can result in high compu-
tational costs. To address this, SCGC (Simple Contrastive Graph Clustering) [170]
was introduced to enhance the efficiency and scalability of deep graph clustering by
decoupling these two operations.

When time is a factor, nodes and their interactions with neighboring nodes can
change and evolve over time, a dynamic that traditional static graphs (whether
undirected or directed) are unable to capture. This necessitates the use of more
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sophisticated structures capable of representing the temporal dynamics exhibited by
nodes. Temporal graphs offer a solution to this challenge.

Temporal (or dynamic) graphs are data structures whose connections and/or
nodes change over time [122]. A temporal graph can be conceptualized as a series of
time-stamped events, denoted as G = {x(t1), z(t2), ...}, which signify the addition or
modification of a node or the interaction between two nodes at discrete time points
0 <t <ty <...[229]. Each event z(t) can be categorized into two types:

e Node-specific Events: These events involve the creation or updating of a
node. Each node-specific event is represented by a vector attribute associated
with a particular node index. If the node index is new, the event signifies the
creation of a node with specified attributes. If the node index already exists,
the event updates the node’s existing attributes [229].

o Interaction Events: These events represent interactions between pairs of
nodes and are depicted as directed temporal edges. Multiple edges between
the same pair of nodes are allowed, making the graph a multigraph [229]. A
multigraph is characterized by the presence of multiple edges between any two
nodes, enabling the representation of complex interactions over time.

Dynamic graphs can be modeled using two main approaches. The first approach,
known as discrete-time dynamic graphs (DTDG), involves capturing a sequence of
static graph snapshots at set time intervals. Specifically, a graph snapshot represents
the state of the graph, including its present nodes and edges, at a given point in time.
The second approach, continuous-time dynamic graphs (CTDG), provides a more
flexible representation by recording time-stamped events. These events can involve
changes to the graph’s structure, such as adding or removing nodes and edges, as
well as alterations to the properties of nodes and edges [229].

Early research on dynamic graph learning mainly targeted discrete-time dynamic
graphs (DTDGs) [229]. Methods included aggregating graph snapshots for use
with static models [120, 163], factorizing snapshot tensors [78, 184], or generating
embeddings for each snapshot. The embeddings were then combined through weighted
aggregation, modeled with time-series approaches, incorporated into recurrent neural
networks (RNN), or learned under temporal smoothness constraints [235, 288].
Another direction involved random-walk—based methods, where walks were initialized
on the first snapshot and adapted for subsequent ones [186, 293].

Recent studies on continuous-time dynamic graphs (CTDGs) have introduced
methods ranging from random walk models with time-dependent transition probabil-
ities [24, 197, 198] to RNN-based sequence models that update node embeddings
upon edge arrivals [152, 183, 261]. Parallel efforts in dynamic knowledge graphs
highlight similar challenges [71, 94, 98, 286]. While many frameworks maintain node
memories updated by RNNs, they often omit neighborhood-level aggregation, which
not only risks producing outdated embeddings but also constrains representational
power.

Due to their topology, temporal graphs present additional challenges for clustering.
To address this issue, CGC (Contrastive Graph Clustering) [211] uses an incremental
learning approach for graph clustering. VGRGMM (Variational Graph Recurrent
Gaussian Mixture Model) [160] employs a variant of gated recurrent units (GRU)
to capture temporal information. Additionally, Liu et al. [166] present a general
framework for temporal graph clustering that allows adaptation to the interaction
sequence-based batch-processing pattern of temporal graphs.
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MAGIK is a recently GNN framework designed to capture object dynamics and
physical interactions in microscopic videos using graph-based representations. In
this model, nodes correspond to object detections at specific time steps, edges link
objects that are spatially and temporally proximate, and global features represent
system-level properties [213]. MAGIK supports a range of graph learning tasks, with
a particular emphasis on node classification. This focus aligns with the supervised
methods discussed in this chapter.

All previously introduced graph-based models for clustering utilize feature matri-
ces derived from different methods as input data for these models. These methods
include the concatenation of binary word vectors (with a fixed dictionary) from paper
citation, patent citation, or author networks [170, 210, 211, 273]; one-hot encoding
representations of node degrees from air traffic networks [193]; the concatenation
of vectorized connectivity patterns across time points and subjects from human
brain tissue connectivity graphs [160]; and bag-of-words representations from product
reviews [169]. In contrast, the proposed feature matrix will be constituted solely
by Graph 3D-based node features. Initially, these features will be composed of
metrics related to the spatial-temporal structure of this graph, given that only the
x-y positions of cells are known. These metrics are computed based on the spatial
and temporal proximity of nodes across continuous time points or frames. These
node attributes can be complemented by cell morphological information when making
comparisons of outcomes, as will be shown later.

In some cases, the feature matrices derived from the graph-based models presented
before may be more complex in size than the one proposed using Graph 3D-based
node features. This could increase the time and computational effort required
for calculations. Furthermore, GNN methods based on temporal graphs require
knowledge of the tracking information of nodes for their learning processes. This
information is not necessary for the proposed GNN-based model, as it will be
encapsulated through the temporal connections created in the Graph 3D.

It is important to note that it was not feasible to employ all previously introduced
graph-based clustering methods to evaluate the two proposed prediction tasks due
to computational and memory constraints.

3.3 Methodology

Figure 3.1 provides a global overview and summary of the proposed workflow. A
spatio-temporal graph framework was developed using all the time-lapse images from
simulated or experimental data to derive node attributes associated with the spatial
and temporal architecture of the network. Subsequently, either an unsupervised or
supervised method was utilized to classify all cell types.

To evaluate the performance of this spatio-temporal network structure in identi-
fying cell types, two tasks were proposed, as described below.
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Figure 3.1: Proposed workflow for graph-based clustering. A spatio-temporal graph structure was built using all the time-lapse images
from simulated or experimental data to extract node features related to the spatial and temporal topology of this network. Finally, either an
unsupervised or supervised approach was employed to identify all cell types.



3.3.1 Prediction tasks

For the analysis, two prediction tasks are proposed. In each task, different combi-
nations of spatial and temporal aspects on graph structures are considered. The
first prediction task involves identifying cells within two distinct populations. The
idea is as follows: given two datasets, the Graph 3D and its respective node features
are computed for each. These features are then merged, and an attempt is made to
separate them using either a supervised or an unsupervised approach (clustering).
Specifically, a Support Vector Machine (SVM) model and a Gaussian Mixture Model
(GMM), a well-established clustering technique, are applied to the calculated node
features to identify and segregate the distinct datasets.

The second prediction task involves identifying cells within two mixed cell pop-
ulations. In this case, for a given dataset, the Graph 3D and its respective node
features are computed. These features are then utilized to identify the two cell types
using either a supervised (SVM) or an unsupervised approach (GMM). In addition
to the SVM model, a Graph Neural Network (GNN)-based model is proposed to
address this task, as detailed in Section 3.3.3.2.

3.3.2 Datasets

3.3.2.1 Simulated data

The simulated data are derived from 2D video simulations of cell cultures. The
displacement of each cell is governed by its spatial proximity to other cells. At
the beginning, cells move randomly. As time goes by, they tend to approach
neighboring cells, which causes a force of attraction or repulsion between them.
For all simulations, only the x-y position is considered, and no other variables are
simulated. This approach is taken to determine whether Graph 3D can effectively
extract neighborhood information.

The simulation data were divided into two datasets for the analysis of the two
prediction tasks (described in detail above). These datasets correspond to the
identification of cell types from two distinct (artificially mixed) and mixed cell
populations, respectively. The first set of simulated data comprises 2D videos
featuring a unique cell type. Each video contains 200 cells per frame, with a total
of 51 frames. This set of simulated data is employed to attempt the separation
of two distinct simulations through artificial mixing, utilizing both supervised and
unsupervised approaches. Figure 3.2 illustrates one frame for four of these simulations,
with the last one corresponding to the simulation with two cell types. These images
showcases different behaviors as previously mentioned.

The second set of simulated data consists of 2D videos containing two cell types
per frame image. In total, nine simulations were performed, each consisting of a video
with 201 frames and 200-217 cells per frame. This set of simulated data is utilized
to evaluate the second prediction task using both supervised and unsupervised
approaches. Figure 3.3 illustrates one frame for four of these simulations, showcasing
different behaviors as previously mentioned.

3.3.2.2 Experimental data

Experimental data comprise four 2D time-lapse cell microscopic videos: the first
video depicts a culture of HeLa cells (Figure 3.4), the second video shows a culture
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(c) Simulation 3 (d) Simulation 4
Figure 3.2: Frame representation of 4 simulations from the first simulated dataset

of fibroblast cells (Figure 3.5), the third video presents a culture of perKO cells
(Figure 3.6), and the fourth video illustrates a culture containing Human Dermal
Fibroblasts (HDF) and Human Umbilical Vein Endothelial Cells (HUVECs), denoted
as HDF-HUVECs (Figure 3.7). The HeLa and fibroblast cell cultures each consist of
225 frames, whereas the perKO cell culture contains 179 frames. Each frame in these
videos has a resolution of 3840 x 2748 pixels, pitch 1.67 pum. The HDF-HUVECs
culture consists of 130 frames, with each frame having a resolution of 11530 x 6940
pixels, pitch 1.67 ym.

HelLa cells

HeLa cells, derived from Henrietta Lacks’ cervical cancer tissue in 1951, were the first
human cells to grow and divide indefinitely in a lab, earning them the label immortal.
Their unique immortality made HeLa cells the preferred choice for biomedical research
worldwide [113].

Fibroblast cells

Fibroblasts are cells that form connective tissue, supporting and connecting other
tissues and organs. They secrete collagen to maintain tissue structure and are crucial
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(c) Simulation 3 (d) Simulation 4

Figure 3.3: Frame representation of 4 simulations from the second simulated dataset
with two cell types. Red and green colors are used to distinguish between cell types.

for wound healing. Fibroblasts can be cultured from a person’s skin biopsy for
genetic and scientific research [132].

The two cell cultures described above, Hela and fibroblast cells, will be utilized
to evaluate the first prediction task. Specifically, a Graph 3D will be constructed
for each cell culture, and node features will be extracted from each spatio-temporal
graph structure. Subsequently, the Graph 3D-based node features will be merged,
and a clustering method, Gaussian Mixture Models (GMM), will be applied to this
dataset to try to separate the two cell cultures. In addition, Graph 3D-based node
features will be utilized to determine whether these features enhance the performance
of separating these two cell cultures using a recent unsupervised method, the He2CL
algorithm [188]. This method is employed to analyze cellular diversity based on cell
morpho-dynamic behaviors.
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PerKO cells

PerKO (Peroxisome! Knockout) cells are genetically engineered mammalian cell lines
in which one or more PEX (peroxin) genes, critical for peroxisome biogenesis?, have
been deliberately knocked out (KO). This can lead to disrupt cell-cycle progression
and cellular proliferation [43, 218]. In this study, PEX genes were knocked out in
fibroblast cell cultures. From this point forward, perKO cells will refer to these
genetically modified cells.

The perKO cell culture will also be utilized to assess the performance of Graph
3D-based node features in an unsupervised classification task (clustering) using the
He2CL algorithm. The objective is to identify and classify cells into clusters that
exhibit specific behaviors within the cell culture. Cells exhibiting such behaviors
may be cancerous, and the goal is to detect them for subsequent genomic analysis.
However, this genomic analysis is beyond the scope of this PhD research.

L

Figure 3.6: Lens-free image of PerKO cells

HDF-HUVECs

HDF (Human Dermal Fibroblasts) are primary cells derived from normal human
skin. These cells are one of the most important architects of cutaneous would healing
[260]. HDF generate and maintain connective tissue, and produce proteins for the
extracellular matrix that joins together the dermis and the epidermis [241].

HUVECs are primary cells derived from the vein of the umbilical cord. They
have served as a crucial model system for investigating the regulation of endothelial
cell function and the role of the endothelium in the blood vessel wall’s response to
stretch, shear forces, and the development of atherosclerotic plaques and angiogenesis
[209].

!Peroxisomes are small and single membrane-delimited organelles that execute numerous
metabolic reactions [141].

2Peroxisome biogenesis encompasses the processes of peroxisome membrane formation, import
of matrix proteins, and proliferation and inheritance of the organelle [79].
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The HDF-HUVECs culture comprises HUVECs and HDF. The HUVECs were
transfected with Green Fluorescent Protein (GFP)-lentiviral particles to allow their
identification. This fluorescent labeling enables the establishment of a reference,
thereby allowing the differentiation of the two cell types. This cell culture will be
utilized to assess the performance of Graph 3D-based node features for the second
prediction task, which involves the identification of the two cell types within the

culture. This evaluation will be conducted using a supervised Graph Neural Network
(GNN)-based model, which is described later.

iure 3.7: Lns—free imge ofHUVECs and HF

3.3.3 Graph 3D

Graph 3D (2D position + time) is described in the following manner. For ¢t =0,...,T
(with T representing the last time-step of the time-lapse video), spatial edges are
computed at current time-step, while temporal edges are calculated between time-
steps t and t + 1. Spatial edges represent interactions between cells in the same time-
step, such as cell-cell adhesion, and proximity. Temporal edges, calculated based on
the proximity of cells between consecutive time steps, represent the relationships and
changes over time. They encode the movement, dynamic processes, and trajectories
of the cells. Figure 3.8 presents a Graph 3D generated over 5 frames for the simulated
data. This figure illustrates the spatial (blue) and temporal (green) connections built
within each frame and between them.

Spatial and temporal edges are computed utilizing graphs derived from graph
theory. The x-y positions of each node are employed, and threshold values are
fixed to remove some distant connections. Different graph structures, which were
introduced in Chapter 1, are considered. For spatial connections, Delaunay, Gabriel,
Urquhart, and Distance graphs were utilized, with a threshold value 7, fixed to
remove distant links. For establishing temporal connections between two consecutive
(or non-consecutive) frames, the Distance graph was utilized. A temporal threshold
value Tiemp was employed to link nodes from one frame to either themselves or their
neighboring nodes in the subsequent frame. This linkage was determined based on
the spatial proximity between cells belonging to two consecutive frames.
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Figure 3.8: An example of Graph 3D over 5 frames. Each light-gray 2D plane
corresponds to a time-step (or frame) of the images. Nodes, represented by red
points, can be connected based on their spatial proximity, as indicated by blue edges.
Temporal connections can be inferred by linking nodes with their close neighbors or
with themselves through proximity across consecutive frames.

3.3.3.1 Unsupervised classification

For the unsupervised classification or clustering, node features were computed from
the structure of the Graph 3D. These features are introduced below.

Node features

Upon obtaining the graph structure, the node and edge features are calculated.
As node features, the metrics defined in Section 1.3.2.1 are taken into account:
degree, betweenness centrality, closeness centrality, mean shortest path length, mean
neighbor degree, and clustering coefficient. Additionally, core number and harmonic
centrality are considered as node features for Sections 3.4.1, 3.4.2, 3.4.3.2 and 3.4.4.
These metrics were computed using the functions provided by the Python package
NetworkX [102] and some complementary calculations. A brief description of the
node features obtained from the graph structure according to the edge type—spatial
or temporal—is provided below.

