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RESUME

Les organismes multicellulaires reposent sur une coordination précise entre de nombreux types cellulaires. Lidentité
d’'une cellule émerge de linteraction de plusieurs niveaux de régulation moléculaire. Les progres récents des tech-
nologies de séquencage permettent désormais de profiler plusieurs modalités omiques . Différentes méthodes utiisent
ces information pour inférer les interactions moléculaires, mais méme les approches intégratives combinant plusieurs
modalités ne couvrent pas toutes ces interactions biologiques. Dans cette thése, je présente deux méthodes basées sur
les réseaux multilayer hétérogenes (HMLN), HUMMuS et ReCoN, pour étudier les systemes cellulaires et multicellulaires.
Cette structure conserve l'information spécifique a chaque modalité dans des couches distinctes reliées par des liens
inter-couches. Elle peut donc modéliser de nombreuses interactions, englobant régulations intracellulaires et commu-
nication entre cellules, avant de les explorer grace a un algorithme de marche aléatoire. HuMMus et ReCoN peuvent
notamment identifier les régulateurs d’un groupe de génes, et les acteurs qui coordonnent divers types cellulaires lors de
réponses complexes.

MOTS CLES

Cellules, analyses de données, machine learning, réseaux, génétique, transcriptomique, multi-omique, com-
munication cellulaire.

ABSTRACT

Multicellular organisms require precise coordination across many cell types. A cell’s identity arises from the interplay of
multiple molecular layers that collectively determine its state and function. Recent advances in single-cell sequencing
enable the profiling of these “omics” modalities at the single-cell resolution. Yet transforming these multimodal datasets
into mechanistic insight remains a challenge. Even integrative approaches that combine several modalities still ignore the
full spectrum of available data. In this thesis, | introduce two flexible frameworks - HUMMuS and ReCoN - to study cellular
and multicellular systems, respectively, using heterogeneous multilayer networks (HMLNSs). This structure preserves
modality-specific information in distinct layers, connected through inter-layer edges. This paradigm enables reconstruction
of comprehensive regulatory maps spanning intracellular regulation and cell communication, and exploration via random
walk with restarts adapted to different regulatory hypotheses. It can notably identify regulators of specific genes or drivers
coordinating different cell types in complex responses.

KEYWORDS

Single-cell, data analysis, networks, multilayers,transcriptomics, multi-omics, gene regulation, cell communi-
cation.
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Glossary

Data and measurement techniques

UMI: Unique Molecular Identifier

scRNA-seq: Single-cell RNA sequencing

SCATAC-seq: Single-cell Assay for Transposase-Accessible Chromatin Sequencing
snmC: Single-nucleus methylcytosine sequencing

PCHiC: Promoter-Capture Hi-C

MERFISH: Multiplexed Error-Robust Fluorescencein situ Hybridization

seqFISH: Sequential Fluorescenceinsitu Hybridization

10xVisium: Slide-based spatial transcriptomics platform

Slide-seq: Bead-based spatial transcriptomics technology

Biological networks
TF: Transcription factor

Peak: Short DNA region defined in scATAC-seq analysis
PPI: Protein-protein interaction

GRN: Gene regulatory network

CCANs: Cis-Coaccessible Networks

CCC: Cell-cell communication

PKN: Prior-knowledge network

RWR: Random walk with restart

SNF: Similarity Network Fusion

MLN: Multilayer network

HMLN: Heterogeneous multilayer network

Data analysis
DE: Differentially expressed (genes)

LSI: Latent Semantic Indexing
kNN: k-nearest neighbors
UMAP: Uniform Manifold Approximation and Projection

t-SNE: t-distributed Stochastic Neighbor Embedding



Biology
HF: Heart failure

NHF: Non-heart failure
ECM: Extracellular matrix
BMMC: Bone-Marrow Mononuclear Cells

PBMC: Peripheral-Blood Mononuclear Cells

Method names
HuMMusS: HeterogeneoUs Multilayer networks for MUlti-omics Single-cell data

ReCoN: Regulatory mechanisms and cell communication network inference
CIRCE: Cls-Regulatory Co-accessiblE network inference

Louvain: Louvain community-detection algorithm

Leiden: Leiden community-detection algorithm

MultiXrank: Random-walk toolkit for universal multilayer networks
SCENIC+: Single-cell regulatory network inference pipeline

Pando: Regulatory network inference method (bulk & single-cell)
CellOracle: GRN inference tool using prior promoter-enhancer knowledge

GENIE3: Gene Network Inference with Ensemble of Trees



Extended summary

Context and contribution of this thesis

The molecular identity of a cell emerges from complex interactions between various
molecular regulatory layers. Recent advances in single-cell sequencing technologies now
allow measuring these regulatory layers — also called omics — for individual cells.
Additionally, the spatial positioning of cells within tissue sections can now be accessed.

Network inference represents a powerful reverse-engineering method to uncover
regulatory mechanisms from omics data (e.g., RNA-seq)'™. However, current approaches
applied to scRNA-seq data demonstrate limited performance>®. More recently, several
methods have been developed to combine different molecular measurements, such as
scRNA-seq and scATAC-seq, for inferring interactions between transcription factors (TFs)
and genes™. These methods still face several limitations, notably ignoring other types of
single-cell data currently available.

In this thesis, | aimed to leverage complementary information provided by multiple omics
to enhance network inference. A significant methodological innovation introduced here is
the use of heterogeneous multilayer networks (HMLNs) to integrate multiple omics within
a single network, while preserving their independent information.

This thesis revolved around two main objectives:

A - Inference of intracellular mechanisms from multi-omic data.

| proposed a novel method, rigorously evaluated against state-of-the-art methods, and
applied to a complex three-modality multi-omic dataset. This method is based on several
network layers, each containing interactions specific to one omic type (e.g., genes for
scRNA, DNA regions for scATAC). This first step resulted in the development of HuMMusS,
now published™.

B - Inference of multicellular networks.

| subsequently integrated intra- and intercellular interactions via a HMLN, enabling
detailed analysis of co-regulation across different cellular environments. | am currently
developing ReCoN, a tool for inferring these multicellular molecular mechanisms.

1. Predicting intracellular interactions from multi-omic data
Heterogeneous multilayer networks for multi-omic data integration

A HMLN is a network M = (Vm, Em,L), m = 1,.., M composed of M layers, each containing
nodes Vmand intra-layerlinks E_ < V_x V_.Inter-layer links are defined by L™, I selected

this structure to integrate molecular regulations within a cell, with each layer representing
a biological macromolecule type (e.g., genes, proteins) connected by homogeneous



interactions, and inter-layer links representing interactions between different
macromolecular types.

HuMMus: a tool to reconstruct molecular mechanisms from single-cell multi-omics
data

Based on this definition, | developed HUMMuS (HeterogeneoUs Multilayer networks for
MUlti-omics Single-cell data), a novel tool to infer regulatory networks from single-cell
multi-omic data. This development constitutes the thesis’s first achievement, proposing a
HMLN-based methodology that integrates additional omics. HuMMusS is open-source and
was published in Bioinformatics™.

As illustrated in Figure 0.1, HUMMuS reconstructs a HMLN comprising three layers: (1) the
TF layer containing protein-protein interactions (PPIs) among TFs, (2) the DNA region layer
defined by co-accessibility inferred from scATAC-seq data, and (3) the gene layer
established from scRNA-seq data.

Exploration of the full network then relies on a random walk with restart (RWR),
parameterized according to the desired type of regulation (e.g., TF > target gene, enhancer
> target gene).
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Figure 0.1. Schematic view of HuMMusS workflow. 1) Each layer is coming from a different omics.

Random Walk with Restart

2) Random walks allow to reconstruct different types of outputs.
HuMMusS overcomes the limitations of previous approaches

Thanks to the HMLN structure, HUMMuS presents several advantages over existing
methods. It captures both inter-omic (TF-DNA region, DNA region-gene) and intra-omic
(TF-TF, DNA region-DNA region, gene-gene) interactions, enabling the identification of
additional macromolecule cooperations. For example, TF > target gene interactions can be
identified even without knowing all DNA motifs recognized by a TF. Unlike state-of-the-art
methods, HUMMuS is also extensible to other omics types, facilitating inference of
regulatory mechanisms for additional macromolecule types.