In Graph 3D, nodes exist across multiple time-steps ¢t = 0, ..., 7T, with spatial
edges representing intra-time-step connections and temporal edges linking nodes
across consecutive time-steps. Node features, including degree, mean shortest path
length, local clustering coefficient, core number, betweenness centrality, closeness
centrality, and harmonic centrality, can be computed based on the spatial edges, the
temporal edges, or all the edges simultaneously. For example, the spatial degree of
a node at time ¢ consists of its connections to other nodes within the same time-step.
Its temporal metric represents its connections to neighbouring cells between current
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time-step and previous or future time-steps.

The local clustering coefficient [279] quantifies the likelihood that two cells
interacting with a given cell also interact with each other. Spatially, this is limited
to intra-time-step connections, while temporally, it considers inter-time-step rela-
tionships. This measure can offer insight into the interconnectedness of a particular
cell’s neighborhood.

Harmonic centrality [39, 187] is a measure that can indicate the ability with
which a cell can communicate with all other cells, even in a disconnected network.
It can be computed temporally (across the temporal structure) or spatially (at the
same time-step). Temporally, this metric quantifies the influence or importance of a
node based on its role in connecting other nodes over time. In this context, harmonic
centrality assesses how easily a node can be reached from other nodes within the
temporal network [201].

Prior to describing the analysis, several assumptions were made. The temporal
clustering coefficient was removed from the analysis due to its consistent valuation
of zero, a consequence of the proposed construction of temporal edges. Additionally,
the spatial clustering coefficient was omitted for Urquhart graphs due to the inherent
properties of their construction, which consistently yield zero values. Furthermore,
missing values were replaced with zeros.

3.3.3.2 Supervised classification

In this section, the procedure for supervised classification is described. Initially, a
Support Vector Machine (SVM) [214] is applied to distinguish between two different
simulations when they are mixed together. Additionally, this supervised method is
employed on a simulation containing two cell types. However, as will be demonstrated
later, the SVM method does not perform well in this context. Consequently, it is
proposed to incorporate the behavior of nodes and their neighbors, as indicated by
the graph structure, alongside the already calculated node features. This approach
is facilitated by GNN models, which take into account the graph structure in their
learning process. The effectiveness of this approach in enhancing performance for
this task will be evaluated. Therefore, a GNN-based model is proposed to address
the classification of cell types within the same dataset, which will be presented below.

Model architecture

To address the new supervised classification task, a GNN-based model is proposed,
as illustrated in Figure 3.9. This model utilizes an existing GNN layer. The general
approach is as follows: First, an input graph, Graph 3D G3p, along with its node
features matrix X, is taken. The graph is then divided into two structures based
on edge type: spatial (Eg,) and temporal (Etemp) edges. Additionally, the edge
features matrices are defined: spatial (Xg,qp) and temporal (X g temp) corresponding
to each structure, respectively. Next, a GNN model is applied to the node features of
each structure to obtain the encoded features: spatial (Zs,) and temporal (Ziemyp)-
Following this, the encoded features (Zs, and Zem,) are concatenated. Subsequently,
a Multi-Layer Perceptron (MLP) classifier is employed to produce an output value
(probability) between 0 and 1.

The GNN encoder (see Figure 6.19) is designed to encode graph-structured data
by integrating node and edge features into meaningful latent representations. This
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Figure 3.9: GNN-based workflow for supervised classification

encoder structure is based on the GENeralized Graph Convolution (GENConv)
layer [158], which consists of a generalized aggregation function suited for graph
convolutions.

In each GNN encoder, node features are initially embedded into a 32-dimensional
latent space. This operation is followed by a ReLU activation to introduce non-
linearity. Then, the GNN layers consist of a GENConv layer to aggregate neighbor-
hood and edge information, and a linear layer to combine the initial and processed
features. ReLLU activation functions are applied after each transformation in each
GNN layer. During the forward pass, node features are transformed, processed
through graph convolutions, and concatenated with intermediate features before
producing the final output. This design enables flexible and efficient representation
of graph data, leveraging both local node attributes and edge relationships.

The MLP classifier is a neural network with three hidden layers (32, 16, 16). Each
hidden layer includes a fully connected (Linear) layer, a ReLU activation function,
batch normalization (BatchNorm1d) [133] for stabilizing and accelerating training,
and dropout for regularization. The output layer is a fully connected layer that maps
the last hidden layer to the output size. Weights for Linear layers are initialized using
Xavier Normal Initialization [97] to improve convergence, and biases are initialized
to zeros.

Model training

To train the proposed model, the Binary Cross-Entropy (BCE) is used as the loss
function, which is defined as

N
BCE(u Z u; log @; + (1 — u;) log(1 — 4;)],
where N corresponds to the total number of nodes over all images, u = (uq,...,uy)
is the ground truth binary class, and @ = (4, ..., uy) is the predicted class from

the deep-learning model.

AdamW [177] is chosen as optimizer algorithm during training process with a
learning rate (LR) of 0.001 and weight decay of 0.0005. Furthermore, an exponential
learning rate (LR) scheduler is applied to enhance the update of model parameters
during the back-propagation phase. During each training epoch, graph batches of size
2 are taken from the total training data. The training phase is halted by defining an
early stopping criterion: if the validation loss does not improve over 10 consecutive
epochs, the model stops training. Finally, the model is trained over 100 epochs, and
the best model is retained based on the lowest validation loss achieved.
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The input data for the model is defined below, following the computation of
different Graph 3D structures and their node features. The node features matrix
X is defined, which is composed of Graph 3D-based node features and the x-y
position of each cell. Additionally, edge features are computed both spatially and
temporally. These features include edge betweenness centrality, Euclidean distance,
relative displacement, and cosine similarity (see Section 1.3.2.2) for each pair of nodes
that form a link. The edge features matrices are then defined as spatial (X g spatio)
and temporal (X g temp) corresponding to the features mentioned above.

3.4 Results and Discussion

3.4.1 HeLa and fibroblast cells

In this study, the analysis begins by considering two independent cultures, each
containing a unique type of cell. This process yields two series of microscope images
and, consequently, two graphs. The features extracted from these graphs are then
combined, and an attempt is made to separate them.

Experimental data consist of two 2D time-lapse cell microscopic videos: the first
one is a culture of HeLa cells and the second one is a culture of fibroblast cells, each
consisting of 225 frames with a resolution per image of 3840 x 2748 pixels, pitch
1.67 pum. To mitigate the high computational and memory costs associated with
calculating node features, each frame image was divided into four equal quadrants
based on x-y pixel positions. Furthermore, the time-lapse videos were partitioned into
four equal time intervals to address the aforementioned computational constraints.
In the end, the results for the first 150 frames were retained, as HeLa and fibroblast
cells exhibited distinct migratory patterns during this time interval in their respective
time-lapse videos.

Furthermore, the following graph structures have been considered:

« Delaunay: with 75, = 100 pm and Tiep, € {10 pm, 20 pm, 30 pm, 50 g,
100 pm}.

« Gabriel: with 75, = 100 um and Tyepmp € {10 pm, 20 pm, 30 pm, 50 pm, 100 pm}.

« Urquhart: with 75, = 100 pm and 7y, € {10 pm, 20 pm, 30 pm, 50 g,
100 pm}.

« Distance: with 7y, Tiemp € {10 pm, 20 pm, 30 gm, 50 pm, 100 pm}.

The experimental data presented herein are employed to evaluate the first prediction
task proposed in Section 3.3.1. Specifically, Graph 3D is computed using the data
provided through their x-y positions and the graph structures proposed for HeLa and
fibroblast cultures. Subsequently, spatial and temporal metrics are calculated from
these graph structures at the node level for each cell culture. These node features,
previously computed for each cell culture, are then artificially combined to create
a new dataset. Finally, a clustering method is applied to the node features of this
dataset to identify HeLa and fibroblast cells.

Node features derived from Graph 3D provide crucial information for distin-
guishing each cell type originating from the two cell cultures. This is evidenced
by the histograms of each spatial and temporal node feature, computed through a

112



given graph structure for HeLa and fibroblast cells, as presented in Annex 6.3.1 (see
Figures 6.3, 6.4, 6.5, 6.6, 6.7, 6.8, 6.9, and 6.10). In this example, it is observed that
all node features exhibit visually distinct distributions, aiding in the differentiation
of HeLa and fibroblast cells. These results suggest that these metrics could be
valuable in separating the two cell cultures through the methodology proposed for
the unsupervised classification method.

Before presenting the results, it is emphasized that the Gaussian Mixture Model
(GMM) was employed as the clustering approach to test the methodology previously
described. The mean accuracy score (over 10 runs) of GMM for all graphs was
calculated, and the maximum value from the obtained scores was selected.

In addition to the GMM chosen for the unsupervised classification method, a
comparison of its performance with a recent unsupervised approach called He2CL
(HEterogeneity detection in cell cultures with a 2-step CLustering algorithm) is
proposed [188]. This method was specifically designed for these datasets as it
analyzes cellular diversity based on cell morpho-dynamic behaviors. The He2CL
algorithm can be briefly described in the following way. A first clustering method
assigns a cluster label to each cell and time-step throughout the time-lapse sequence.
These labels are then used to compute a representation of the time-series data
associated with each cell trajectory [188]. Subsequently, a second clustering method
is applied to this representation to assign a cluster group to each cell trajectory [188].

Therefore, the objective for this study is to analyze and determine whether Graph
3D-based node features can enhance the performance of both methods (GMM and
He2CL) beyond relying solely on cell morpho-dynamic features. For the He2CL
method, features derived from Graph 3D will be utilized only in the first step of the
algorithm to determine whether this configuration performs equally well or better
than the complete method, which utilizes tracking information in the second step.

Table 3.2 presents the accuracy scores (in %) for the GMM and He2CL methods,
each evaluated with different feature combinations over the first 150 frames. Morpho
refers to cell morphological features, such as: dry mass, thickness, perimeter, area,
and eccentricity. Morpho/Dyn refers the usage of cell morphological features, and
cell dynamic features related to the tracking, including cell speed, dry mass growth
and cell age. Only Graph means the utilization of only Graph 3D-based node
features. Graph + Morpho means the use of Graph 3D-based node features
(previously described) and cell morphological features. Furthermore, in each row, the
first value represents overall accuracy, while the second value, preceded by F: (H:),
indicates accuracy specifically for Fibroblast (HeLa) cells.

In the He2CL method, the accuracy scores derived from the second clustering
step are shown for the Morpho and Morpho/Dyn features. For the remaining features
derived from Graph 3D, the accuracy scores correspond to the first clustering step
applied.

Regarding the results presented in Table 3.2, the GMM performs better using
only morphological features than using morphological and dynamic features. This
implies that dynamic features are not relevant for this method and contribute nothing
to its performance. In contrast, the He2CL method outperforms GMM for both
morphological and morphological-dynamic features, highlighting the importance of
cell dynamic features in identifying cell types. These features capture the dynamic
behavior of cells, which is utilized by the He2CL algorithm during its second clustering
step.

The incorporation of Graph 3D-based node features enhances the scores obtained
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Table 3.2: Comparison of GMM and He2CL algorithms with different feature
combinations. In the table, the highest overall accuracy score for each method is
highlighted in black. The highest overall accuracy score derived from applying the
two clustering steps for the He2CL algorithm is highlighted in red.

Method
Features GMM He2CL
Morpho 68.7 (F:60.2, H:77.6) | 80.9 (F:79.7, H:79.8)
Morpho/Dyn 51.1 (F:43.1, H:60.7) 83.9 (F:79, H:89)
Only Graph 78.5 (F:75.6, H:82.1) 83.9 (F:85, H:83)
Graph + Morpho | 82.3 (F:74.1, H:88.4) | 90.4 (F:96, H:85)

by considering cell morphological or morphological-dynamic characteristics for both
methods. This underscores the importance of these metrics, which are derived from
the spatio-temporal graph structure constructed. Furthermore, it is observed that
by integrating Graph 3D-based node features with cell morphological features, both
methods achieve higher scores than when using only node features. This highlights
the complementarity between the metrics derived from cell morphology and those
derived from Graph 3D.

Notably, the best performance for the GMM is achieved by considering Graph
3D-based node and cell morphological features. This implies that the dynamic
characteristics of cells, as derived from their tracking, are not entirely useful for this
method in distinguishing between the two cell types. An identical pattern is observed
when the He2CL method is applied. In this case, the He2CL method also achieves its
best performance by utilizing Graph 3D-based node and cell morphological features,
suggesting that cell dynamic features derived from tracking may not be necessary
for identifying the two cell types.

It is important to note that the accuracy scores obtained for the He2CL method
using cell morpho or morpho-dynamic features were computed through the application
of the two clustering steps. In contrast, the accuracy scores derived from incorporating
Graph 3D-based node features were computed using only the first clustering step.
This outcome suggests that the He2CL algorithm does not necessarily require the
second clustering step, as the tracking information of cells, used for this step, may
be fully captured by the temporal structure of Graph 3D and represented by its
temporal node features.

By plotting and identifying each cluster (obtained using the He2CL algorithm)
across all frames for HeLa and Fibroblast data (as illustrated in Figures 3.10, 3.11,
3.12, 3.13, 3.14, and 3.15), a cluster demonstrating a higher cell concentration than
the others is observed from the beginning of the time-lapse video until frame 150
(used as a reference) for the HeLa data. Additionally, this behavior is explicitly
noticed at frame 150 for the Fibroblast data. This phenomenon (or potential bias)
can be attributed to the fact that two different graph structures are obtained for
each time series of microscopic images. These structures generate node features that
a priori represent the global information about the graph topology, making it easier
to distinguish between the two cell cultures. Consequently, the method works well
and outperforms the classic He2CL algorithm, which involves two steps.
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Figure 3.11: Clusters on HelLa cells over frame 125

Figures 3.16 and 3.17 present radar plots that characterize the cluster mean
values relative to the overall population mean for each cell morpho-dynamic feature
and graph-based node feature utilized in the He2CL method (first clustering step)
for HeLa and fibroblast cell cultures. The application of this method enabled the
identification of six clusters. It is important to note that in these figures, path len
corr refers to the mean shortest path. Cycle length, the time it takes one cell
to divide into two daughter cells, is defined as the number of time-steps in the cell
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Figure 3.12: Clusters on HeLa cells over frame 15
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Figure 3.15: Clusters on Fibroblast cells over frame 150
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trajectory multiplied by the rate, which is the time interval between two consecutive
time-steps in the time-lapse video. Growth (%) is measured as the difference in
cell dry mass between two consecutive time-steps. Cycle growth coeff represents
the trend in dry mass growth over each cell trajectory and is computed as the slope
of the affine function fitted to the cell trajectory dry mass values.