HuMMusS shows superior performance compared to state-of-the-art methods


https://github.com/cantinilab/HuMMuS

| compared HuMMuS against several benchmark methods for regulatory network
inference, demonstrating superior performance in TF-gene, TF-regulatory region, and
enhancer predictions. Following this benchmark, | applied HuMMusS to single-cell murine
cortex data (scRNA, scATAC, scmC). This analysis identified relevant TFs regulating distinct
neuronal subpopulations.

2. Modeling intercellular interactions from multi-omic data
Multicellular coordination

Numerous pathologies involve multicellular programs, namely coordinated responses
between cell types”™. The coordination of these programs relies on molecular entities
transmitting necessary information. Recently, computational methods have emerged to
study these programs, either within patient cohorts or within tissue samples to understand
spatial heterogeneity”®®. However, these approaches typically do not explore the
underlying molecular mechanisms ensuring coordination.

Our objective here is to identify molecular regulators of these multicellular programs,
which could constitute potential targets for precision medicine.

Intercellular communication as a major limitation

Cell-cell communication is currently a central research area in computational biology and a
significant challenge for modeling multicellular interactions®. Correlations between
biological markers can now be quantified across several scales and spatial resolutions
(intracellular, juxtacellular, paracrine)®. However, these analyses alone cannot formulate
mechanistic hypotheses about observed regulations.

ReCoN: extracting molecular mechanisms in multicellular systems

Over recent months, | developed ReCoN (Regulatory mechanism and Cell Communication
Network), a tool integrating intracellular mechanisms and intercellular interactions to
study multicellular program coordination.

ReCoN models molecular cooperations within and between cells through a HMLN,
conferring various advantages. It can predict interactions or regulations absent from
classical databases (pathways, receptor targets). Through RWR exploration, ReCoN
simultaneously explores molecular regulators (causes) and perturbation consequences.

ReCoN identifies cytokine-induced transcriptomic programs in murine lymph nodes

| evaluated ReCoN’s performance for predicting cytokine-induced transcriptomic effects in
murine lymph nodes in vivo*. Predictions were compared against another method,
NicheNet?, adapted for our case and various partial HMLNs. We quantified the relative
contribution of the gene regulatory layer (intracellular cooperations) and the cell
communication layer. Both types of information significantly contributed to predicting



cytokine-induced transcriptomic effects, with the complete ReCoN outperforming the
adapted NicheNet.

ReCoN predicts transcriptomic changes associated with heart failure from potential
key regulators

ReCoN also models complex molecular perturbations. | applied it to study coordinated
multicellular responses observed in heart failure, starting from previously identified key
regulators®. ReCoN again surpassed predictions from the adapted NicheNet.

We observed that cell communication is particularly informative for predicting specific cell
type programs, suggesting differential sensitivity to intercellular signaling according to
cellular context.

ReCoN identifies the causes and consequences of cardiac fibrosis from involved genes

Cardiac fibrosis is an adaptive phenomenon following trauma such as cardiac arrest or
failure, involving fibroblast differentiation and extracellular matrix (ECM) production.
ReCoN helped identify intracellular receptors and TFs regulating ECM protein genes within
fibroblasts, and intercellular interactions that revealed upstream and downstream cardiac
remodeling functions, specific or shared among cell types.



Résumé étendu

Contexte et contribution de cette these

Lidentité moléculaire d’une cellule résulte des interactions complexes entre différentes
couches de régulation moléculaire. Les avancées récentes en technologies de séquencage
a cellule unique permettent désormais de mesurer ces couches de régulation — appelées
omiques — pour chaque cellule individuellement. Par ailleurs, il est désormais possible
d’accéder a la position spatiale des cellules dans des coupes de tissus.

Linférence de réseaux constitue une méthode de rétro-ingénierie particulierement efficace
pour élucider les mécanismes de régulation a partir de données omiques (par exemple,
des données RNA-seq)'™. Toutefois, les approches actuelles appliquées aux données
scRNA-seq présentent des performances limitées>®. Récemment, plusieurs méthodes ont
été développées pour combiner différentes mesures moléculaires, notamment scRNA-seq
et sScCATAC-seq, afin d’inférer les interactions entre facteurs de transcription (FT) et génes’™.
Ces méthodes présentent encore plusieurs limites, en particulier le fait d’ignorer d’autres
types de données single-cell désormais disponibles.

Au cours de cette these, j’ai cherché a exploiter l'information complémentaire apportée par
différentes omiques afin d'améliorer linférence de réseaux. Une innovation
méthodologique majeure de cette theése est lutilisation de réseaux multi-couches
hétérogénes (HMLN) pour intégrer plusieurs omiques dans un seul réseau tout en
conservant 'indépendance de leurs informations.

Cette these s’est articulée autour de deux objectifs principaux :

A - Inférence des mécanismes intracellulaires a partir de données multi-omiques.

J’ai proposé une méthode novatrice que j’ai rigoureusement évaluée face aux méthodes de
référence, et appliquée a un jeu de données multi-omiques complexe a trois modalités.
Cette méthode s’appuie sur des couches de réseaux contenant chacune des interactions
spécifiques a une omique donnée (genes pour scRNA, régions d’ADN pour scATAC, etc.).
Cette premiére étape a abouti au développement de HuMMuS, aujourd’hui publié.

B - Inférence de réseaux multicellulaires

J’ai ensuite intégré interactions intra- et intercellulaires par un réseau HMLN, permettant
une analyse fine des co-régulations dans différents environnements cellulaires. Je
développe actuellement ReCoN, un outil pour inférer ces mécanismes moléculaires
multicellulaires.

1. Prédire les interactions intracellulaires a partir de données multi-omiques

Les réseaux multi-couches hétérogénes pour intégrer des données multi-omique



Un HMLN est un réseau M = (Vm, Em,L), m = 1,.., M composé de M couches, chacune
contenant des noeuds Vm et des liens intra-couche Em c me Vm. Les liens inter-couches

sont définis par L". Jai choisi cette structure pour intégrer les régulations moléculaires
d’une cellule, chaque couche représentant un type de macromolécule biologique (par ex.
génes, protéines) reliée par des interactions homogenes, et les liens inter-couches
représentant les interactions entre différents types de macromolécules.

HuMMus: un outil pour reconstruire les mécanismes moléculaire a partir de données
single-cell multi-omiques

A partir de cette définition, j’ai développé HuMMuS (HeterogeneoUs Multilayer networks
for MUIti-omics Single-cell data), un nouvel outil permettant d’inférer les régulations a
partir de données multi-omiques en cellule unique. Ce développement constitue le
premier aboutissement de la thése, proposant une méthodologie basée sur les HMLN
intégrant des omiques additionnelles. HUMMuS est disponible et open-source, et a été
publié dans Bioinformatics™.

Comme illustré en Figure 0.1, HUMMuS reconstruit un HMLN composé de trois couches : (1)
la couche des FT, qui contient les interactions protéine-protéine (PPIs) entre FTs, (2) la
couche des régions de ’ADN, définit par les co-accessibilités des régions d’ADN inférées a
partir de données scATAC-seq, (3) la couche des genes, établit a partir de données de
SCRNA-seq.

Lexploration du réseau complet repose ensuite sur une marche aléatoire avec
redémarrage (RWR), paramétrée selon le type de régulation recherché (e.g., FT > gene
cible, enhancer - gene cible).
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Figure 0.1. Représentation schématique du workflow de HuMMuS 1) Chaque couche est
construite a partir d’ omiques différentes. 2) Des marches aléatoires permettent de reconstruire
différents résultats en fonction des questions d’intérét.

Random Walk with Restart

HuMMus dépasse les limites des approches précédentes

Grace a la structure HMLN, HuMMuS présente plusieurs avantages face aux méthodes déja
existantes. Cette méthode capture a la fois les interactions inter-omiques (FT-région d’ADN,


https://github.com/cantinilab/HuMMuS

région d’ADN-gene) et intra-omiques (FT-FT, région d’ADN - région d’ADN, géne-gene). Cela
permet de capturer des coopérations supplémentaires entre macromolécules, pour
retrouver, par exemple, des interactions TF > gene cible méme sans connaitre tous les
motifs d’ADN reconnu par un FT. Contrairement a [’état de lart, HUMMuS est aussi
extensible a d’autres types d’omiques, permettant donc d’inférer les mécanismes de
régulation d’autres types de macromolécules.

HuMMus affiche de meilleures performances que les méthodes de I’état de ’art

J’ai comparé HuMMuS a plusieurs méthodes de référence pour l'inférence de réseaux de
régulation, montrant de meilleures performances pour les prédictions FT-géne, FT-région
régulatrice et enhancer. A la suite de ce benchmark, j’ai également appliqué HuMMuS a des
données single-cell du cortex murin (scRNA, scATAC, scmC). Cette analyse a permis
d’identifier des FT pertinents régulant différentes sous-populations de neurones.

2. Modéliser les interactions intercellulaires a partir de données multi-omiques

Coordination multicellulaire

De nombreuses pathologies impliquent des programmes multicellulaires, c’est-a-dire des
réponses coordonnées entre types cellulaires™ ™. La coordination de ces programmes
repose sur des entités moléculaires qui véhiculent 'information nécessaire. Récemment,
des méthodes computationnelles ont émergé pour étudier ces programmes, au sein de
cohortes de patients ou a lintérieur de prélevement tissulaire pour en comprendre
['hétérogénéité spatiale™*®. Cependant, ces approches ne s’intéressent généralement pas
aux mécanismes moléculaires sous-jacents qui assurent cette coordination.

Notre objectif est ici d’identifier les régulateurs moléculaires de ces programmes
multicellulaires, qui pourraient constituer des cibles potentielles pour la médecine de
précision.

La communication intercellulaire comme limitation majeure

La communication entre cellules constitue aujourd’hui un axe de recherche central en
biologie computationnelle, et un défi majeur pour la modélisation des interactions
multicellulaires®. Il est désormais possible de quantifier les corrélations entre différents
marqueurs biologiques a plusieurs échelles et résolutions spatiales (intracellulaire,
juxtacellulaire, paracrine)®. Cependant, ces analyses seules ne permettent pas de formuler
des hypothéses mécanistiques sur les régulations observées.

ReCoN : extraire les mécanismes moléculaires dans les systémes multicellulaires

Au cours des derniers mois, jai développé ReCoN (Regulatory mechanism and Cell
Communication Network), un outil qui intégre a la fois les mécanismes intracellulaires et
les interactions intercellulaires, pour étudier la coordination des programmes
multicellulaires.
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ReCoN modélise les coopérations moléculaires au sein des cellules et entre cellules par un
réseau HMLN, ce qui lui confere différents avantages. Cela lui permet de prédire des
interactions ou régulations absentes des bases de données classiques (pathways, cibles de
récepteurs). Grace a lexploration par RWR, ReCoN permet d’explorer a la fois les
régulateurs moléculaires (cause) et les conséquences d’une perturbation.

ReCoN identifie les différents programmes transcriptomiques induits par différentes
cytokines dans les ganglions lymphatiques murins

J’ai évalué les performances de ReCoN pour retrouver les effets transcriptomiques induits
par des cytokines dans des ganglions lymphatiques murins in vivo®. Les prédictions ont
été comparées a celles obtenues a partir d’une autre méthode, NicheNet?, adaptée pour
notre cas précis, et différents HMLN ne prenant en compte que certaines des informations
disponibles. Cela nous a permis de quantifier la contribution relative de la couche de
régulations des genes (coopérations intracellulaires) et de la couche de communication
cellulaire. Nous montrons que ces deux types d’information apportent une contribution
significative a la prédiction des effets transcriptomiques des cytokines. Alors que les
versions ne prenant pas en compte les interactions intercellulaires performant moins bien
que la version adaptée de Nichenet, la version complete de ReCoN dépasse ses
performances. Nous avons pu évaluer ces performances pour chaque type cellulaire
individuellement, et pour 'ensemble du ganglion en méme temps.

ReCoN prédit les altérations transcriptomiques associées a Uinsuffisance cardiaque a
partir de régulateurs clés potentiels

ReCoN est également capable de modéliser I'impact de perturbations moléculaires plus
complexes. Je l'ai appliqué a ’étude des réponses multicellulaires coordonnées observées
dans linsuffisance cardiaque, en partant de régulateurs clés identifiés dans®. La encore,
ReCoN a surpassé les prédictions issues de la version adaptée de NicheNet.

Nous avons observé que la communication cellulaire est particulierement informative
pour prédire certains programmes spécifiques a certains types cellulaires, ce qui suggére
une sensibilité différenciée a la signalisation intercellulaire selon le contexte cellulaire.

ReCoN retrouve des causes et conséquences de la fibrose cardiaque a partir d’une
liste de génes impliquées

La fibrose cardiaque est un phénomene adaptatif du tissu cardiaque a différents
traumatismes comme un arrét ou une insuffisance cardiaque, ou des fibroblastes vont se
différencier et produire une importante quantité de matrice extracellulaire (MEC). Elle
s’integre a une reconstruction plus générale du tissu, ou vaisseaux sanguins, muscles et
cellules immunitaires s’adaptent également. Nous avons appliqué ReCoN pour
comprendre la régulation de la fibrose a deux niveaux. Premierement, ReCoN a permis de
retrouver des récepteurs et FTs qui, a lintérieur des fibroblastes semblent réguler
Uexpression de genes de protéines composant la MEC. En explorant par la suite les
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interactions entre cellules, ReCoN a pu identifier d’autres fonctions du remodelement
cardiaque en amont et en aval de la fibrose cardiaque. Ces différentes fonctions peuvent
étre spécifiques a une type cellulaire (e.g., ’hypoxie dans les cellules endothéliales) ou
partagée entre plusieurs (e.g., une transition épithélio-mésenchymateuse partagée entre
toutes les cellules).

ReCoN peut donc aussi permettre d’identifier des molécules responsables d’un certain
phénotype ou d’une maladie. Ces molécules peuvent étre intracellulaires ou dans les
cellules environnantes, offrant donc d’autant plus d'interventions potentielles a travers
des mécanismes d’action divers.
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Short summary

Multicellular organisms require precise coordination across many cell types. A cell’s
identity arises from the interplay of multiple molecular layers that collectively determine
its state and function. Recent advances in single-cell sequencing allow profiling of these
“omics” modalities at single-cell resolution. Yet transforming these multimodal datasets
into mechanistic insight remains a challenge. Even integrative approaches that combine
several modalities still ignore the full spectrum of available data.

In this thesis, | introduce two flexible frameworks to study cellular and multicellular
systems using heterogeneous multilayer networks (HMLNs). This structure preserves
modality-specific information in distinct layers, connected through inter-layer edges. This
paradigm enables reconstruction of comprehensive regulatory maps spanning
intracellular regulation and cell communication, and exploration via random-walk
algorithms adapted to different regulatory hypotheses. It can notably identify regulators of
specific genes or drivers coordinating different cell types in complex responses.