Regarding the cell morpho-dynamic features, it is observed that clusters 0 (blue)
and 1 (orange) comprise big cells with dry mass, area, perimeter, and growth that
exceed the population mean. Additionally, these cells exhibit slight differences in
cycle length and thickness. Cluster 5 (brown) contains the second-biggest cells,
which have cycle lengths longer than the population mean. Clusters 2 (green) and 3
(red) consist of smaller cells that exhibit the highest speed. These cells share similar
morphological characteristics, with slight variations in area, perimeter, and growth.
Cluster 4 (purple) comprises a distinct population of cells that tend to be small, with
very low dry mass, low thickness, and low growth.

For the remainder, the HeLa algorithm processes time-lapse sequences in two
main steps. The first step involves labeling each cell and time-step, then using these
labels to create a time-series data representation for each cell trajectory [188]. The
second step assigns cluster groups to each cell trajectory based on this representation
[188]. In summary, all clusters exhibit properties related to cell morpho-dynamic
features, with no substantial differences among them. This suggests that a second
clustering step may be necessary to visualize explicit differences in the clusters with
respect to cell morphological and dynamic behaviors.
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Figure 3.16: Radar plot for cell morpho-dynamic features per cluster on mixing
HeLa and fibroblast cells

Regarding the Graph 3D-based node features in Figure 3.17, it is observed that
Cluster 0 (blue) comprises cells with the highest temporal harmonic and closeness
centrality, along with high spatial clustering coefficient and core number, but low
temporal mean shortest path. Cluster 1 (orange) includes cells with the highest
spatial betweenness and closeness centrality, along with low temporal closeness
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centrality, mean shortest path, and harmonic centrality. Cluster 4 (purple) consists
of cells with high spatial clustering coefficient and temporal mean shortest path, but
low values for the other node features. Clusters 2 (green) and 5 (brown) encompass
cells with similar spatial clustering coefficient, closeness centrality, and core number,
but exhibit significant differences in temporal closeness centrality, mean shortest path,
harmonic centrality, and spatial betweenness centrality. Cluster 3 (red) comprises a
unique population of cells that tend to have high temporal mean shortest path and
very low values for the other node features.

In summary, it is noted that Cluster 0 is characterized by temporal proximity,
Clusters 2 and 4 depend on both spatial and temporal proximities, Clusters 1
and 5 are influenced by spatial proximity, and Cluster 3 is defined by temporal
proximity, particularly described by the shortest paths. These outcomes demonstrate
that clusters characterized by temporal proximities may contain cells with their
tracking information. In contrast, clusters characterized by both spatial and temporal
proximities can be able to differentiate between the two cell cultures through their
displacement patterns and identify their respective tracks.

It is also evident that the most critical node metrics used to distinguish among
all clusters are those characterized by spatial and temporal connectivity within the
network, even though degree was not a relevant feature in this case. This underscores
the importance of defining an appropriate spatio-temporal structure for Graph 3D
to capture these dynamics effectively.

Furthermore, all clusters exhibit properties with more distinct differences than
those observed in the case of cell morpho-dynamic features. This implies that there is
no need to apply a second clustering step, as previously supposed, since the tracking
information required for this step is captured by the presence of temporal features,
as shown in this plot. This improvement enhances the identification of cell types
(HeLa and fibroblast) within each cluster.
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Figure 3.17: Radar plot for Graph 3D-based node features per cluster on mixing
HeLa and fibroblast cells

The bias previously observed when plotting the clusters in each cell culture can
be attributed to the spatial and temporal proximity of the cells. In this context,
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it would be more appropriate to define node features that are not directly related
to the cell proximity, such as the calculation of a ranking of nodes based on their
links. This approach could help determine whether the bias is reduced by these new
metrics.

3.4.2 PerKO cells

In this analysis, the methodology of Graph 3D-based node features, in conjunction
with the He2CL algorithm, is applied to the dataset comprising the perKO cell culture
(see Figure 3.6). The objective is to identify groups of cells within this culture that
can be characterized by their morphological features and/or node features.

The perKO cell culture consists of fibroblast cells in which one or more genes
related to peroxisomal function have been knocked out. These cells exhibit unusual
behaviors, such as aberrant displacements, and have the potential to become can-
cerous. The importance of this study lies in the ability to detect these cancerous
cells. Therefore, the objective is to determine whether Graph 3D-node features
can enhance the performance of the He2CL method in identifying clusters contain-
ing only cancerous cells. In this approach, the graph was constructed as before,
but a new method was employed. Each image (3840 x 2748 pixels, pitch 1.67um)
was divided into 4 quadrants, and 20-frame overlapping intervals were selected:
1—-20,6—25,11—30,...,161 —179. This method allows for the consideration of
previous and subsequent connections of the endpoints of each interval when calculat-
ing temporal node features. Finally, a Delaunay graph was built in each overlapping
interval with 75, = 100 pm and 7y, = 50 pm. This graph structure was chosen
because it had shown the best results previously.

The average value within each cluster relative to the overall population mean
for each morpho-dynamic cell feature and graph-based node feature in the He2CL
approach (first clustering step) is illustrated in Figures 3.18 and 3.19. Initially, the
method identified eight clusters, four of which corresponded to anomalies primarily
derived from acquisition and computational errors. Consequently, it was decided to
exclude these clusters, as they were deemed irrelevant to the analysis.
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Figure 3.18: Radar plot for cell morpho-dynamic features per cluster on PerKO
cells

Regarding the morpho-dynamic features of cells, it is observed that clusters
primarily separate cells based on their growth rates and cycle lengths. Clusters 1
and 3 comprise the largest cells, with minimal differences in cycle length and growth.
Cluster 1 (blue) contains cells with the longest cycle lengths and the lowest growth
rates. In contrast, Cluster 3 (green) includes cells with very slow growth. Cluster 2
(orange) consists of smaller cells than the population mean, exhibiting the highest
growth rates and very short cycle lengths. Cluster 7 (red) comprises smaller cells with
morphological characteristics similar to the population mean. Notably, three of the
identified clusters do not provide sufficient evidence to detect or distinguish between
possible groups of non-cancerous cells and those with the potential to develop into
cancerous cells. However, Cluster 2, characterized by cells with short cycles and rapid
growth, could offer a valuable indicator for identifying cancerous cells. Chen et al.
[58] demonstrated that cell cycle length serves as a hallmark of cancer susceptibility,
regardless of the organ, cancer type, cancer-driving mutation, or the timing within
the lifespan when the mutation occurred.

Regarding the Graph 3D-node features in Figure 3.19, it is observed that clusters
separate cells by considering all spatial and temporal node features described in
the radar plot. Cluster 7 comprises cells with the highest values for all spatial
and temporal node metrics. Cluster 2 contains cells with the second-highest values
for all spatial and temporal node metrics. Cluster 1 includes cells with the third-
highest values for all spatial and temporal node metrics. Conversely, Cluster 7 also
encompasses cells with the lowest values for all node metrics. In brief, it is noted that
the Graph 3D-node features do not exhibit explicit differences among all identified
clusters to distinguish cells based on their features derived from spatial or temporal
proximities. This observation can be attributed to the fact that the method chosen
to construct the spatio-temporal structure of Graph 3D may not be sufficient to
capture the dynamics of this cell culture, as it is difficult to identify highly isolated
cells. It is important to note that this analysis is entirely exploratory, as there is no
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definitive proof that cancerous cells are present in this cell culture.
motde Batweescais cemtiably_spetial

ER ]

sode_clesmsais cenlrdbly &patial i noda | whi trality ai
LE e
-~
I. . . I
[ [ e—"na
| .I .
| | |
N N A
mada_glusbernng codfciaal spatial & ol nada_peth |8 corr tsmporal
-,
—— 1, 590} cels
7, 04T cwil
g 5, 009 cala
noda_core tembar 5777 7. 1925 celis nmss_canfrafity Eomparei

Figure 3.19: Radar plot for Graph 3D-based node features per cluster on PerKO
cells

3.4.3 Simulations

The analysis focuses on addressing the two prediction tasks using simulated data.
This is achieved by applying the methodology of Graph 3D-based node features in
conjunction with both unsupervised and supervised methods. For the first prediction
task, which involves identifying cell types from two distinct populations, Gaussian
Mixture Models (GMMSs) and Support Vector Machines (SVMs) are employed. For
the second prediction task, which involves identifying cell types from two mixed
populations, GMM, SVM and a Graph Neural Network (GNN)-based model are
utilized.

3.4.3.1 Two distinct populations

The first prediction task is addressed through the use of simulations, as it is possible
to control and define the rules governing the movements of cells based on their
proximity to other cells and their neighborhood. This approach allows for the
proposal of distinct simulated conditions. The simulated data are obtained from 2D
video simulations of cell cultures. The movement of each cell is determined by its
spatial proximity to other cells. Initially, cells move randomly. Over time, they tend
to approach neighboring cells, resulting in forces of attraction or repulsion between
them.

The first set of simulation data, comprising simulations with a unique type of
cell, was utilized for addressing the first prediction task. For this dataset, graph
structures were employed to construct their Graph 3D associated and extract the
node features. These graph structures are described in detail in Annex 6.2.1.

For each possible combination of two distinct simulations from the first dataset,
a Graph 3D was extracted from each series of microscopic images, and the node
features were computed. Subsequently, the node features from these two simulations
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were combined, and the GMM was applied to these features to attempt to separate
the two simulations. The accuracy score between the cluster labels and the simulation
labels was then computed. This procedure was repeated ten times, and the mean
value of the accuracy scores was calculated. This procedure is repeated ten times,
and the mean value is calculated. In Table 6.1 (see Annex 6.2.1), the mean accuracy
score obtained for all possible combinations of two distinct simulations across all
different graph structures is presented. It is observed that almost all combinations of
two distinct simulations can be separated with a score higher than 80%. Furthermore,
it is noted that the graph structure Distance with 7,, = 100 pm and 7y¢p, = 20 pm
is the most useful for separating two simulations, as it achieved a score of more
than 80% (and even exceeding 90% in some instances) across a large number of
combinations of two distinct simulations.

To determine the relevance of spatial or temporal aspects in separating two
simulations, the previously described procedure is applied separately to spatial and
temporal node features, and the results are compared. Table 6.2 (see Annex 6.2.1)
presents the best mean accuracy score (defined as the maximum value over all
graphs) achieved by the GMM for all possible combinations of node features. The
results indicate that temporal features are more significant than spatial features
in distinguishing between simulations. In the majority of the combinations of two
distinct simulations, the temporal node features achieved scores ranging from 80% to
98% (see Table 3.3). In contrast, the spatial node features obtained scores between
59% and 81%. This finding underscores the importance of the temporal structure in

Graph 3D.

Table 3.3: Best mean accuracy score on GMM for all possible node features
combinations

Spatial and Spatial Temporal
temporal
node features | node features
node features
0.9804 0.6493 0.9780

It is proposed to analyze whether a supervised method will perform better than the
GMM for the task of identifying two distinct simulations. Subsequently, a supervised
approach using a Support Vector Machine (SVM) [214] is applied to separate the two
simulations. 70% of the total data is used to train this classifier, and the remaining
30% is used to test the model’s performance. In Table 6.3 (see Annex 6.2.1), the
best mean accuracy score (given by its maximum value over all graphs) of the SVM
model is observed for all possible combinations of two distinct simulations with
regard to the possible combinations of features. The features considered include x-y
positions, node (spatial and temporal) features, and x-y positions with node (spatial
and temporal) features. Poor performance is noted when only x-y cell positions are
considered. When only node (spatial and temporal) features are considered, the best
accuracy score is high and close to 1, indicating good performance of this model.
Moreover, similar performance is achieved by adding x-y positions to node features
(see Table 3.4).

In conclusion, this analysis demonstrated that node features are sufficient for
identifying two distinct simulations through both unsupervised and supervised
methods. This can be attributed to the fact that temporal node features made the
most significant contribution to distinguishing between the two simulated datasets.
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Table 3.4: Best mean accuracy score on SVM for all possible combinations of
features

X-y Node X-y position
e and node
position features
features
0.6932 0.9999 0.9999

These features aim to capture temporal connections, which facilitate the identification
of cells based on their displacement patterns, as these displacements are partially
defined by the cells and their neighborhood. This means that temporal node features
derived from Graph 3D were able to identify the dynamics associated with cells and
their tracking information through the temporal displacement patterns described by
the cells and their neighborhood.

3.4.3.2 Two mixed populations

The results derived from applying both unsupervised and supervised methods to
simulated data, aimed at identifying cell types from two mixed populations, are
analyzed below.

As introduced previously, the simulated data originate from two-dimensional
video simulations of cell cultures. The displacements of each cell type are governed
by the rules outlined in Section 3.3.2.1. In this study, the second set of simulated
data, comprising simulations with two cell types within the culture, is employed.

Initially, a simulation from this dataset is utilized. As before, different graph
structures are employed to construct the Graph 3D and extract the node features.
The same graph structures used in separating two distinct simulations are considered.

Before presenting the results for the methods (unsupervised and supervised)
applied in this simulation, an analysis of the distribution of each node feature for
the two cell classes derived from Graph 3D with respect to all graph structures is
provided. Figures 3.20, 3.21, and 3.22 display the histograms obtained for a node
feature on a chosen graph structure. It is noted that the distribution of spatial degree
does not clearly differ between the two classes, as there appears to be no difference
between the histograms of the two classes. The same behavior is observed for spatial
degree on the Delaunay graph and spatial betweenness centrality on the Urquhart
graph.

To determine whether the difference is significant, the Kolmogorov-Smirnov test
is applied to each node feature and graph structure. The null hypothesis for this test
is Hy : the two distributions for the selected node feature are equal. The p-value is
computed, and a threshold of 0.05 is used to accept or reject Hy. The results of this
test are summarized in Table 6.4 (see Annex 6.2.2.1). In this table, X indicates that
Hy is not rejected, meaning a p-value greater than 0.05 was obtained. It is observed
that the distribution of the spatial mean shortest path between the two classes shows
no difference in most of the considered graph structures.

Graph 3D-based unsupervised approach is first applied on this simulated data
for all graph structures considered. Table 6.5 (see Annex 6.2.2.1) presents the mean
score (over 10 iterations) on GMM for the simulated data across all possible node
feature combinations with respect to the graph structures. It is observed that the
method performs poorly across all graphs in this dataset, achieving a maximum
score of 58%. This score is attained when using the Distance graph with parameters
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Tsp = 100 um and Tyepm, = 30 pm (see Table 3.5), suggesting that the GMM identifies
cell types slightly better than random guessing. This performance may be attributed
to the fact that the proposed features (spatial and temporal) are insufficiently capable
of capturing the differences between the two population types at both spatial and
temporal levels, given the assumed type of displacement. Indeed, node features are
predominantly based on x-y positions, which means that the displacement factor is not
adequately described by these features. Consequently, this leads to poor performance
of the method when used to distinguish between the two cell types. These outcomes
highlight the necessity of exploring new features that might more effectively capture
the proposed displacement behavior in the two mixed cell populations.