This work unfolds in two main parts:

Intracellular network inference from single-cell multi-omics

| developed HuMMuS (HeterogeneoUs Multilayer networks for MUIti-omics Single-cell
data), an open-source tool that builds a three-layer HMLN comprising: 1) a transcription
factor (TF) layer with known protein-protein interactions between TFs, 2) a chromatin
layer—co-accessibility of DNA regions from single-cell ATAC-seq, 3) a gene expression
layer—co-regulated genes from scRNA-seq.
Inter-layer edges connect TFs to their binding sites and regulatory regions to target genes.
Running a random walk with restart on this network allows HuMMuS to prioritize TF>gene,
enhancer->gene, or other regulatory links. Benchmarking against state-of-the-art methods
showed that HUMMuS outperforms existing approaches in recovering known TF-gene
interactions, TF-regulatory region contacts, and enhancer-target predictions. Applied to a
three-modality dataset from the murine cortex (scRNA, scATAC, and single-cell
methylation), HUMMuS identified TFs governing specific neuronal subpopulations and
revealed novel cooperations undetectable by two-modal methods.

Modeling multicellular coordination via intercellular HMLNs

Many developmental and pathological programs emerge from coordinated actions across
cell types, mediated by secreted factors and receptor signaling. To capture these
phenomena, | extended HuUMMuS’s idea to include cell communication, forming a unified
network of intra- and intercellular interactions. The resulting tool, ReCoN (Regulatory
mechanism and Cell Communication Network), integrates cell type-specific networks with
ligand-receptor interactions, enabling inference of multicellular regulatory mechanisms.

We applied ReCoN in several biological contexts. In murine lymph nodes, it successfully
predicted cytokine-induced transcriptomic programs by jointly leveraging intracellular
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regulatory maps and intercellular signaling, outperforming adaptations of other tools. In a
heart-failure model, ReCoN identified key regulators driving maladaptive multicellular
responses and dissected the contributions of gene regulation versus intercellular signaling.
In a study of cardiac fibrosis, ReCoN recovered both intra-fibroblast TFs regulating
extracellular-matrix genes and upstream interactions orchestrating fibroblast activation
and tissue remodeling.

Together, HuMMuS and ReCoN propose a new approach to model molecular mechanisms
from single-cell multi-omic data. By encoding each modality in an individual layer, this
approach preserves distinct molecular interactions while enabling cross-modal
discoveries. As single-cell technologies continue to diversify, this framework can readily
incorporate proteomics, metabolomics, offering an interesting milestone for future
integrative methods.
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Court résumé

Les organismes multicellulaires reposent sur une coordination précise entre de nombreux
types cellulaires. Lidentité d’une cellule émerge de linteraction de plusieurs niveaux de
régulation moléculaire. Les progres récents des technologies de séquencage permettent
désormais de profiler plusieurs modalités « omiques ». Différentes méthodes utiisent ces
information pour inférer les interactions moléculaires, mais méme les approches
intégratives combinant plusieurs modalités ne couvrent pas toutes ces interactions
biologiques.

Dans cette thése, je présente deux méthodes basées sur les réseaux multilayer
hétérogénes (HMLN), HuMMuS et ReCoN, pour étudier les systemes cellulaires et
multicellulaires. Cette structure conserve I'information spécifique a chaque modalité dans
des couches distinctes reliées par des liens inter-couches. Elle peut donc modéliser de
nombreuses interactions, englobant régulations intracellulaires et communication entre
cellules, avant de les explorer grace a un algorithme de marche aléatoire. HuMMus et
ReCoN peuvent notamment identifier les régulateurs d’un groupe de genes, et les acteurs
qui coordonnent divers types cellulaires lors de réponses complexes.

1. Inférence de réseaux intracellulaires a partir de données multi-omiques

J’ai développé HuMMuS (HeterogeneoUs Multilayer networks for MUlti-omics Single-cell
data), un outil open source qui construit un HMLN a trois couches : 1) la couche des
facteurs de transcriptions (FT), qui contient les interactions protéine-protéine (PPIs) entre
FTs, 2) la couche des régions de ’ADN, définit par les co-accessibilités des régions d’ADN
inférées a partir de données scATAC-seq, 3) la couche des genes, établit a partir de données
de scRNA-seq.

Les arétes inter-couches relient les TF a leurs sites de liaison et les régions régulatrices a
leurs genes cibles. Une marche aléatoire avec redémarrage (RWR) permet alors a HuMMuS
de prioriser les liens TF>gene, enhanceur>gene ou autres interactions. Les benchmarks
montrent qu’il surpasse les méthodes de référence pour retrouver les interactions
TF-gene, les contacts TF-région régulatrice et les prédictions enhanceur-cible. Sur un jeu
de données triplement modal du cortex murin (scRNA, scATAC, méthylation unicellulaire),
HuMMuS a révélé les TF contrélant des sous-populations neuronales spécifiques et mis en
évidence des coopérations inédites qu’un modele bimodal ne détecte pas.

2. Modélisation de la coordination multicellulaire

De nombreux processus développementaux ou pathologiques résultent d’actions
concertées entre types cellulaires, médiées par des facteurs sécrétés et le signalement
récepteur-ligand. Pour capturer ces phénomenes, j’ai étendu HuMMuS afin d’y intégrer la
communication cellulaire, formant un large réseau d’interactions intra- et intercellulaires.
ReCoN (Regulatory mechanism and Cell Communication Network) permet l'inférence de
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mécanismes régulatoires multicellulaires des interactions ligand-récepteurs et des
régulations intracellulaires.

ReCoN a été appliqué a divers contextes biologiques. Dans les ganglions lymphatiques
murins, il a prédit avec succes les programmes transcriptomiques induits par les cytokines,
surpassant d’autres outils. Dans un modele d’insuffisance cardiaque, ReCoN a identifié les
régulateurs clés des réponses multicellulaires déléteres et disséqué la part relative de la
régulation génique et du signalement intercellulaire. Dans une étude sur la fibrose
cardiaque, il a mis en évidence a la fois les TF intracellulaires des fibroblastes contrélant la
matrice extracellulaire et les interactions en amont orchestrant l’activation des fibroblastes
et le remodelage tissulaire.

HuMMuS et ReCoN proposent une nouvelle approche pour modéliser les mécanismes
moléculaires a partir de données multi-omiques. Ces méthodologies peuvent facilement
étre étendues a d’autres omiques et type de macromolécules.
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Chapter1

Introduction

Cells and organs rely on a complex integration of diverse molecular signals across scales.
Recent technological advances now allow us to profile molecular features at the single-cell
level, capturing heterogeneity that was previously masked by bulk measurements.
However, the countless and essential relationships between these molecular features are
not directly accessible; they must be inferred through computational analysis and
integration of prior knowledge. The methods to infer these interactions extend
progressively, following the improvements in measurement and single-cell technologies.
This thesis addresses the methodological and conceptual challenges of inferring molecular
mechanisms from single-cell multi-omics data, spanning cellular to multicellular scales.
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1.1. Single cell measurements

Single-cell measurements provide an unprecedented view into the molecular
heterogeneity of biological systems. Unlike bulk profiling, which averages signals across
populations of cells, single-cell techniques allow us to dissect the diversity of cell states,
transitions, and regulatory mechanisms within complex tissues. These methods are the
foundation for modern computational and systems biology approaches to cellular identity
and behavior. In this section, we present an overview of the major single-cell modalities
and the associated data analysis techniques.

1.1.1. Single cell sequencing technologies

The exponential interest in single-cell biology arose from the development of
high-throughput single-cell sequencing technologies. These platforms measure on a
cell-by-cell basis various molecular modalities, such as gene expression, chromatin
accessibility, DNA methylation, and protein abundance. The technologies differ in
sensitivity, throughput, resolution, and the biological insight they offer. We begin by
reviewing these different methods and their specific contributions to our understanding of
cellular systems.

1.1.1.1. Single cell transcriptomic

The transcriptome refers to the complete set of RNA transcripts (e.g., messenger RNA,
non-coding RNAs) produced in a cell, tissue, or organism at a specific time. It represents all
the genes that are actively transcribed into RNA and provides a snapshot of gene
expression. The most well-known part of the transcriptome corresponds to the mRNA, as
the coding sequences for protein synthesis.

Single-cell RNA sequencing (scRNA-seq) is a technique that analyzes gene expression at the
level of individual cells. The process begins by isolating single cells from a tissue sample,
often using methods such as droplet encapsulation®** or fluorescence-activated cell
sorting (FACS)***'. Each cell's mRNA is then captured, converted into complementary DNA
(cDNA), and tagged with unique cell barcodes and unique molecular identifiers (UMIs) to
distinguish individual cells and quantify molecular amplification biases®®. The resulting
cDNAs are amplified and prepared for sequencing. High-throughput sequencing platforms
read the fragments, producing data that includes gene sequences, cell barcodes, and UMiIs.
Multiple protocols exist, such as Smart-seq2? for full-length transcripts, and 10x Genomics
Chromium for high-throughput, 3'-end biased libraries®. The sequencing reads are then
processed through a pipeline such as CellRanger®, to identify their mapping gene on the
genome and to which cell they belong. The final result is a count matrix m x n, with mis the
number of individual mMRNA molecules mapped, and n the number of individual cells.

1.1.1.2. Single cell chromatin accessibility
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Chromatin accessibility reflects the accessibility of genomic regions to transcription factor
binding and other regulatory processes, serving as a proxy for their gene regulatory
potential.

Single-cell transposase-accessible chromatin sequencing-seq (scATAC-seq) is a technique
that measures chromatin accessibility at the single-cell level. Building upon ATAC-seq
technologies®, it involves isolating individual cells with a similar method as in scRNA-seq®,
applying a transposase enzyme that inserts sequencing adapters into accessible chromatin
regions, and then sequencing the extracted fragments. The sequencing reads are aligned
to a reference genome, and each read is assigned to its respective cell based on unique cell
barcodes. Rather than building the cell-by-region matrix immediately, the aligned reads
are aggregated across cells to identify regions with enriched transposase activity and
higher number of reads®?*. These regions, or peaks, represent candidate regulatory
elements important for genes’ transcription. Once a set of consensus peaks is established,
a cell-by-peak matrix is generated by counting for every cell the number of reads mapping
to each region.

1.1.1.3. Single cell methylation

DNA methylation is an epigenetic modification characterized by the addition of a methyl
group, typically on the 5' carbon of cytosine residues and predominantly within CpG
dinucleotides. This modification plays a critical role in regulating gene expression,
genomic imprinting, and maintaining genome stability.

Single-cell DNA methylation techniques, such as single-cell bisulfite sequencing
(scBS-seq)® or snmC-seq2* enable the profiling of DNA methylation patterns at single-cell
resolution. The process begins again with the isolation of individual cells, a technological
improvement from bulk methods such as BS-seq. The cells’ genomes are then extracted
and treated with bisulfite to convert unmethylated cytosines into uracils, while leaving
methylated cytosines unchanged. The bisulfite-converted DNA is amplified, incorporating
cell-specific barcodes to preserve the cellular origin of each read. Reads are then
aggregated across defined genomic regions. Finally, a cell-by-region matrix is constructed,
each row representing an individual cell, each column representing a defined genomic
region, and matrix entries reflect the methylation level or count of methylated sites.

1.1.2, Multimodal single-cell technologies

Traditional single-cell assays measure one modality (e.g., RNA), which gives only a partial
view of the cellular state®. Multimodal single-cell technologies have emerged to profile
multiple molecular layers from the same cell*®. These approaches provide a more holistic
snapshot of each cell’s regulatory state by coupling, for example, transcriptome and
surface proteome measurements (as in CITE-seq®) or chromatin accessibility with gene
expression (as in 10x Multiome or SHARE-seq**!). By capturing different layers together,
multimodal assays can reveal how variations in DNA, chromatin and protein levels
cooperate in defining cell identity and function. These technologies therefore bridge the
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gap between layers of regulation, enabling richer cell atlases than single-modality data
alone™®,

1.1.3. Spatial sequencing technologies

Most single-cell RNA-seq requires tissue dissociation, which destroys information about
where cells were located in the tissue. Spatial transcriptomics methods retain that spatial
context by measuring gene expression in situ on tissue sections®. In these approaches,
either hybridization-based imaging (e.g., MERFISH*, seqFISH*) or barcoded capture arrays
(e.g., 10x Visium®, Slide-seq™) are used to map many transcripts to their original positions.
This spatial information is essential to understanding the influence of the environment and
neighboring cells on cell behavior; spatial methods therefore allow analysis of expression
patterns across tissue architecture’®®. For example, spatial profiling has revealed how cells
near disease lesions express distinct gene programs, insights that would be lost in bulk or
dissociated data. Spatial sequencing complements single-cell measurements by adding
cells’ positional information, which is essential for studying tissues with complex
organization.

1.1.4. Single-cell data analysis

The computational analysis of single-cell data involves several standard stages. As a
high-level overview: raw sequencing reads are first processed and quality-checked,
producing a cell-by-gene count matrix; then basic analysis (normalization, feature
selection, dimension reduction, clustering, and marker-gene identification) is performed,
finally, advanced analyses (trajectories, interactions, regulatory networks, etc.) can be
done tailored to the question. In practice, most workflows follow a general outline: (1)
preprocessing and quality control to filter cells and genes, (2) normalization and correction
of technical biases, (3) dimensionality reduction (e.g., PCA, UMAP) to represent cells, (4)
cell clustering to discover cell types or states, and (5) differential expression testing to find
marker genes between groups. Each step has specialized methods and best practices, as
discussed below.

1.1.4.1. Preprocessing

Preprocessing (also called data cleaning) prepares the raw single-cell data for analysis. As
described previously, sequencing reads are aligned and counted (e.g., generating unique
molecular identifier (UMI) count tables for each gene and cell). Quality control filters out
low-quality, artifactual or dead cells. It typically consists in removing cells with very few
detected genes or a high fraction of mitochondrial RNA**, Putative doublets (two cells
accidentally captured as one) and ambient RNA contamination are also identified and
excluded. After cell filtering, counts are typically normalized to account for differences in
sequencing depth or capture efficiency. Common normalization rescales each cell’s counts
(e.g., by total counts or size factors)®! so that gene expression levels become comparable
across cells, even if this step can be deleterious in some contexts®. In some pipelines,
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additional corrections such as batch effect adjustment or regression of technical covariates
are applied to further harmonize the data. The output of preprocessing is a filtered,
normalized cell-by-gene matrix ready for downstream analysis.

Data preprocessing is actually essential to correct technical biases, evaluate their quality,
and harness their whole potential. Neglected, it can both hide important information and
lead to wrong hypothesis. Moreover, and as presented in Chapter 3, different preprocessing
might give very different results. Preprocessing strategies must thus be chosen carefully
depending on the downstream analysis.

1.1.4.2. Differential analysis

Differential expression analysis identifies genes that vary between groups of cells (for
example, between clusters, conditions, or cell types). In single-cell data this typically
means statistical testing for “marker” genes that are up- or down-regulated in one cluster
relative to others®**. Most single-cell pipelines use nonparametric tests to find genes
significantly enriched in one cell population. These tests account for the variability and
sparsity in single-cell counts and control for multiple testing. Detecting differentially
expressed (DE) genes helps to annotate clusters (by their characteristic markers) and to
compare biological conditions (e.g., treated vs. control samples). For example, genes that
are consistently higher in one cluster than others can be used as cluster-specific markers or
to infer regulatory differences between cell states. It is common to complement
gene-by-gene tests with pathway or gene-set enrichment analyses, which interpret the DE
genes in terms of biological functions.

1.1.4.3. Cell clustering

Clustering is the process of grouping cells by their expression profiles to reveal putative cell
types or subpopulations. After dimensionality reduction (e.g., using principal
components), most methods construct a graph of cells based on nearest neighbors and
then apply community-detection algorithms (such as Louvain® or Leiden clustering>) to
partition the cells. Each cluster is then assumed to correspond to a distinct cell type or
transcriptional state®. Clustering is typically unsupervised and scale-free (it can handle
thousands of cells), but it often requires choosing parameters (e.g., resolution) to capture
the level of granularity needed. Well-separated clusters often match known cell types,
whereas more subtle “states” or continuous variation may appear as gradients rather than
sharp groups®. Once clusters are defined, their identities can be annotated using known
marker genes or reference atlases. In practice, clustering combined with visualization
(t-SNE>°/UMAP® plots) provides an initial map of the cellular diversity present in the data.