Table 3.5: Mean accuracy score on GMM for the simulated data containing two
cell types

Spatial and Spatial Temporal
Graph temporal
node features | node features
node features
Distance 0.5788 0.5107 0.5178

The SVM model model is utilized as a supervised learning method to evaluate the
second prediction task for this simulation, which involves identifying two cell types
per frame image. It remains to be determined whether this approach can enhance
the accuracy of classifying both cell types. Table 6.6 (see Annex 6.2.2.1) presents
the mean accuracy score when utilizing a supervised approach (70% for training and
30% for testing) for all possible combinations of features. It is observed that this
approach performs better when considering x-y positions in combination with node
features across most graph structures, achieving a maximum score of 64% on the
Distance graph with 7, = Tyemp = 150 um (see Table 3.6). However, this score is
insufficient to ensure that the SVM model can accurately classify both cell types.

Table 3.6: Mean accuracy score on a supervised method (SVM) for the simulated
data containing two cell types

X-y position
Graph Y Node and node
position features
features
Distance 0.6108 0.6197 0.6440

Based on previous results, it is observed that data from two cell populations can
be effectively separated using node features from the Graph 3D structure. However,
the performance is not satisfactory when attempting to identify two cell types within
the population, as the graph does not sufficiently explain and capture the different
behaviors present in each cell class. Therefore, other features need to be explored to
help distinguish them. It is expected that the performance of the clustering method
will improve by combining these features with those obtained through the graph
structure.

As previously observed, both unsupervised (GMM) and supervised (SVM) meth-
ods exhibit suboptimal performance in the scenario where there exists a population
with two cell types. The aim is now to approach the second prediction task through a
graph-based supervised classification method that involves developing a GNN-based
model to enhance the performance of detecting the two cell types. This type of model
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can take into account the structure of Graph 3D (in addition to its computed node
features) for its learning process. Subsequently, the second set of simulated data is
considered for this analysis. Additionally, another graph structures are utilized in
this case, which are described in detail in Annex 6.2.2.2.

To evaluate the supervised classification method, six simulations, along with
their corresponding graph structures, are used as training data. Two simulations
are chosen as validation data, and one simulation is reserved for testing the model.
Furthermore, it was proposed to compute different graph structures for the training
and validation datasets to augment the data and potentially reduce overfitting during
the training phase of the GNN-based model. These graph structures were also
computed for the test data to obtain a mean classification score across this dataset.

Figure 6.2 (see Annex 6.2.2.2) shows the loss and accuracy scores for the model
(with a single GNN layer per encoder) on the training and validation datasets across
epochs. The results indicate that the model follows a stable learning process with
relatively few oscillations. As training progresses, the model gradually converges,
exhibiting improved consistency in both accuracy and loss reduction.

Furthermore, it is observed that the model performs well as training progresses,
achieving an accuracy score exceeding 90% in the later epochs. This suggests that
the model effectively captures the underlying structure of Graph 3D-based data and
generalizes well to the validation set. The steady improvement in accuracy and
reduction in loss also imply that there is no overfitting, as the validation performance
remains strong over time. Finally, the mean accuracy score on the test data is
computed, and it is found that the model maintains a high score (x 96%) on this
dataset.

The GNN-based model outperforms the GMM because it not only considers the
information from neighboring nodes within a given cell but also incorporates tracking
information derived from the temporal structure. This capability is absent in the
GMM, even when node features from Graph 3D are used to try to encode such
information.

The influence of the number of GNN layers on the model’s performance is
investigated. Table 6.7 (Annex 6.2.2.2) displays the average accuracy score obtained
per number of GNN layers (1, 2, 3, 4, and 5) on test data. The results indicate that
all model setups perform well. It is observed that the number of GNN layers does
not significantly affect the performance of the model, as the difference in accuracy
score is not significant. This could imply that other factors might be more critical in
determining the model’s performance.

It is also noted that a single Graph Neural Network (GNN) layer may be sufficient
to achieve optimal model performance. This suggests that cells require information
only from their immediate neighbors within both the spatial and temporal structures
of Graph 3D. This could be plausible due to the topology of Graph 3D, which might
enable access to information for all nodes through their neighbors. Additionally,
the temporal links between cells from consecutive frames could potentially encode
tracking information and identify cells across the entire time-lapse video. Another
possible explanation is that the simulated data used to evaluate this model represented
adequate cell displacements, allowing the model to capture the spatial and temporal
dynamics within the culture.

Next, a comparison is conducted between GNN-based models, each comprising
two GNN layers per encoder, by varying the type of GNN layer in each encoder
structure. It is proposed to test the architecture with Graph Convolutional Network
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(GCN) layers, which are classic GNN layers commonly used in the literature. The
model that combines GCN layers is denoted as GNN-GCN, which incorporates two
GNN layers per encoder. For this model, edge betweenness centrality is used as the
edge weight. Table 3.7 presents the mean accuracy per node features for all models.
In this table, position refers to the x-y cells position; position + spatial refers to
cells position and spatial features; position + temporal refers to cells position and
temporal features; position + spatial 4+ temporal includes cells position, spatial,
and temporal features; and position + spatio-temporal refers to cells position,
with spatial and temporal characteristics combined through summation.

Table 3.7: Comparison of model performance by node features

Node Features
position

position | position + position
Model position + + spatial | + spatio-

spatial | temporal | + tem- | temporal

poral

GNN 0.9894 0.9774 0.9839 0.9873 0.9874
GNN-GCN | 0.6507 0.6124 0.6983 0.6964 0.6870

It is observed that the GNN-based model outperforms the other proposed model
for all different node features considered. It is also noted that considering the
x-y cell positions appears to be sufficient for identifying each class in Graph 3D.
To understand why the x-y cell positions might be the sole requirement for the
performance of the GNN-based model, an analysis of the GNN encoder structure
(both spatial and temporal) is conducted below.

It is also noted that the GNN model utilizing GCN layers achieved scores ap-
proximately between 60% and 70% for all node features considered, which are lower
than those obtained for the proposed model. This discrepancy can be attributed to
the fact that GCN layers do not consider edge features beyond edge weights when
computing messages, unlike GENConv layers, which may account for the difference
in performance between the two models. It is also observed that the GNN-GCN
model showed a higher score when considering the temporal knowledge of the graph
structure.

Finally, the procedure (with 2 GNN layers per encoder) is compared by evaluating
models that use only spatial or temporal information from the GNN encoder, as
shown in Figure 3.9. The model using spatial information is denoted as GNNj,,
and the model with temporal information is denoted as GNNy,,,. Table 3.8 reports
the mean test accuracy for these two models per node features. Notably, GNNyep,,
outperforms GNNj,, emphasizing the importance of temporal information, extracted
from the spatio-temporal graph structure, in identifying two cell types without the
need for tracking cells.

It is observed that the GNN-based spatial model’s performance improves when
temporal features are considered in the input data. This underscores the necessity of
temporal dynamics for effectively solving the supervised task.

3.4.4 HDF-HUVECs

Finally, to validate the performance of the GNN-based model, it is proposed to
apply this approach to experimental data. These data consist of two cell populations:
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Table 3.8: Comparison of model performance per node features between GNNj,
and GNNy¢pp

Node Features
position

position | position + position
Model position + + spatial | + spatio-

spatial | temporal | 4+ tem- | temporal

poral

GNN;, 0.5809 0.5748 0.7535 0.7600 0.7763
GNNierp | 0.9813 0.9863 0.9861 0.9821 0.9866

HUVECs and HDF. The HUVECs were labeled using the green fluorescence protein
[264, 64], which allows for the acquisition of a reference and the subsequent measure-
ment of the model’s performance. To mitigate the computational burden associated
with calculating longer node features over the entire image size (11530 x 6940 pixels)
in the time-lapse data, four regions of interest were initially selected, as shown in
Figure 3.25. This strategy was also employed due to the availability of only one cell
culture for analysis, which required the establishment of distinct training and testing
datasets. However, it was observed that the bottom-left region contained unbalanced
data for cell types. Therefore, it was discarded for the subsequent analysis.

To evaluate the performance of the GNN-based model, the remaining three regions
were utilized as the training, validation, and test datasets, as depicted in Figure 3.25.
As previously done with simulated datasets, graph structures were computed for the
training, validation, and test datasets. This approach aimed to augment the data,
potentially reduce overfitting during the training phase of the GNN-based model,
and enhance the classification scores obtained. Model parameters were selected, and
training was stopped early if the validation loss failed to improve for 10 consecutive
epochs, with a maximum training limit of 100 epochs. The best-performing model,
defined as the one achieving the lowest validation loss, was retained. The accuracy
score was then computed on the test dataset using this model.

Table 6.8 (Annex 6.3.2) reports the mean accuracy on the test dataset for different
node features and numbers of GNN layers, showing that the models exhibited poor
performance overall. When only the x—y position was used as node features, the
model’s performance did not improve with additional GNN layers. A similar trend
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Figure 3.25: Region partition for images on experimental data
was observed across all tested combinations of node features, suggesting that model
performance is largely independent of the number of GNN layers.

Subsequently, it was proposed to analyze the spatial and temporal structures of
the GNN-based model, considering the previously introduced models GNNj,, and
GNNiemp- A third model, denoted as GNNy, yemp (Figure 3.26), was considered.
This model takes into account the entire structure of Graph 3D. In these models,
each encoder was configured with three GNN layers for testing purposes. Table
6.9 (Annex 6.3.2) illustrates the mean accuracy obtained on the test dataset for
different node features and the proposed models. It is observed that the three
models show poor performance across the different node features considered, with
the temporal structure showing a slight difference from the other models (Table 3.9).
This might suggest that the different graph structures were unable to capture spatial
and temporal information effectively, or that the proposed model was not suitable for
these data. This finding encourages the exploration of alternative GNN architectures
that could better address this supervised classification task.

Table 3.9: Model performance per node features for experimental data

Node Features
position
position | position + position
Model position + + spatial | + spatio-
spatial | temporal | + tem- | temporal
poral
GNNg, temp | 0.5110 0.4990 0.5111 0.5110 0.4893

The suboptimal performances observed can be attributed to the challenges
encountered during data acquisition, the unreliability of the ground truth data,
which is based on fluorescence labeling. Although the chosen regions for testing were
those that contained cleaner data in each image, difficulties persisted in processing the
acquired images, accurately segmenting cells, and detecting them. These challenges
constrained the ability to fully assess the potential of the proposed GNN-based model
in addressing the supervised classification task.
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Conclusion

In recapitulation, the proposed node features derived from the spatio-temporal
graph structure Graph 3D facilitate the separation of two distinct datasets under
identical experimental conditions through an unsupervised clustering approach. This
was particularly evident in both simulated and experimental data. The proposed
methodology could significantly enhance techniques that incorporate these node
features to improve the analysis of individual cells, particularly when considering the
lineage information of cells.

It was also possible to develop a Graph Neural Network (GNN)-based model to
identify two cell types within the same population without the need for tracking,
through a supervised learning task. This model demonstrated good performance in
simulations but exhibited reduced performance when applied to experimental data,
which may be attributed to the difficulties in data acquisition as previously described.
However, this does not limit the exploration of alternative architectures for this
model that could enhance its performance on this type of data. The developed
GNN model could also be of significant importance for its application in tasks such
as tracking and identifying cells across time-lapse sequences, which is not entirely
straightforward. This would contribute to the subsequent analyses of cells once they
have been detected and identified.
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Chapter 4

Dynamic prediction of dry mass

This chapter presents the final application addressed in this PhD research. The
primary objective of this application is to analyze the influence of a cell’s neighborhood
on the evolution of its morphological features, particularly the dry mass.

The study of dry mass, which is defined as the cellular mass after the removal
of water content [22], is particularly fundamental for understanding key aspects of
cellular behavior, including cell size, cycle, state, and homeostasis [95, 167, 265].
Moreover, Kandel et al. [139] present evidence suggesting that a cell’s neighborhood
influences its cellular features. Therefore, it is essential to consider the potential
interactions between cells and their neighbors. This work focuses on forecasting
dry mass by incorporating information from each cell’s neighborhood, which will
provide clear evidence of the impact of these interactions on dry mass. To achieve
this objective, graphs can be employed.

In this study, 2D time-lapse microscopic videos and 2D simulation videos of
cell cultures were utilized. For each frame of the video, a graph representation
was constructed, where nodes represent cells and edges correspond to their spatial
proximity. Data analysis was conducted on both experimental and simulated data,
primarily involving spatial autocorrelation analysis of dry mass across different
graph structures and correlation analysis of cell morphological features. The spatial
autocorrelation analysis aimed to determine whether a cell’s neighbors significantly
influence the evolution of its dry mass. The results indicated that there exists the
presence of correlation between the spatial proximity of the neighborhood of cells and
the dry mass growth. Subsequently, Graph Neural Network (GNN)-based models
were proposed to achieve the proposed prediction task. For evaluation purposes,
the models were tested using different combinations of morphological features. The
outcomes demonstrated that it was feasible to predict the trend of dry mass in
simulated data. However, the models were unable to capture this behavior in
experimental data.

4.1 Research context

Deep learning models integrated with recent bioimaging techniques have enabled
the visualization, quantification, and monitoring of key cellular features over time,
across large populations, and under label-free conditions [14]. Lens-free microscopy
enables the extraction of important cellular features over time [22], such as dry mass,
which refers to the cell’s mass after its water content has been removed [189]. This
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cellular feature plays a critical role in biology by remaining consistent across cell
generations and revealing the stages of cell growth and division [22]. Therefore, dry
mass becomes essential for understanding of cellular behavior, including cell size,
cycle, state, and homeostasis [95, 167, 265].

Cell-cell communications are essential for various dynamic biological processes,
including cellular differentiation, organ development, tissue homeostasis, and immune
system function [17]. In particular, these cellular interactions could influence cell
growth within cell populations. A study by Kandel et al. [139] examined the spatial
correlations of growth rates within large populations of adherent cells, specifically
fibroblasts and epithelial HeLa cells. The research revealed that the extent of
correlation between growth rates and spatial coordinates can serve as a quantitative
measure of “cellular influence”, indicating how certain cells affect their neighbors
[139]. Notably, the findings showed that while most cells do not exert significant
influence, a small subset can impose their growth rates over a broad area around
them [139]. These outcomes underscore the importance of studying how cells and
their neighborhood can influence their growth. Graphs can serve as a means to
achieve this.

As previously discussed in the preceding chapter, graphs can be utilized to try to
represent cellular interactions or communications derived from 2D microscope images
of cell cultures. In these graphs, nodes correspond to cells, and edges indicate their
spatial proximity. Furthermore, temporal proximity can be inferred by calculating
edges between two ordered or consecutive frame images. These spatial and temporal
interactions could be employed in graph-based models for the study of dry mass over
time.

GNN-based models can be utilized for the analysis and quantification of dry mass
dynamics based on the spatial and temporal connections derived from the graph
topology. This might enable the computation of the [—th graph representation state
and its associated cellular features based on its past information [ — 1,1 —2,...,0,
where [ represents a time-step of the video [232].