1.1.4.4. Feature relationships

Beyond clustering, single-cell analysis often examines relationships among measured
features. A key example is inferring gene regulatory networks or co-expression modules.
For instance, methods like GENIE3® build “regulons” by identifying sets of genes that share
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a transcription factor regulator. Similarly, weighted gene co-expression network analysis
(WGCNA)®*% and other correlation-based approaches can identify gene or protein®
modules that vary together across cells. These analyses aim to uncover higher-order
structure: how genes co-regulate, which transcription factors drive cell states, or how
different measured modalities correlate. Other examples are cell-cell interactions
inference (predicting cells synchronizing their behaviors), which also uses relationships
among features. In summary, feature-relationship analyses extract cell- and gene-level
patterns (networks, pathways) from the single-cell matrix, complementing the cell-level
results of clustering and differential testing.

1.1.5. Impact and limits of single-cell data

Single-cell sequencing has revolutionized biology by revealing cellular heterogeneity that
bulk measurements cannot grasp. With the ability to profile thousands of genes per cell
across thousands to millions of cells, we can now chart the full diversity of cell types and
states in a tissue or organism. This unprecedented resolution has led to new discoveries of
rare cell populations, developmental trajectories, and context-dependent responses. For
example, single-cell studies have identified novel immune cell subsets in cancer, traced
cell-lineage relationships in development, and pinpointed cell type-specific drug
responses®®. These insights translate into single-cell atlases across organs and species,
improved understanding of disease mechanisms, and even new biomarkers for precision
medicine®. Overall, single-cell data provides unprecedented sensitivity and specificity for
uncovering molecular mechanisms in health and disease.

However, single-cell approaches also have important limitations. The data is inherently
noisy and sparse. Indeed, many transcripts present in a cell are not detected, leading to
dropout (artificial zeros replacing true values) that complicate the analysis®™.
Additionally, single-cell assays often capture only certain modalities (e.g., RNA but not
protein) and can have a bias against fragile or difficult-to-dissociate cells, limiting
completeness. Finally, practical concerns include high experimental cost (per cell and
especially per multi-omic or spatial assay), batch effects across experiments, and the need
for substantial computing resources to handle large datasets. Analytical challenges such as
normalization, integration of batches, and statistical modeling of zero-inflated data remain
active research areas’. In summary, while single-cell data offers unprecedented insights
into cellular and molecular biology, it requires careful interpretation due to technical
limitations (dropouts, noise), partial coverage, and computational complexity.

1.2. Molecular and cellular Interactions in biology

Cells orchestrate life’s complexity through biological interactions at every scale. Molecules
inside a cell constantly bind, signal, and regulate each other, and cells themselves
exchange signals with their neighbors. Complex biological functions, such as embryonic
development of organisms and tissue homeostasis, emerge from the complex interplay of
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these molecular and cellular components™. Understanding these interactions - how
molecules influence one another through binding or control, and how cells communicate -
is essential to explaining how complex functions are built from simpler parts™™.

In this section, we discuss the nature of intracellular and intercellular interactions, focusing
on regulations and co-operations among molecular components, and their role in
coordinating cellular behavior. We will also go through the current data and computational
approaches to identify such interactions.

1.2.1. Physical interactions between molecules

One fundamental class of interactions is physical binding between molecules. Proteins
often bind to other proteins, forming complexes or triggering each other’s activity.
Likewise, many proteins bind directly to DNA or RNA. Such physical interactions are the
foundations of intracellular biology. They enable enzymes to find their substrates,
signaling proteins to relay messages, and genetic regulators to control genes. A classic
example is a transcription factor protein binding to a specific DNA sequence to regulate a
gene’s expression, thereby controlling production of another protein™. In general, physical
interactions can be transient (e.g., a signaling protein briefly docking to activate an
enzyme) or stable (e.g., multiple subunits assembling into a lasting complex). For instance,
metabolic enzymes may transiently bind their substrates to catalyze a reaction, whereas
the ribosome’s many proteins and RNAs assemble into a stable complex to synthesize
proteins. In both cases, it is the direct contact between molecular surfaces, through shape
and molecular affinities, that allows one molecule to affect another’s function.

\ b

da

YIN VNV an- IN /NS

Figure 1.1. Physical interaction with proteins. a) Protein complex forming a “binding pocket”, or
a specific binding space with a high affinity for specific molecules. The red arrow indicated the
binding pocket location. b) Interaction between a ribosome - itself a protein complex - and the
DNA during the transcription of a gene. lllustrations of proteins are using Public-Domain entries in
the NIH BioArt Source library - bioart.niaid.nih.gov (259, 260, 387, 449).

Protein-protein interactions (PPIs) underlie most cellular machinery. Many proteins act
as molecular “machines” that physically associate in complexes to carry out functions that
single subunits could not do alone™. For example, the DNA replication apparatus involves
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dozens of proteins that form a large complex at the replication fork, each component
interacting with others to unwind DNA or synthesize new strands. Similarly, the
proteasome is a multi-protein complex whose subunits coordinate to degrade other
proteins. Transient PPIs are equally crucial: in cell signaling cascades, an activated kinase
enzyme might physically bind a target protein to phosphorylate it (adding a phosphate
group) and thereby change the target’s activity. This kind of interaction between proteins is
the basis for information flow inside cells.

Protein-DNA interactions are another vital subset of physical interactions. Transcription
factors bind DNA to modulate gene transcription rate, acting as the cornerstone of gene
regulation. The classic lac repressor in bacteria, discovered by Jacob and Monod”™, binds to
the DNA of the lac operon to prevent transcription; when lactose is present, the repressor’s
shape changes so it can no longer bind DNA, allowing the genes to be expressed™.
Eukaryotes have thousands of transcription regulators, from factors that recognize specific
gene enhancers to chromatin proteins that bind and package DNA. These interactions
ensure that each gene is expressed only in the right cells at the right time. Physical binding
of proteins to DNA can also initiate DNA replication or repair by recruiting necessary
enzymes to the correct locations on the genome. To summarize, whenever a cell needs to
read, duplicate, or fix its genetic information, it uses proteins that interact directly with the
DNA helix or its structuring proteins.

1.2.2. Metabolic and signaling cascades

Beyond direct binding, molecules also interact through biochemical reactions and
regulations. In metabolism, for example, one enzyme’s product often becomes another
enzyme’s substrate, forming a chain (or cascade) of transformations. These metabolic
interactions link enzymes and metabolites into pathways with specific cellular functions. A
simple example is the Krebs cycle, a well established cycle of reactions to produce energy,
in the form of ATP, from nutrients”. The end product of one reaction step is the starting
point for the next one. In a broader sense, the entire cell’s metabolism can be described
with such interactions, which connect enzymes functionally by the substrates they share. If
one enzyme in a pathway is missing or inhibited, its substrate may accumulate and its
product will not be produced, affecting all downstream reactions. Enzymatic interactions
are not limited to linear chains; they often branch and form feedback loops. A downstream
product might circle back to inhibit an earlier enzyme (negative feedback) to maintain
balance. In the example of the Krebs cycle, it is helpful to not use all the nutrients available
at once. Importantly, molecules do not need to form long-lived complexes, but they
encounter each other through diffusion and react dynamically.
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Figure 1.2. Metabolic transformation and signaling mechanisms. a) Schematic representation
of a protein phosphorylation (adding a phosphate group on a molecule) through a kinase activity.
b) Schematic view of a signaling pathway cascade. An external ligand (blue) binds a receptor
(yellow), which activates a kinase mediating intracellular effects. /llustrations of proteins in a use
Public-Domain entries in the NIH BioArt Source library - bioart.niaid.nih.gov (259, 260, 387).