In this study, the graph representation states are fixed, and the prediction of
dry mass at instant [ is performed using both its past values and historical cellular
features at time steps [ — 1,/ — 2,...,0. Dry mass can be predicted through two
approaches: a classic and a dynamic method. The classic approach forecasts the
dry mass at instant [ + 1 based on its past values from the graph at instant {. This
procedure can then be repeated for [ +2,[+3,.... The dynamic approach, in contrast,
predicts the dry mass at instant [, then updates the input graph information with the
current prediction before estimating the next dry mass value at [ + 1. This process
is similarly iterated for [ + 2,1+ 3,.. ..

For this study, it will be necessary to define an appropriate graph construction
method, with node (and even edge) features that capture both spatial and temporal
aspects to the prediction of cell dry mass over time. This will help determine the
suitable GNN structures to utilize on the models for performing this task.

4.2 Literature review
Graph-based deep learning architectures have been developed and have demonstrated

strong performance across various domains and prediction tasks in recent years [28,
32, 57, 63, 142, 213, 232, 275, 284, 291, 298]. Research in this area often focuses
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on spatio-temporal analysis to understand dynamic processes over time. In this
context, the development of spatio-temporal graph neural networks is necessary,
which typically consist of two main components: a spatial component and a temporal
component.

The spatial domain derived from spatio-temporal GNNs has been modeled using
graph-based deep learning architectures that incorporate the spatial structure of
graphs [57, 285]. Chen et al. [57] utilized recurrent graph neural networks (RGNNs)
with skip connections to model spatial dependencies in traffic forecasting. Wu et
al. employed Graph Convolutional Networks (GCNs) with skip connections in their
model for multivariate time series forecasting [285].

Models can address the temporal component through dynamic graphs and the
historical information of the variable to be estimated (or predicted). Dynamic graphs
can be modeled in two main ways: discrete-time dynamic graphs (DTDGs) and
continuous-time dynamic graphs (CTDGs). DTDGs take graph snapshots at fixed
intervals to show its state at specific times. Specifically, a graph snapshot represents
the state of the graph, including its present nodes and edges, at a given point in time.
CTDGs record events as they happen, providing a more flexible view of changes in
the graph.

Early research on dynamic graph learning focused on DTDGs. Methods included
combining graph snapshots for static models [120, 163], breaking down snapshot
tensors [78, 184], or creating embeddings for each snapshot and combining them using
various techniques like weighted aggregation, time-series methods, recurrent neural
networks (RNNs), or temporal smoothness constraints [235, 288]. Some studies also
used random walks, starting on the first snapshot and adjusting for later ones [186,
293].

More recent work has looked at CTDGs, using methods like random walks with
changing transition probabilities [24, 197, 198] and RNN-based models that update
node embeddings when new edges are added [152, 183, 261|. Similar challenges are
seen in dynamic knowledge graphs [71, 94, 98, 286]. Many approaches update node
memories with RNNs but often skip updating the neighborhood, which can lead to
outdated embeddings and limited representation.

Spatio-temporal GNN models have been applied in various domains, including
traffic forecasting for both long-term and short-term predictions[57, 157, 292, 298], dy-
namic representation of brain graphs [142], emotion perception [32], spatio-temporal
interactions between objects [63], and pandemic forecasting [140, 275].

Sanchez-Gonzalez et al. [232] have proposed an approach, called “Graph Network-
based Simulators” (GNS), for learning to simulate physical domains, which can
generalize from single-time point predictions with thousands of particles during
training, to different initial conditions. Their GNN model represents the state of a
physical system with particles, expressed as nodes in a graph, and computes dynamics
via learned message-passing.

However, certain deep learning models assume a fixed number of nodes across
all frames, with connections between them changing over time. Some of these
architectures do not incorporate message passing with multi-dimensional edge features,
which could significantly influence information transmission and updates to node
and edge features (if applicable) when applying GNN layers. Examples of these
architectures include graph convolution layer (GCN) [146]; gated graph convolution
layer [161], which is a GNN layer with gated recurrent units (GRUs). Another models
have been adapted to handle multi-dimensional edge features in message passing,
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such as graph attention networks (GATs) [267].

Yu et al. [291] introduced ROLAND, an effective graph representation learning
framework designed for real-world dynamic graphs, which enables the adaptation
of any static GNN to dynamic graphs. This approach consists of viewing the node
embeddings at different GNN layers as hierarchical node states and then recurrently
update them over time. Moreover, this framework facilitates the addition of new
nodes and the deletion of existing ones on the graph.

MAGIK [213] is a deep learning model based on GNNs that handles both spatial
and temporal dynamics. This model demonstrates strong performance in estimating
dynamical properties in biological scenarios, such as cell division. MAGIK utilizes a
generator function that creates graph snapshots by considering spatial and temporal
connections. Each snapshot is generated by reusing the previous one, allowing the
model to make predictions from data that are unrelated to the training data.

For the prediction of dry mass, it was decided to implement the model proposed
by Sanchez-Gonzalez et al. [232], which offers an innovative approach to making
predictions. Additionally, it was decided to combine this method with the attentional
mechanism provided by MAGIK [213] to determine whether it enhances the model’s
performance on this regression task. The MAGIK model was initially utilized for
comparison purposes but was discarded for further analyses because it did not enable
the computation of dry mass prediction values for the entire time-lapse video due to
memory issues.

4.3 Methodology

Figure 4.1 illustrates the methodology employed to address this work. Images
acquired were segmented using a deep learning model (Cellpose!) [251], which is
primarily utilized for cell segmentation and detection. A convolutional neural network
(CNN) deep learning method was applied to measure cellular morphological features
from the segmented images. Subsequently, graphs were constructed from the x-y cell
positions, with nodes representing cells and edges representing their spatial proximity.
Features of nodes and edges were computed to define the input data for the GNN
model. Once training is completed, the dry mass is predicted through a dynamic
approach, which is described in Section 4.3.2.

https://www.cellpose.org/
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Figure 4.1: Proposed workflow for dynamic prediction of dry mass. Images acquised were segmented via Cellpose [251], which is
predominantly used for cell segmentation and detection. A CNN model was employed to assess cellular morphological features from the
segmented images. Graphs were created from the x-y cell positions, with nodes representing cells and edges depicting their spatial proximity.
Node and edge features were calculated to define the input data for the GNN model. Finally, a dynamic method is employed to predict the
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4.3.1 Datasets

For this study, two datasets consisting of 2D time-lapse microscopic videos of cell
cultures were analyzed. The first dataset is simulated data designed to replicate the
behavior of a cell culture over time. The second dataset comprises experimental data
corresponding to HeLa cell cultures.

4.3.1.1 Simulated data

This dataset is designed to simulate the progression of a cell culture over time. At
the initial time point (¢ = 0), a given number of cells are initialized with random
positions and mass values. The displacements of each cell are governed by its spatial
proximity to the other cells. A rule is then applied to increase the dry mass based
on the proximity of cells where cell 7 is close to at least 3 neighboring cells, its mass
is increased by a given value. Additionally, a rule for cell division is defined, where
cell 7 divides itself if its mass exceeds a threshold value. In this case, 2 new cells are
created, each with a mass equal to half of the original cell’s mass.

Figure 4.2 illustrates a frame representation for 4 simulations conducted on
the simulated dataset. These images show different behaviors under the proposed
conditions.

(c) Simulation 3 (d) Simulation 4
Figure 4.2: Frame representation of 4 simulations from the simulated data
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4.3.1.2 Experimental data

Experimental data consist of 2D time-lapse videos of HeLa cell cultures (Figure
4.3). Each frame has a resolution of 3840 x 2748 pixels, pitch 1.67 um. The

i

Figure 4.3: Lens-free image of HeLa cells

morphological features of cells are extracted from segmented images of the video.
This structure contains information about the current frame of the video and, for each
cell, its x-y pixel position, ID tracking, area, perimeter, length?, width?, eccentricity?,
orientation®, thickness, and dry mass, which is proportional to the optical volume
difference (OVD).

It was observed that some cells are close to the borders of the image. Consequently,
these cells can enter or exit the image from one frame to the next, and the annotations
made by the tracking algorithm do not account for these cells.

Once all the relevant information has been extracted from the time-lapse videos,
the data is processed. Z-score normalization is then applied to the morphological
characteristics, and a normalization between 0 and 1 is applied to the positions
relative to the image size.

4.3.2 Prediction task

This study focuses on the prediction of dry mass, described as follows. Given a set
of 2D images from a video, captured at regular time-steps from ¢t = 0,1,2,..., T,
where T denotes the final frame, graph representations are constructed. These
graphs include node and edge features, which are derived from cellular morphological
features and cell positions. The objective is to forecast the dry mass value at t + 1,
based on its past information and the graph representation at time ¢. This task

2Length is measured as the longest diameter of the masked cell (ellipse).

3Width is measured as the shortest diameter of the masked cell (ellipse).

YEccentricity measures how much the cell deviates from being circular [15]. It calculates the
offset focal spot on the main axis of the masked cell (ellipse).

SOrientation is the angle (in radians) formed by the position of the masked cell (ellipse) and
the reference axes.
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can be addressed through either a classic or a dynamic approach as defined in [232].
These two methods are summarized below:

¢ One-step method is the classic approach, which uses information at time ¢
to predict the dry mass for ¢ + 1. The procedure can be repeated iteratively
fort+2,...,T —1.

e Rollout method is the dynamic approach, which is described as follows.
Starting at ¢ = 0, the information available at ¢ = 0 is utilized to estimate the
dry mass for ¢ = 1. The predicted value is then fed back into the model to
predict the next value at ¢ = 2. This process is repeated until the end of the
time-lapse video.

To achieve this, simulated data was initially considered, which includes cell
diameter, cell positions, and cell dry mass. Subsequently, all available information
from the experimental data was utilized, with features selected to predict the cell
dry mass.

4.3.3 Data analysis

4.3.3.1 Spatial autocorrelation

First, the objective is to determine whether a correlation exists between the spatial
proximity of cells and their dry mass growth. To statistically verify this assumption, a
hypothesis test is formulated. The null hypothesis, Hy, states that there is no spatial
autocorrelation in dry mass, while the alternative hypothesis, H, states that spatial
autocorrelation is present. Moran’s I [159, 192] is then employed to assess whether
Hy should be accepted or rejected. This statistic measures spatial autocorrelation by
considering both feature locations and feature values simultaneously [83]. Moran’s I
is defined as follows

I N XL, Yl wi(my — ) (my — m)
w Zij\il(mi —m)?

where
e N is the number of cells;
e m =my,...,my is the variable of interest (i.e., dry mass);

e 1 is the mean of m;

» w;; corresponds to the Euclidean distance between cells ¢ and j based on their
X-y positions;

o W is the sum of all wy, i.e., W =3 Zjvzl Wi
The z—score for this statistic is computed as

I E[]
4T N
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where the expected value E and the variance V of I are given by

1
n—1

V[I] = E[*] - (E[1])".

E[I] = -

To determine whether Hy is statistically significant, the p-value is calculated. The
p-value indicates how probable it is to obtain the observed effect—or one more
extreme—if the null hypothesis were true [19, 278]. Then, Hy is rejected if

p-value <

where « is the significance level, which is typically set at 5% [230].

The statistical significance of Hy was assessed using both simulations and the
HeLa data. The weights w; ; were computed using the graph construction methods in-
troduced in Section 1.3.2.4: Delaunay (without thresholding), Gabriel (without thresh-
olding), Distance with connectivity radius 7 = 300 pgm, 500 pgm, 650 pm, 1000 gm, and
k-NN with k£ = 4,5,6,8,10. The significance level « is set at 0.05.

Figures 4.4 and 4.5 display the Moran’s Index (Moran’s I) and the corresponding
p-value for the best Moran’s Index obtained over the time-lapse sequence in a set
of simulated data with 71 frames. Observations indicate that Moran’s I generally
increases over time for most graph structures, with the exception of Distance graphs,
which become flat or stationary towards the end of the time-lapse. Among the
different graph construction methods, the Gabriel graph shows the highest Moran’s
I values. The p-value remains below o = 0.05 throughout the entire time-lapse,
implying that the null hypothesis Hg can be rejected. This indicates the statistically
significant presence of spatial autocorrelation in dry mass. Additional outcomes for
Moran’s I and the corresponding p-value for the best Moran’s I obtained from other
five simulations of simulated data can be observed in Annex 6.4.

This analysis was also conducted using the HeLa data, as depicted in Figures 4.6
and 4.7. It is observed that Moran’s I exhibits a growing trend with high variations
over time for most graph structures, with the exception of Distance graphs, which
demonstrate low fluctuations and a less pronounced growth trend. Initially, the
p-value exceeds the chosen criterion, implying that there is no spatial autocorrelation
in dry mass. However, this situation changes after frame 50, indicating a rejection of
the null hypothesis Hg. This can be attributed to the fact that there are insufficient
interactions between cells at the beginning of the time-lapse video. As time goes
by, cells begin to approach and interact with each other, which likely influences the
behavior of dry mass growth.

4.3.3.2 Correlation analysis

Once all data have been normalized, it is proposed to analyze the correlation between
all available cell morphological features. This analysis aims to determine which
variables can be employed to construct the node features matrix, which is utilized in
the models. This correlation analysis is applied to the HeLa data, as simulated data
contain information only for x-y positions, diameter, and dry mass.

For HeLa data, the correlation between the variables—area, perimeter, length,
width, eccentricity, orientation, and dry mass—is analyzed. First, the mean values
of each variable are computed using all cells. Subsequently, the correlation between
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all variables is calculated using their mean values derived from the available cell
information for each frame (see Figure 4.8).
It is noticed that there are highly positive correlations between:

e Dry mass with area, perimeter, and length;
e Length and perimeter.
o Eccentricity with length and perimeter.

Then, this analysis can be used to construct the node features matrix for the graph.
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Figure 4.8: Correlation analysis on HeLa data

4.3.4 Graph construction

One important remark related to the different models mentioned above is that the
input data plays an important role in model performance. Specifically, a suitable
graph structure must be built as input for the models to achieve good performance
on the proposed prediction task. Edges are constructed using the Distance graph
(described in Section 1.3.2.4), where, for any two nodes i and j, the Euclidean
distance d;; is computed from their x-y positions. Then, an edge between ¢ and j
(noted by e;;) is added to the graph if

ding

where 7 is a threshold value chosen.

Additionally, two other graph structures (described in Section 1.3.2.4) are consid-
ered for the analysis: Delaunay and Gabriel graphs, as they exhibit high Moran’s [
values in the spatial autocorrelation analysis.