These reaction cascades are also essential in integrating external signals. When a signaling
molecule (like a hormone or a growth factor) binds to a receptor on the cell membrane, it
triggers a chain of enzymatic events inside the cell. The receptor is often an enzyme or a
kinase, which upon activation will modify an intracellular protein. That protein might then
also act on another, and so on, forming a signal transduction cascade. Each step is an
interaction where one molecule’s chemical activity (e.g., adding a phosphate group)
modifies the next molecule. These cascades can amplify a small external signal into a large
response inside the cell because each enzyme can activate many downstream targets.
Thus, the signaling mechanisms involve transient modification and binding across time. It
overlaps with physical interactions since enzymes often must bind their targets, but
emphasizes the dynamical action (catalysis, modification, transformation) more than just
binding.

1.2.3. Genetic circuits regulation

Metabolic and signaling cascades often begin and end by the regulation of gene
expression, which ultimately lead to the synthesis of the protein involved in these
cascades. Another layer of interaction can thus be defined, between genes and their
regulators.

In cells, genes do not act nor are transcribed in isolation; one gene’s product (usually a
protein) often controls the activity of other genes. It is common to simplify these
regulations to the impact of proteins, called transcription factors (TFs), on downstream
genes. TFs can both positively and negatively regulate gene expression, by enhancing or
repressing their transcription respectively. Some of these genes might also encode TF
proteins, themselves regulating genes’ expression. These regulatory interactions create
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circuits governing cell behavior, dynamic and fate by changing genes and protein
production.
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Figure 1.3. Transcription and gene regulatory circuits. a) Schematic representation of the
regulation by transcription factors (TF). A TF binds the DNA around a gene promoter or enhancer,
triggering the gene transcription by creating space for the RNA polymerase. It produces a
messenger RNA, translated later into a protein (e.g., another TF). b) Schema of a feedback loop
where a gene B represses its own regulator, the gene A. The TF A activates the transcription of the
gene B, which produces the TF B and inhibits in return the transcription of the gene A. It can create
different dynamics and steady states, depending on the speed of each step.

Cells contain many overlapping gene regulatory circuits, such as feedback loops where a
gene product regulates its own transcriptional regulator). Feedback loops can notably
produce phenomena like bistability (i.e. a stable “on” or “off” state of a gene, creating a
memory of a past signal) or oscillations (i.e. recurring cycles of activity, as seen in circadian
rhythm genes)™. A variety of other motifs also exist and allow complex logic and inertia in
gene expression, such as feed-forward loops, whereas X regulates Y and Z, and Y also
regulates Z. Through regulatory interactions, cells can adapt to new information, such as
the presence of nutrients or specific conditions of pressure and temperature.

1.2.4. Intercellular interactions and cell-cell communication

So far, we have presented interactions within a single cell. However, in multicellular
organisms, cells must also interact with each other to coordinate their activities. No cell
lives in complete isolation: neighboring cells exchange chemical signals, adhere to one
another, and even directly pass molecular messages. These intercellular interactions are
the basis of tissue organization, development, and physiology in multicellular life. In fact,
the evolution of multicellularity required the development of complex cell communication
mechanisms to ensure that cells could work together for the organism’s benefit™. It is
possible to differentiate several types of communication, associated with different ranges
of actions.
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Depending on their roles in the communication, molecules can be named ligands, as the
molecule transporting the initial information, or receptors as the first molecule receiving
the information in the target cell. Typically, small groups of ligands and receptors have
matching shapes and a selective affinity for each other. Both are essential for the
communication and their expression presents two complementary ways to modulate cell
communication.

1.2.4.1. Paracrine and endocrine communication

One major mode of intercellular interaction is signaling via secreted molecules. Cells can
secrete signaling molecules such as hormones, growth factors, or neurotransmitters,
which then travel to other cells and bind receptors to influence their behavior®. In
paracrine signaling, the signals act on nearby cells (e.g., a neuron releasing a
neurotransmitter to signal an adjacent neuron). Autocrine communication is defined as a
specific subcategory, where the signals are emitted and received by the same cell.

In endocrine signaling, hormones released into the bloodstream can affect distant cells
throughout the body (e.g., insulin released by pancreatic B-cells tells muscle cells to
uptake glucose®). These soluble signals and their receptors form complex interaction
networks between cells. A cell often integrates numerous signals, such as inflammatory
cytokines and growth-related hormones, which altogether drive its response (grow, move,
differentiate, or even die)®.

1.2.4.2. Juxtacrine and contact-mediated communication

Cells also interact through direct contact. In many tissues, cells are physically joined by
adhesion molecules on the cells’ surfaces. For example, in epithelial tissues, adjacent cells
are glued together by proteins (e.g., cadherins, integrins) that span their membranes and
bind one cell to another. This cell adhesion not only provides structural integrity but also
carries signals®**. Indeed, some adhesion proteins send signals into the cell when they
attach or detach, informing the cell about its environment or neighbors.

Another form of direct interaction is through gap junctions. Gap junctions are physical
channels connecting the cytoplasm of adjacent cells, allowing small molecules and ions to
pass directly from one cell to another. They enable electrical and metabolic coupling - as
in heart muscle, where ionic currents flow through gap junctions to synchronize
contractions of cells®.

1.2.4.3. Specific signaling structures

Finally, some intercellular interactions involve specialized structures or phenomena.
Neurons can connect to other neurons via chemical synapses, where the electrical signal of
one cell triggers the release of neurotransmitters that quickly bind receptors on the next
cell.
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In development, certain cells serve as signaling “centers” that release morphogens, in the
form of diffusible molecules, creating a concentration gradient through organisms and
organs. Surrounding cells detect these gradients and decide fate according to the
morphogen level, which leads to spatial patterns following organism's polarity. For
instance, the graded Sonic hedgehog signals have an essential role in limb development®.

In adult tissues, cells constantly signal distress or needs. For example, damaged cells
release factors that prompt immune cells to come®’, and oxygen-starved cells induce blood
vessel growth®. In the immune system, a delicate interplay of cell-cell contacts and signals
distinguishes friend from foe to protect the body. Even unicellular organisms exhibit
community interactions: bacteria communicate via quorum sensing, secreting small
molecules and sensing their concentration to coordinate group behaviors (e.g., biofilm
formation®) once a threshold population is present.

1.3. Network representations and exploration

Across molecular and cellular scales, nothing in biology works alone. From interactions
between smaller components emerge both complex functions and their fine coordination
across tissues and organisms. These interactions can be physical bindings, chemical
reactions, regulatory influences, or direct cell-cell contacts. Collectively, they form vast
interaction networks ensuring the coordination of different processes and underlying both
cellular and physiological functions.

In recent decades, biology has embraced a network perspective, recognizing that
analyzing interactions between molecular components is essential to understand cells and
organisms™. This has led to the emergence of new fields such as systems biology and
network biology, which treat the cell as an integrated system of interacting components
rather than a set of independent molecules. By defining networks of molecular
interactions, we can have a better understanding of emergent complex system properties,
such as collective behaviors™ and robustness (i.e. the ability of a system to maintain
function despite perturbations).

a

Figure 1.4. Directed and weighted properties of networks. a) Representation of an unweighted
and undirected network. b) Representation of a directed and weighted network
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Networks are mathematical objects to represent interactions between different
elements®. The networks can be formalised as G = (V, E), with V representing a set of
nodes (elements) and E € V X V representing a set of edges (interactions) between
nodes. These nodes and edges can have additional properties defining different types of
networks. Edges can notably be unsigned or signed, depending on whether we want to
differentiate positive and negative interactions (e.g., activation and repression). They can
also be weighted with a score indicating the strength of the interactions, and directed or
undirected to indicate their directionality (e.g., regulation or co-operation).

Additionally, different methods have been developed to analyse large networks, allowing
to extract meaningful information such as nodes of interest, hub of highly interacting
elements, or general properties and structure of the network. We will next present the
main biological networks and networks methods used in this thesis.