To apply the Rollout method for predicting the dry mass, it is necessary to use
graph snapshots extracted from the sequence of 2D images. For reference, a graph
snapshot represents the state of the graph, including its present nodes and edges, at
a given point in time.
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In this work, graph snapshots are constructed using fixed-length time intervals of
duration C. Given a time t, the graph snapshot is obtained as follow. The graph
edges are built by utilizing the x-y position provided at time ¢ and the graph structure
selected from one of the three previously described graph construction methods. The
node features matrix X primarily consists of x-y position values and selected node
features, derived from the earlier correlation analysis, at times t,t —1,t—2,...,t—C.
The edge features matrix Xg is consistent across all graph snapshots and consists
of the measures defined in Section 1.3.2.2: relative displacement, its magnitude
(Euclidean distance), and cosine similarity.

4.3.5 Models

In this section, the different models implemented are described. The first model,
noted by My, is the one implemented in [232]. This model is capable of learning
to simulate diverse and complex physical systems, including fluids, rigid solids, and
deformable materials that interact with each other [232]. The objective is to leverage
this model to predict the dry mass. From now on, My will be referred as model
LS (Learned Simulator). Figure 6.21 illustrates a general overview of the proposed
model. It consists of the following architectures: an encoder, a processor and a
decoder. The encoder and decoder are MLP models with ReLLU activation functions
for the hidden layers and Layer Normalization®. The processor includes GNN layers.

The GNN layer used in model My is described. This GNN layer is called
Interaction Network (IN) and is proposed in [26].

For a graph G, let the feature of node i be v;, and the feature of edge (i, j) be
e; ;. There are three stages for IN to generate new features of nodes and edges.

1. Message generation. If there is an edge pointing from node 7 to node j,
node ¢ sends a message to node j. The message carries the information of the
edge and its two nodes, so it is generated by the following equation

Msg, ; = MLP(v;, vj, €;5).

2. Message aggregation. In this stage, each node of the graph aggregates
all the messages that it received to a fixed-sized representation. In the IN,
aggregation means summing all the messages up, i.e.,

Agg; = Z Msg; ;-
(4,0)eG

3. Update. Finally, the features of nodes and edges are updated with the results
of previous stages. For each edge, its new feature is simply the sum of its old
feature and the corresponding message, i.e., €; ; = €; ; + Msg, ;. For each node,
the new feature is determined by its old feature and the aggregated message,
ie.,

v; = v; + MLP(v;, Agg,).

The second model, denoted by My, is based on My, where node features are
updated by attention-based components from the MAGIK framework [213] in the
GNN layers.

Shttps://pytorch.org/docs/stable/generated/torch.nn.LayerNorm.html
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It is important to note that MAGIK was not included in the performance analysis.
This decision was made because the model was unable to predict dry mass values
across the entire time-lapse sequence of the HeLa data.

For each model, different configurations of the following hyperparameters were
analyzed: the number of hidden layers in the encoder and decoder, the number of
GNN layers, the optimization method, the learning rate (LR), the weight decay, and
the LR scheduler.

4.3.5.1 Loss function

For the regression task, it is supposed that there are n cells with their corresponding
morphological features from ¢ = {0, 1,2,...,T}, where T is the last time-step. The
loss function £ is defined by

L(ys, §e) = Zy” yth for any t € {1,2,...,T} (4.1)

where

o Y= (Y1ts---,Ynt) is the vector with real values of target variable for all cells
at time t € {1,2,...,T}.

o G = (U14s---,Uns) is the vector with estimated values of target variable for all
cells at time ¢t € {1,2,...,T}.

4.3.5.2 Performance metrics

To evaluate the model performance, the mean squared error (MSE) is computed.
This metric can be computed for the two prediction methods introduced in Section
4.3.2. Then, the MSE for One-step method, denoted by OS5k, and Rollout method,
denoted by Rollysg, is defined as

n T
OSwmse(y,9) = Rolluse(y, 9) Tln;; Yii = Jit)?, (4.2)
where
e Y = (Y11y-- s YTy Ynds---,Yn1) is the vector of true values of target
variable for all cells.
e = (011s--sU11s---+Un1,---,Unr) is the vector of predicted values of target

variable for all cells.

The main interest lies in the use of the Rollout method, as it enables dynamic
forecasting of the target variable based on its previously predicted values.

In addition to the MSE based on the Rollout method, the Root Mean Squared
Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error
(MAPE) are also computed using this method to evaluate the model performance.
These metrics are presented as follows

A 1 n T
RﬁdSE(y,y)== iﬁ;zg]z; Yit — yzt . (4LD

i=1t=1
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LTS .
MAE(y,9) = nT ZZHJM = Gig- (4.4)
n 1=1t=1
100 & | Vi — D
MAPE(y,§) = — LA LU N 4.5
(v, 9) nT;; " (4.5)

where y, ¢ are defined as in (4.2).

4.4 Results and Discussion

Before presenting the results of the analysis, it is important to make some remarks.
Predicted dry mass values were computed using the Rollout method previously
described. These values are restored to their original magnitude through the inverse
process of Z-score normalization. This is done to enable the computation of evaluation
metrics.

For the analysis, it is supposed all cells do not have the same tracking length.
This enables the creation of a dynamic input node features matrix, varying its size
(number of rows/nodes) across time.

For the simulated data, x-y position (pos), dry mass, and diameter were considered
as node features. Eleven simulations were used as training data. Four simulations
were chosen as validation data, and three simulations were reserved for testing the
models.

For the experimental data, the following features were employed as node attributes:
x-y position (pos), dry mass, perimeter, length, area, and eccentricity. Two 2D
microscopic videos were used for training and validation purposes. A single 2D
microscopic video was utilized to test the models.

The models used for the prediction task were My (denoted LS) and M; (denoted
LS MAGIK). For each model, three different graph constructions were evaluated:
Delaunay, Distance, and Gabriel graphs, with a threshold value of 7 = 100 pm.

4.4.0.1 Simulated data

Tables 4.1, 4.2, and 4.3 present the evaluation metrics for all cells under different
node feature configurations and graph structures, corresponding to three separate
simulations from the simulated dataset. It is noticed that there are high values for
all evaluation metrics across all graphs and node features tested. The model M,
generates the lowest values for all cases in the three datasets considered. For the
first simulation, the best performance is obtained when considering only the dry
mass along with the x-y position as node features and the Delaunay graph. This
implies that models only need knowledge of past dry mass values of cells and their
neighborhood to attempt to forecast their values in the following time step.

For the second simulation, the best performance is achieved by the model My
when utilizing dry mass, diameter, and x-y position as node features and the Distance
graph. This implies that the model attempts to predict future dry mass values by
incorporating information from past diameter values. The model M; achieves its
lowest evaluation metric values when using dry mass and x-y position as node features
and the Gabriel graph, which highlights the use of only past dry mass values for its
next prediction, as before.
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For the third simulation, the model My, which uses dry mass, diameter, and
x-y position as node features and a Distance graph, shows the best performance.
The model M; achieves its lowest best values when considering a Gabriel graph
and using x-position and dry mass as node features. This holds true for almost all
evaluation metrics, with the exception of the mean absolute error, which achieves its
lowest score by a Delaunay graph with x-y position, dry mass, and diameter as node
features.

Figures 4.9a and 4.9b, depict the true and predicted dry mass values across the
two models considered for two cells from the first simulation data. In these figures,
it is observed that the two models attempt to forecast the growth trend of dry mass.
The predicted dry mass values obtained by the model M7 seem to be closer to the
ground truth values than those generated by the model My, which could underscore
the importance of adding the attention mechanism to its structure.

Figures 4.10a, 4.10b, 4.11a and 4.11b depict scatter plots of true versus predicted
dry mass values over time for two cells from the first simulation dataset using the
two models, My and M;. These figures reveal that model M; achieved a better
linear regression fit between the ground truth and predicted values compared to M.
However, the available evidence is insufficient to demonstrate that the two proposed
models can accurately predict the dry mass of cells based on their neighborhood
over time. Although there is a correlation between the spatial proximity of cells and
their dry mass, as previously discussed, this alone does not guarantee the models’
predictive capability. This implies that either the graph structures considered or
the architecture of the models utilized were not appropriate for the prediction task,
suggesting the need to research better graph structures and models that could
enhance the performance obtained.
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Table 4.1: Comparison of models’ performance per features and graphs from 1st simulation. The lowest value for each performance metric
is highlighted in black.

MSE RMSE MAE MAPE

Graph Node features M, M, M, M, M, M, M, M,
Delaunay | postdry mass 555.1755 | 69.9300 | 23.5622 | 8.3624 | 9.2237 | 3.9415 | 0.0450 | 0.0206

feorS*dry mass+ diame- | g ) o393 | 995001 | 30.6795 | 9.9754 | 13.3664 | 4.5037 | 0.0647 | 0.0253
Distance | postdry mass 645.0998 | 228.9340 | 25.3988 | 15.1306 | 11.6570 | 7.0366 | 0.0594 | 0.0360

feor“dry mass+ diame- | 000 0906 | 615153 | 35.3868 | 7.8432 | 14.7990 | 3.1809 | 0.0708 | 0.0169
Gabriel | postdry mass 899.4991 | 262.5254 | 29.9916 | 16.2026 | 12.0140 | 7.2046 | 0.0570 | 0.0358

f;s+dry mass+ diame- |00 co00 | 330.6870 | 24.6606 | 18.1848 | 13.0028 | 9.7860 | 0.0680 | 0.0549

Table 4.2: Comparison of models’ performance per features and graphs from 2nd simulation. The lowest value for each performance metric
is highlighted in black.

MSE RMSE MAE MAPE

Graph Node features M, M, M, M, M, M, M, M,
Delaunay | postdry mass 7697.1788 | 125692.9094 | 87.7336 | 354.5320 | 54.4472 | 246.0535 | 0.0936 | 0.3800

E;S+dry mass+ diame- | oz 0307 | 14081.7804 | 213.7266 | 122.4001 | 152.6230 | 76.6616 | 0.2540 | 0.1347
Distance | postdry mass 14435.0425 | 92300.5412 | 120.1459 | 303.8100 | 68.9653 | 190.4496 | 0.1108 | 0.2907

It’;s+dry mass+ diame- | g 06 cror | 44680.6515 | 56.0058 | 211.3780 | 36.7300 | 135.2340 | 0.0699 | 0.2112
Gabriel | postdry mass 9104.0105 | 11263.9685 | 95.4149 | 106.1318 | 65.5802 | 67.9974 | 0.1182 | 0.1156

i’;ﬁdry mass+ diame- | 2000 0600 | 134320.9551 | 126.1042 | 366.5105 | 86.5014 | 222.9175 | 0.1498 | 0.3389
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Table 4.3: Comparison of models’ performance per features and graphs from 3rd simulation. The lowest value for each performance metric

is highlighted in black.

MSE RMSE MAE MAPE

Graph Node features M, M, M, M, M, M, M, M,
Delaunay | postdry mass 8602.2188 | 154550.1678 | 92.7481 | 393.1287 | 60.3135 | 273.4477 | 0.0958 | 0.3878

E’;ﬁdry mass+ diame- | <310 0rs0 | 18173.5230 | 249.6242 | 134.8092 | 180.5044 | 84.2163 | 0.2750 | 0.1301
Distance | postdry mass 11050.0424 | 145480.1189 | 105.1192 | 381.4186 | 61.5830 | 252.4445 | 0.0953 | 0.3551

lt:’eor“dry mass+ diame- | oor o6a5 | 63847.8685 | 65.0020 | 252.6814 | 43.8038 | 160.0039 | 0.0777 | 0.2172
Gabriel | postdry mass 10904.0880 | 16725.0930 | 104.4226 | 129.3255 | 71.4198 | 86.4600 | 0.1150 | 0.1329

lt:’eors‘Ldry mass+ diame- | gar 2106 | 105170.2022 | 130.1780 | 4417807 | 95.1790 | 290.9992 | 0.1561 | 0.4106
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4.4.0.2 Experimental data

Table 4.4 illustrates the evaluation metrics for all cells, along with different node
feature configurations and graph structures for HeLa test dataset. As seen before,
it is noticed that there are still high values for all evaluation metrics across all
graphs and node features tested. For the HeLa test dataset, the best performance
for the models is achieved when considering x-y position, dry mass, perimeter, and
eccentricity as node features and using the Gabriel graph. In this case, model M,
generates the lowest high values, with a slight difference from the values obtained
from model M. The outcomes obtained imply that the forecasting of dry mass
values only depends on features related to the shape and position of cells.

Figures 4.12a and 4.12b illustrate the true and predicted dry mass values across
the two models considered for two cells from the HelLa dataset. It is noted that
the two selected cells exhibit high variation in their true dry mass values over time.
Additionally, they do not display a clear growth trend for the dry mass, which could
present a significant challenge for the models to learn and forecast this behavior in
the cell culture. However, both models attempted to forecast the trend of the two
cells without success, as the predictions obtained by the models do not visually align
with the ground truth data or its trend.

Figures 4.13a, 4.13b, 4.14a and 4.14b, depict scatter plots of the true versus
predicted dry mass values over time for two cells using the two models, My and
M, . These figures reveal that neither model was able to establish a linear regression
between the ground truth and predicted values. Therefore, the proposed models
did not adequately capture the behavior of the neighboring cells to predict the
dry mass over time, despite evidence of spatial autocorrelation in the dry mass.
This suggests that either the data utilized, the graph structures considered, or the
architecture of the models employed were not suitable for addressing the prediction
task. Consequently, further research into better graph structures and models is
needed to improve the performance obtained.
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Table 4.4: Comparison of models’ performance per features and graphs from HeLa test data. The lowest value for each performance metric
is highlighted in black.

MSE RMSE MAE MAPE
Graph Node features M, M, M, M, M, M, M, M,
Delaunay | postdry mass 1669.1607 | 2154.8358 | 40.8555 | 46.4202 | 11.8370 | 14.4216 | 0.0417 | 0.0506
postdry masstarea 1126.6269 | 1065.3187 | 33.5653 | 32.6392 | 9.4632 | 9.1248 | 0.0324 | 0.0307
pos+dry mass+perimeter 1067.4485 | 1113.0043 | 32.6718 | 33.3617 8.2578 8.6496 0.0265 0.0286
pos+dry mass+perimetert | gq ga0n | 7067184 | 284365 | 28.2262 | 6.6047 | 65849 | 0.0208 | 0.0205
eccentricity
i‘;sgﬁry massperimetert | a6 g577 | 1473.9170 | 36.6996 | 38.3916 | 10.3985 | 11.0376 | 0.0305 | 0.0320
pos+dry mass+perimeter+ | 100 oags | 391 7541 | 330152 | 36.4932 | 95977 | 104436 | 0.0330 | 0.0365
area+length
Distance | pos+dry mass 1771.1144 | 2024.0820 | 42.0846 | 44.9898 | 12.2447 | 13.6152 | 0.0432 | 0.0480
pos+dry masstarea 1149.4438 | 1354.5027 | 33.9034 | 36.8048 | 9.5649 | 10.5456 | 0.0329 | 0.0369
pos+dry mass+perimeter | 808.0606 | 900.3357 | 28.4266 | 30.0056 | 6.7242 | 7.4368 | 0.0203 | 0.0235
pos+dry mass+perimeter+ | ¢ q (106 | 7730084 | 20.0353 | 27.8044 | 6.9483 | 64478 | 00222 | 0.0196
eccentricity
{’;E}?ry massperimetert | 2 1967 | 1980.5569 | 334234 | 35.9104 | 92928 | 10.1241 | 0.0284 | 0.0298
pos+dry mass+perimeter+
1165.9154 | 1183.3163 | 34.1455 | 34.3994 | 9.6662 | 9.7091 | 0.0334 | 0.0334
area+length
Gabriel | postdry mass 1783.1223 | 1890.6472 | 42.2270 | 43.4816 | 12.2736 | 13.0530 | 0.0433 | 0.0459
pos+dry masstarea 1120.2384 | 1191.6161 | 33.4700 | 34.5198 | 9.4032 | 9.7428 | 0.0321 | 0.0336
pos+dry mass+perimeter | 982.5010 | 810.7861 | 31.3463 | 28.4743 | 7.8601 | 6.7583 | 0.0252 | 0.0208
pos+dry mass+perimetert | ooo 4416 | 7575868 | 27.7874 | 27.5243 | 6.3828 | 6.3405 | 0.0200 | 0.0194
eccentricity
i?fgﬁry massperimeter+ | 13 3139 | 11964373 | 31.8326 | 33.5624 | 8.8314 | 9.3070 | 0.0285 | 0.0282
postdry mass+perimeter+ | o0y a7 | 1600 3961 | 35,6530 | 40.0041 | 101722 | 117152 | 00356 | 0.0413
area+length
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Conclusion

In summary, this study proposed an analysis of the influence of a cell’s neighborhood
on the growth of its dry mass by employing graphs through a regression task. Spatial
autocorrelation confirmed the presence of a correlation between the neighborhood of
cells and their dry mass values, which underscored the importance of utilizing graphs
for this study. The results obtained did not provide clear and explicit evidence that
a cell’s neighborhood can help forecast its dry mass over time. However, it is not
sufficient to draw a conclusion about the lack of utility of graph-based models for
this task, suggesting further research on graph structures and the architecture of the
models to better address the problem presented. One possible approach could be to
utilize a Graph 3D structure that considers the entire time-lapse video. This could
provide important insights on how to address the regression task from a different
perspective to overcome the issues encountered.
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Chapter 5

Conclusions and Perspectives

In conclusion, graphs were utilized as an alternative tool for analyzing 2D cell
microscopic videos. Three different applications involving graph-based methods
and machine learning approaches, including GNN models, were proposed. These
graph-based methods and models aim to try to overcome the limitations presented
in each addressed application. These limitations include the challenges associated
with the segmentation and characterization of the dynamics of process formation
in cellular networks, as well as the scarcity of data on neighboring cells and the
difficulties in tracking cells during microscope image analysis.

Epithelial cells constitute fundamental tissues that are ubiquitous throughout
the body. networks typically facilitate the growth of cellular tissues. The formation
of these tissues results from the self-assembly processes of epithelial cells. Epithelial
networks exhibited diverse structural behaviors in their development under different
initial conditions considered.

Data processing of these cellular networks, which consist of 2D microscopic im-
ages, was not feasible through a single method for segmentation. This required the
development of various methods for an initial segmentation on images. Consequently,
a deep learning model was proposed to integrate all different methods into a single,
unified approach. The deep learning-based segmentation model demonstrates sig-
nificant performance during both the training and inference phases, exhibiting the
ability to generalize over unseen data. This enabled a transition to the subsequent
analysis, where graphs, which were constructed from the segmented images, played a
key role through their metrics in distinguishing all different conditions and denoting
at most four states that characterize the biological network formation process over
the time-lapse sequence. In particular, graph metrics were identified to reveal and
discern the actomyosin regulation of epithelial networks over time and under various
drug treatments. Additionally, by pruning the graphs, it is possible to obtain simpler
graphs that retain the primary shape and structures (meshes) of the networks.

An alternative approach was considered for the segmentation phase. This method
involved retraining ERnet on the initial segmentation results. However, this approach
was not pursued further due to insufficient GPU memory required to handle the
model. Nevertheless, it would be worthwhile to explore this method and compare its
outcomes with those obtained from the proposed model.

Single-cell analysis is a powerful approach for exploring heterogeneity within bio-
logical systems by examining individual cells and cell-to-cell variation across various
contexts, such as organs, tissues, and cell cultures. This process involves genomic and
transcriptomic profiling of cells. In microscope image analysis, single-cell analysis
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includes detecting cells using tools like lens-free microscopy, segmenting them via
deep-learning methods, extracting features from each cell, and applying these features
to achieve specific biological objectives. However, single-cell analysis in imaging
microscopy faces several limitations. Some of them, include the lack of data on
neighboring cells, which could otherwise be necessary for better characterizing single
cells, and the difficulty of tracking cells, often resulting in errors when identifying
and monitoring cells over time.

Graphs have been proposed as a primary method to address these limitations. This
methodology is facilitated by the development of a spatio-temporal graph, denoted
Graph 3D, that exploits both spatial and temporal connections. This innovative graph
structure combines spatial and temporal proximities to derive unique features at the
node level. This application utilizes datasets comprising time-lapse 2D microscope
images of cell cultures and corresponding simulations of objects exhibiting similar
temporal evolution. Two learning-based prediction tasks were developed: identifying
cell types in two distinct populations and two mixed populations. To tackle these
tasks, both unsupervised and supervised methods were employed, utilizing extracted
node-level attributes. The unsupervised methods included a Gaussian Mixture Model
(GMM) and the He2CL algorithm, the latter designed specifically for the cell cultures
utilized. For supervised learning, a specialized Graph Neural Network (GNN)-based
model was used. The results demonstrate that unsupervised methods perform well by
incorporating node-level attributes in both experimental and simulated data for the
first prediction task, which involves identifying cell types in two distinct populations.
This underscores the ability to identify cell types without the need for tracking
individual cells.

For the second prediction task, which involves identifying cell types in two mixed
cell populations, the Gaussian Mixture Model (GMM) exhibited poor performance
on simulated data. Subsequently, a Graph Neural Network (GNN)-based model was
tested on this simulated dataset and achieved significant performance in the second
prediction task. However, this performance was not replicated on experimental
data, where the GNN-based model showed poor results. This discrepancy may
be attributed to the challenges associated with data acquisition, particularly in
accurately detecting each type of cell. These difficulties limited the ability to discern
the full potential of Graph 3D for the second prediction task.

In the final application, graphs were employed to analyze the influence of a cell’s
neighborhood on its dry mass over time. In this scenario, 2D cell microscopic videos
and their associated tracking information were utilized. Graphs were constructed
based on the spatial proximity between cells, and node features were derived from
the tracking information, including 2D position and cellular morphological features.
GNN-based have also been proposed to address this task. The performance of most
of these models was evaluated using the predictions of dry mass over time, which
were obtained from a dynamic approach known as Rollout. Results indicate that
the proposed models estimated the trend of dry mass in simulations. However, they
struggled to replicate this behavior with experimental data. In essence, it was not
possible to successfully demonstrate this biological behavior, despite the existence of
literature that supports it.

It is also crucial to emphasize the importance of accurately constructing graphs,
particularly through the creation of edges, for precise analysis in the prediction tasks
addressed. This aspect was not a concern in the study of epithelial networks, where
graphs were automatically extracted from segmented images. In contrast, for the

160



other two applications examined, edges in the graphs were constructed by leveraging
the spatial (and temporal, for Graph 3D) proximity between cells.

In an overall view, graphs have been demonstrated to be a powerful tool for
conducting exploratory and quantitative analyses derived from 2D videos of cell
cultures. When combined with image processing techniques, these analyses highlight
the efficacy of the proposed methodology for the applications described. The potential
of graphs and the models derived from them is far from being fully exploited and
extends even further, motivating continuous research into the utilization of this
mathematical tool across diverse domains.
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Chapter 6

Annexes

6.1 Segmentation process on cellular tissues

The procedure employed to segment cellular tissues-based image data through a deep
learning approach is described here. The ECMstiff dataset was used to train the
model.

6.1.1 Initial segmentation

To treat the image data, five segmentation types were defined. The ERnet model
used is based on a pre-trained SwinIR network [171], which is available for download
on the corresponding GitHub repository'. For two conditions, the Contrast Limited
Adaptive Histogram Equalization (CLAHE) algorithm [303] was utilized to enhance
the contrast of images.

An adaptive thresholding algorithm was also applied, which determines the
threshold for a pixel based on a small region around it. This means that different
thresholds are used for different regions of the same image. The threshold value is
computed as the mean of the neighborhood area minus a constant C', with the size
of the neighborhood area set at 349 pixels and C' = 3.

Five segmentation types are described as follows:

1. Otsu: For this segmentation, images are first normalized using the min-max
method. They are then segmented through a threshold value determined by
Otsu’s algorithm [204].

2. ERnet: The images are first downsampled to half of their original size
(1920 x 1374 pixels). A bilateral filter is then applied to them. The im-
ages are normalized using the min-max method and their intensity is rescaled.
Subsequently, the pre-trained ERnet model is used to segment the images,
followed by a closing operation. Finally, the images are upsampled to their
original size using nearest-neighbor interpolation.

3. Adaptive threshold: Images are first normalized using the min-max method
and their intensity is rescaled. An adaptive threshold method is then applied
to segment them, followed by the removal of isolated pixels. Finally, a dilation
operation is applied three times.

https://github.com/charlesnchr/ERnet-v2/releases/tag/v2.0
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4. Adaptive threshold+: A bilateral filter is first applied to the images. The
images are then normalized using the min-max method and their intensity
is rescaled. An adaptive threshold method is applied to segment the images,
followed by the removal of isolated pixels. Finally, a dilation operation is
performed three times, followed by a closing operation three times.

5. CLAHE+rescaling: A bilateral filter is first applied to the images. Subse-
quently, the images are normalized using the min-max method. The CLAHE
algorithm is then applied to enhance the contrast and rescale the intensity of
the images. Following this, the images are segmented using a threshold value
determined by Otsu’s algorithm. Finally, an opening operation is performed.

These segmentation types were applied for each video (or condition) according to
the process described below, where the index ¢ corresponds to the i-th frame image:

e Condition 1:

— For ¢ < 150 : Otsu

— For 150 <7 < 519 : ERnet

— For 519 < i <900 : Adaptive threshold
— For 7 > 900 : Adaptive threshold+

NN

e Condition 2:

— For ¢+ < 150 : Otsu

For 150 < ¢ < 579 : ERnet

For 579 <7 <900 : Adaptive threshold
— For 7 > 900 : Adaptive threshold+

e Condition 3:

— For ¢« < 100 : Otsu

For 100 <7 < 399 : ERnet

For 399 < ¢ < 739 : Adaptive threshold
— For ¢ > 739 : Adaptive threshold+

NN

+« Condition 4:

— For ¢ < 109 : Otsu

— For 109 < < 449 : ERnet

— For 449 <7 <999 : Adaptive threshold
— For 7 > 999 : Adaptive threshold+

e Conditions 5 and 6:

— For 2 < 100 : Otsu
— For 100 < 7 < 400 : ERnet
— For ¢ > 400 : CLAHE + rescaling
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6.1.2 Training-validation data split

After image segmentation for each condition, some of the images are selected as
ground-truth data to build the training and validation datasets, respectively. This
process is illustrated below

e« Condition 1: frames 150 to 900.
e Conditions 2, 3 and 4: frames 150 to 1100.
e Conditions 5 and 6: frames 150 to 1557.

For all conditions, images were taken from frames: 10, 20, 30, 40, 50, 60, 70, 80, 90,
and 100. Subsequently, a training-validation dataset split was generated. Data from
videos 1, 2, 3, 5, and 6 were used as training data, while data from video 4 were
used as validation data.

Additionally, cropped images of size 512 x 512 pixels (48 crops per image) were
generated from the training and validation data as input data during the training
phase. The model’s performance was evaluated on the original-sized images. A total
of 1050 images from the training data and 210 images from the validation data were
selected, resulting in 50400 cropped images for training and 10080 cropped images
for validation.

6.1.3 Model architecture

This part describes the network employed to achieve the final segmentation. The
model is based on a U-Net [227] architecture, which is a classical neural network for
image segmentation tasks. In Figure 6.1, an overview of this deep neural network
is provided. It is composed of two parts: the encoder, which encodes input images
into a lower-dimensional latent space to retain relevant information, and the decoder
structure, which retrieves the original-sized images from the latent space. The
encoder network is a contracting path, composed of a series of convolutional layers
(followed by ReLU activation functions) and pooling layers that gradually decrease
the resolution of the feature map in the image. The decoder network is an expansive
route that consists of a succession of up-sampling (transposed convolution) and
convolutional layers (followed by ReLU activation functions) that gradually enhance
the resolution of the feature map. At each step in the decoder, the relevant feature
map from the encoder is concatenated with the current feature map. Finally, a
sigmoid activation function is applied on the last output feature map in the decoder.

6.1.4 Model training

To train the model, the loss function chosen is the Binary Cross-Entropy (BCE),
which is defined as:

N I v . .
BCE(y,§) = — D g log iy + (1= i) log(1 = §i)],
mxni e
where m and n correspond to the size of 2D images (m xn pixels), y = (y1.1,- - Ym.n)
is the ground-truth image segmentation mask, and § = (J1.1, - - - , Ym.») is the predicted

mask from the deep learning model. Then, the model hyperparameters involved
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Figure 6.1: U-Net model architecture. The model is composed of two parts:
the encoder and the decoder. Each step in the encoder and the decoder part have
two 3 x 3 convolutional layers (orange boxes) followed by ReLU activation functions.
A 2 x 2 max pooling layer (red box) is applied to down-sample the feature map at
each step in the encoder. While the decoder uses a 2 x 2 up-convolution, called
transposed convolution (dark blue-green box), at each step to up-sample the feature
map. Additionally, at each step in the decoder part the corresponding feature map
of the encoder is concatenated with the current feature map. Finally, a sigmoid

activation function (magenta box) is applied on the last output feature map in the
decoder.
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during the training phase should be defined. The method AdamW [177] was chosen
as the optimizer algorithm during the training process, with a learning rate (LR)
of 1le — 3 and a weight decay of 5e — 4. Furthermore, an exponential LR scheduler
was applied to improve the update of model parameters during the backpropagation
phase. At each training epoch, image batches of size 8 were taken from the total
cropped images. The training phase was stopped by defining an early stopping
criterion: if the validation loss did not improve after 10 epochs, the model stopped
training. Finally, the model was trained over 100 epochs, and the best model with
respect to the lowest validation loss acquired was kept.

6.2 Graph clustering on simulated data

6.2.1 Analysis of two distinct simulations

First, the graph structures employed in the analysis of two distinct simulations,
derived from simulated data, are presented. This elucidation aims to facilitate an
understanding of the terminology employed for the graphs utilized and presented in
the subsequent tables within this section.

It is important to note that 7, refers to the threshold value set for spatial
connections, and Teen,, corresponds to the threshold value for temporal connections
between two consecutive frames. The following graph structures were considered:

e Delaunay: refers to Delaunay graph with 75, = 100 pm and ey, = 30 pm.
« Gabriel: refers to Gabriel graph with 75, = 100 pm and Tiepyp = 30 pm.

e Urquhart: refers to Urquhart graph with 7,, = 100 pm and ey, = 30 pm.
« dist_ 50: refers to Distance graph with 7y, = Tyem, = 50 pm.

o dist_ 100: refers to Distance graph with 75, = Tiem, = 100 pm.

o dist_ 150: refers to Distance graph with 7y, = Temp = 150 pm.

o dist_100__temp_ 20: refers to Distance graph with 7,, = 100 pm and Tyep, =
20 pm.

« dist_100__temp_ 30: refers to Distance graph with 7,, = 100 pm and Tyep, =
30 pm.

o dist_100__temp_ 50: refers to Distance graph with 7,, = 100 pm and Tyep, =
50 pm.
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Table 6.1: Mean accuracy score (10 times) on GMM for all possible combinations of two distinct simulations with regard to the graph

structures

Data gabriel | delaunay | urquhart | dist_ 50 | dist_ 100 | dist_ 150 _dtlz;_;_ogo _dtlztr:n_pl_ogo _dtlzt;n—pl_ogo
sim 1-2 | 0.6279 0.5916 0.6534 0.6879 0.5306 0.5493 0.5069 0.5560 0.5252
sim 1-3 | 0.5290 0.5161 0.5323 0.5412 0.5133 0.5133 0.5277 0.5136 0.5023
sim 1-4 | 0.5306 0.5228 0.5361 0.5238 0.5072 0.5081 0.5238 0.5336 0.5177
sim 1-5 | 0.6913 0.6992 0.7370 0.5915 0.5415 0.5030 0.9585 0.6675 0.7061
sim 1-6 | 0.9330 0.9314 0.9360 0.5695 0.7058 0.5475 0.9091 0.8932 0.8851
sim 1-7 | 0.5693 0.5632 0.5817 0.5146 0.5383 0.5029 0.9676 0.5877 0.6441
sim 1-8 | 0.7510 0.5983 0.7627 0.5128 0.5976 0.5117 0.9075 0.5952 0.5063
sim 2-3 | 0.5529 0.5564 0.5693 0.5188 0.5530 0.5230 0.5208 0.5459 0.5479
sim 2-4 | 0.5859 0.5611 0.5812 0.6086 0.5094 0.5511 0.5173 0.5525 0.5143
sim 2-5 | 0.6364 0.6511 0.6506 0.6094 0.5371 0.5628 0.9715 0.5045 0.5703
sim 2-6 | 0.7205 0.7363 0.7198 0.6227 0.6348 0.5932 0.8822 0.6414 0.6653
sim 2-7 | 0.6992 0.6769 0.6980 0.6489 0.6151 0.5691 0.9676 0.5428 0.5091
sim 2-8 | 0.6602 0.5359 0.8227 0.5904 0.5348 0.5184 0.9075 0.5526 0.5150
sim 3-4 | 0.5202 0.5011 0.5203 0.5631 0.5072 0.5111 0.5167 0.5079 0.5286
sim 3-5 | 0.7040 0.7042 0.6839 0.5750 0.5452 0.5102 0.9804 0.5641 0.6643
sim 3-6 | 0.7709 0.8003 0.8511 0.8004 0.6889 0.5556 0.9274 0.8324 0.8322
sim 3-7 | 0.6189 0.5673 0.6461 0.5621 0.5482 0.5125 0.9676 0.6465 0.5246
sim 3-8 | 0.6993 0.5846 0.7123 0.5256 0.5862 0.5005 0.9075 0.6456 0.6613
sim 4-5 | 0.7501 0.7327 0.7561 0.5101 0.5109 0.5070 0.9784 0.5367 0.5996
sim 4-6 | 0.8163 0.7975 0.9095 0.7231 0.6639 0.5355 0.8952 0.9074 0.8411
sim 4-7 | 0.5912 0.5815 0.5846 0.5171 0.5510 0.5086 0.9677 0.5079 0.5979
sim 4-8 | 0.7495 0.7184 0.7568 0.5230 0.5809 0.5062 0.9077 0.5820 0.6654
sim 5-6 | 0.5953 0.5963 0.5990 0.5239 0.5709 0.5226 0.6865 0.5996 0.5986
sim 5-7 | 0.6240 0.6230 0.6281 0.5318 0.5841 0.5077 0.5434 0.6147 0.5304
sim 5-8 | 0.5580 0.5533 0.5558 0.5237 0.5314 0.5024 0.5198 0.5504 0.5247
sim 6-7 | 0.7189 0.7256 0.7361 0.5608 0.5488 0.5496 0.8049 0.7425 0.7074
sim 6-8 | 0.6441 0.6462 0.6508 0.5348 0.5759 0.5348 0.6559 0.6383 0.6290
sim 7-8 | 0.5176 0.5153 0.6064 0.5234 0.5425 0.5019 0.5164 0.5835 0.5153




Table 6.2: Best mean accuracy score (10 times) on GMM for all possible combina-
tions of two distinct simulations with regard to all possible node features combinations

Spatial and Spatial Temporal
Data temporal
node features | node features
node features

sim 1-2 0.6879 0.6382 0.6675
sim 1-3 0.5412 0.5747 0.5900
sim 1-4 0.5361 0.5550 0.5948
sim 1-5 0.9585 0.6682 0.9560
sim 1-6 0.9360 0.8050 0.9632
sim 1-7 0.9676 0.6078 0.9676
sim 1-8 0.9075 0.6783 0.9075
sim 2-3 0.5693 0.5584 0.5769
sim 2-4 0.6086 0.5888 0.6409
sim 2-5 0.9715 0.6266 0.9553
sim 2-6 0.8822 0.6893 0.8806
sim 2-7 0.9676 0.6335 0.9676
sim 2-8 0.9075 0.6012 0.9075
sim 3-4 0.5631 0.5430 0.5685
sim 3-5 0.9804 0.6493 0.9780
sim 3-6 0.9274 0.7363 0.9021
sim 3-7 0.9676 0.6062 0.9676
sim 3-8 0.9075 0.6834 0.9075
sim 4-5 0.9784 0.6514 0.9743
sim 4-6 0.9095 0.7665 0.9256
sim 4-7 0.9677 0.5927 0.9677
sim 4-8 0.9077 0.6889 0.9077
sim 5-6 0.6865 0.5826 0.7271
sim 5-7 0.6281 0.6247 0.6954
sim 5-8 0.5580 0.5788 0.5893
sim 6-7 0.8049 0.6917 0.8393
sim 6-8 0.6559 0.6301 0.7808
sim 7-8 0.6064 0.5811 0.6082

168



Table 6.3: Best mean accuracy score (10 times) on a supervised method (SVM)
for all possible combinations of two distinct simulations with regard to the possible
combinations of features

X- osition
Data X.- y Node a};g node
position features
features
sim 1-2 0.6819 0.9991 0.9994
sim 1-3 0.6905 0.9996 0.9999
sim 1-4 0.6374 0.9960 0.9975
sim 1-5 0.6571 0.9973 0.9987
sim 1-6 0.6932 0.9999 0.9999
sim 1-7 0.6556 0.9834 0.9899
sim 1-8 0.6437 0.9896 0.9952
sim 2-3 0.6950 0.9830 0.9953
sim 2-4 0.6698 0.9967 0.9996
sim 2-5 0.6995 0.9869 0.9975
sim 2-6 0.7178 0.9614 0.9974
sim 2-7 0.7033 0.9969 0.9979
sim 2-8 0.7297 0.9906 0.9994
sim 3-4 0.6566 0.9873 0.9954
sim 3-5 0.6797 0.9849 0.9957
sim 3-6 0.6808 0.9818 0.9953
sim 3-7 0.6565 0.9975 0.9972
sim 3-8 0.7271 0.9785 0.9945
sim 4-5 0.6572 0.9864 0.9958
sim 4-6 0.7218 0.9852 0.9993
sim 4-7 0.6327 0.9967 0.9945
sim 4-8 0.6932 0.9787 0.9874
sim 5-6 0.6870 0.9730 0.9944
sim 5-7 0.6669 0.9941 0.9986
sim 5-8 0.6870 0.9741 0.9933
sim 6-7 0.7056 0.9974 0.9975
sim 6-8 0.7336 0.9909 0.9988
sim 7-8 0.6974 0.9902 0.9935

6.2.2 Analysis of two mixed cell types
6.2.2.1 Results on GMM and SVM methods
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Table 6.4: Kolmogorov-Smirnov test for simulated data with regard to the graph structures

Node feature

gabriel

delaunay

urquhart

dist 50

dist__100

dist__150

dist_ 100
_temp_ 20

dist_ 100
_temp_ 30

dist 100
_temp_ 50

spatial degree

spatial between-
ness centrality

spatial closeness
centrality

spatial mean
neighbor degree

spatial mean
shortest path

spatial clustering
coefficient

temporal degree

temporal be-
tweenness
centrality

temporal close-

ness centrality

temporal mean
neighbor degree

temporal mean
shortest path




Table 6.5: Mean accuracy score (10 times) on GMM for the simulated data
containing two cell types over all possible node features combinations

Spatial and Spatial Temporal
Graph temporal
node features | node features
node features
gabriel 0.5082 0.5047 0.5150
delaunay 0.5449 0.5068 0.5175
urquhart 0.5324 0.5023 0.5177
dist_ 50 0.5524 0.5478 0.5108
dist_ 100 0.5040 0.5107 0.5039
dist_ 150 0.5065 0.5178 0.5060
dist_ 100__temp_ 20 0.5384 0.5107 0.5100
dist_ 100 __temp_ 30 0.5788 0.5107 0.5178
dist_ 100 __temp_ 50 0.5381 0.5107 0.5108

Table 6.6: Mean accuracy score (10 times) on a supervised method (SVM) for the
simulated data, containing two cell types, regarding to all graph structures and the
possible combinations of features

X-y position
Graph A Node a};l(li) node
position features
features
gabriel 0.6176 0.6218 0.6557
delaunay 0.6117 0.6356 0.6704
urquhart 0.6113 0.6155 0.6507
dist_ 50 0.6116 0.5947 0.6311
dist_ 100 0.6091 0.5964 0.6323
dist_ 150 0.6108 0.6197 0.6440
dist_ 100__temp_ 20 0.6093 0.6739 0.7071
dist_ 100__temp_ 30 0.6139 0.6330 0.6614
dist_ 100_temp_ 50 0.6103 0.6236 0.6500

6.2.2.2 Results on GNN-based supervised classification

In addition, another set of graph structures was considered to test the proposed
GNN-based model for the supervised classification task. These graph structures are
described below:

e Delaunay graph with 75, = 100 pm and Tiepmp = 50 pm.
« Gabriel graph with 75, = 100 pm and Ty, = 50 pm.
 Distance graph with 7y, Tremp € {50 ppm, 100 pm}.

« Distance graph with with 75, = 100 pm and 7, € {20 pm, 30 pm, 50 pm}.

171



Ohk-baced ot

L]

ad

il

— T am
— vl fnas

(a) Loss

GHNE-Ddzed el

LE

J

ALY
e

o )

Figure 6.2:

T e ™ e

— Traiming acCurasy
Walidation accuract'

—— — - -
a0 ¥ 41 =N
zzudes

(b) Accuracy
Loss and accuracy over epochs

Table 6.7: Model performance per GNN layers

GNN Mean
layers accuracy
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6.3 Graph clustering on experimental data

6.3.1 Histograms of node features for two distinct popula-
tions
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Figure 6.3: Histograms for spatial and temporal degree
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Figure 6.7: Histograms for spatial and temporal mean shortest path
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Figure 6.10: Histograms for spatial and temporal harmonic centrality

6.3.2 Results on GNN-based supervised classification

First, the graph structures employed to address the second prediction task in the
experimental data are presented.

It is important to note that 7, refers to the threshold value set for spatial connec-
tions, and Tyem, corresponds to the threshold value for temporal connections between
two consecutive frames. The following graph structures were considered: Delaunay,
Gabriel and Distance with 7, € {100 pm, 120 gm, 130 gm, 150 gm, 160 pm, 180 pm}
and Temp € {50 pm, 60 pom, 80 pum}.
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Table 6.8: Comparison of model performance per node features and GNN layers
for experimental data

Node Features

position
GNN . position | position —|—. positic?n
layers position —+ —+ spatial | + spatio-
spatial | temporal | + tem- | temporal
poral

1 0.5110 0.4993 0.5221 0.5227 0.5036

2 0.4890 0.5077 0.5190 0.5167 0.5214

3 0.5143 0.5070 0.5178 0.5129 0.5141

4 0.5107 0.5028 0.5149 0.5182 0.5266

5 0.5101 0.4920 0.5148 0.5095 0.5135

Table 6.9: Comparison of model performance per node features for experimental

Node Features

position

position | position + position
Model position + + spatial | + spatio-

spatial | temporal | + tem- | temporal

poral

GNNjy, 0.5110 0.5007 0.4969 0.5129 0.4995
GNNiemp 0.5037 0.5271 0.5113 0.5148 0.5186
GNNg, temp | 0.5110 0.4990 0.5111 0.5110 0.4893
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6.4 Spatial autocorrelation analysis
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Figure 6.11: Moran’s Index for the 2nd simulation of simulated data

Fwalis rar faran's |

=N

an |"|

Alpha

* \ /\JLI
SRR r\ \
a1 Hk/

H] 1 20 Eal Ll 50 &N by

MrEmes

Figure 6.12: P-value from Moran’s Index for the 2nd simulation of simulated data
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Figure 6.13: Moran’s Index for the 3rd simulation of simulated data
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Figure 6.14: P-value from Moran’s Index for the 3rd simulation of simulated data
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Figure 6.15: Moran’s Index for the 4th simulation of simulated data
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Figure 6.16: P-value from Moran’s Index for the 4th simulation of simulated data
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Figure 6.17: Moran’s Index for the 5th simulation of simulated data
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6.5 GNN architectures

6.5.1 Supervised classification model

6.5.1.1 GNN encoder

Skip
connections

‘ Linear layer ’

‘ ReLU activation

‘ Input embedding ’

---1 GENConv layer

|

i ‘ GNN layer 1 %————

Figure 6.19: GNN encoder
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6.5.1.2 MLP Classifier

-----
‘ Eekoter e }

| ReLU activation |

————— Dropout

l

‘ Hidden layer 2 ’

‘ Hidden layer 3 ’

‘ Output layer

Figure 6.20: MLP Classifier
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6.5.2 Dynamic prediction
6.5.2.1 GNN-based model

Input embedding
Z

I GNN layers ’

‘ Output embedding
zZ

[ Decoder ’

Figure 6.21: GNN-based model
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