1.3.1. Networks in biology

Numerous network types are used to describe biological systems at both molecular and
cellular scales. Key examples include 1) protein-protein interaction (PPI) networks, 2) gene
regulatory networks (GRNs), 3) signaling networks, and 4) cell communication networks,
each capturing a distinct facet of cellular and tissular organization.

1.3.1.1. Protein-protein interaction (PPI) networks

PPI networks contain physical or functional interactions between proteins (e.g., protein
complexes, ligand-receptor bindings)®. Proteins are then represented as nodes, and their
interactions as edges. The edges can be weighted (e.g., confidence) and are usually
undirected, since they usually represent co-operations and not regulations between
proteins. On a structural note, PPl networks often contain hubs, few central nodes
connected to a high number of neighbors.

In the context of this thesis, PPl networks are mostly used to represent complexes
in-between TFs and in-between receptors, which can form oligomers to regulate
downstream elements.

Until recently, PPl was mostly inferred from direct interaction methods, such as yeast
two-hybrid®> and affinity-purification/mass-spectrometry®. Many tools are nowadays
developed to computationally infer protein interactions, through prediction of their
complex 3D folding. Under the hypothesis that these interactions are largely due to
structural properties independent of the cell type, they are stored per species in large
databases® and reused between different datasets. In parallel, the field of single-cell
proteomics data is starting to develop and to gather more interest. This new
methodological development promises to uncover in the near future how mutations and
diseases can alter PPI networks in individual cells*.

1.3.1.2. DNA interaction networks
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Through DNA folding, portions of the DNA separated by hundreds of thousands of base
pairs can actually interact. Several methods propose to reconstruct chromatin interaction
networks through chromosome conformation capture methods, such as Hi-C* and
Micro-C*. This concept consists of cross-linking the DNA with formaldehyde, that is,
“freezing” the interaction between chromosomal regions that are spatially close enough
(~100 nm). Once these interactions are stabilized, DNA can be digested with restriction
endonuclease to isolate the complex formed by the two interacting regions, sequence
them, and map them to the genome. The older Hi-C version outputs a map of regions of
1-10 million base pairs each, or very large domains. Recent development has allowed the
reduction of this granularity to a few nucleosomes for micro-C. In addition, Capture Hi-C
has been developed to extract all the regions able to interact with added small probes. It
allows the DNA regions to interact with a specific promoter region for example.

Other works adopt a functional look at DNA interactions, predicting cis-regulatory
interaction networks. They then often focus on enhancer - promoter interaction, inferring
the role of a region in the regulation of a gene promoter transcriptional activity. Some
methods measure directly enhancer activity’”*®, while others infer regulations from
co-accessibility of the DNA, for example, through scATAC*®**%, Typically, they consider
much smaller DNA regions (~100 to 10 thousand base pairs) and consider interactions
possible only if their distance on a chromosome is inferior to a threshold limit (~200
thousand to a few million base pairs).

The DNA interaction networks are typically undirected, except when coupled with external
information about what regions are regulatory and what regions are regulated. They
usually have scores, as the probability or the confidence associated with the interaction.

1.3.1.3. Gene regulatory networks (GRNs)

Gene regulatory networks represent the regulation of gene transcription by TFs. In contrast
to PPI networks, GRNs contain direct edges, from TF to genes, that can be signed to
discriminate activation and inhibition of transcription. The edges are usually weighted by
either the strength of the regulation or its confidence score. While some databases exist to
use known TF-gene interaction, the explosion of bulk RNA, and later single-cell RNA
sequencing methods, led to the development of a plethora of methods to infer sample and
cell type specific GRNs 10611027106,

Two paradigms exist to represent cell identity through GRNs. A first group of methods
chooses to define a shared GRN encoding all possible interactions between TFs and target
genes'™. The difference between cell types and individual cells is then explained in a
second step, by the different expression/activity level of the TFs**'®. A second group
defines directly cell type-specific GRNs, which already encodes the activity of all TFs****%,
Therefore, it requires to separate from the beginning groups of cells which will be modeled
independently.
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Regulatory interactions are often mediated by direct physical binding, but they can also be
defined functionally (e.g., gene X “interacts” with geneY if a change in X’s activity alters Y’s
expression, even if indirectly). Through perturbation studies, it is possible to test
regulatory influences by perturbing one gene and measuring its effect on other molecules.
For example, CRISPR or RNA interference can be used to “knock down” a transcription
factor and to identify which genes’ expressions vary consequently. Those genes are
classified as targets of this transcription factor. Large-scale studies have mapped many
interactions, constructing draft gene regulatory maps for organisms like yeast and human
cells'”. These maps show a dense connectivity, whereas each transcription factor can
regulate hundreds of genes, and many genes are controlled by multiple regulators, forming
a robust web of control.

For genome-wide networks, recent mainstream methods depend on scRNA-seq data. Since
single-cell measurements are still extremely noisy despite the recent progress, they filter it
with additional information, either measured in the same samples (e.g., sSCATAC-seq) or
from prior knowledge (e.g., physical TF binding around gene TSS with CHIP-seq, TF motifs
screening)'®.

1.3.1.4. Signaling networks

Signaling networks in cellular biology are directed graphs representing cascades of
molecular reactions’®'°. Nodes represent signaling molecules (e.g., ions, ligands,
receptors, kinases, small GTPases, TFs) and edges symbolise causal biochemical events
(e.g., bindings, phosphorylations, post-translational modifications). They are often signed
to differentiate activations and inhibitions.

Signaling networks are largely derived from high-confidence pathway databases,
compiling manually annotated functional pathways. Other initiatives (e.g., Signor and
OmniPath)"*'** also provide large signaling networks from text mining and
literature-based interactions. These interactions can be obtained from different
experiments, reflecting those heterogeneous interactions that signaling networks can
integrate. It includes notably chemical or genetic perturbation experiments'?, enzymatic
modification measurement (e.g., phospho-specific Western blot™*, kinase assays'*), and
physical binding (e.g., co-immunoprecipitation''®, FRET'//BRET"®).

Because of the broad spectrum of interactions that those databases regroup, they are
mostly “bulk” network assemblies, not cell type- nor sample-specific.

1.3.1.5. Cell-cell communication networks

Cell-cell communication networks model intercellular signaling as directed graphs, where
nodes represent either a cell type or individual cells. The edges can be either a function of
all signaling interactions between the involved cells/cell types, or specific to one
ligand-receptor couple (e.g., multiplex view, where each pair of cells can be linked in
multiple ways)®™.
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The current method of studying cell cell communication focuses on known ligand -
receptor pairs, filtered and weighted on single-cell RNA-seq'®*??, single-cell
proteomic’**'?* or spatial transcriptomic data'®***'*, They assume a common backbone
network encoding possible intercellular interaction, and personalize it depending on the
context (expression and/or location) for individual cells or groups of cells.

These networks do not model only molecular interactions reflecting intrinsic physical
properties, but also signal expression and transmission between cells. Those networks can
be used to explain tissue and patient differences, which are summarized in the networks
themselves. They also propose a different scale to study biological interactions in-tissue
and in vivo, less detailed. This led to recent works linking cell communication networks to
the previously presented molecular intracellular networks'*?'%,

1.3.2. Network exploration

Once biological networks are constructed, various analytical strategies can be used to
explore network topology and extract meaningful biological insights. Key approaches
include topological analysis to find important nodes, community detection to find
modules, and network propagation techniques to trace signal flow. We will briefly present
some concepts useful to understand this thesis.

1.3.2.1. Topological analysis and centrality measures

Topological analysis involves quantifying the positions or roles of nodes in the network by
using centrality measures. Centrality metrics rank nodes by their structural importance
and have been widely used to pinpoint key players in biological and sociological
processes'’. For example, the number of connections a node has, also called a node
degree, highlights network hubs. In directed networks, a node in-degree and out-degree
can be defined as the number of edges reaching or leaving a node, respectively. For a
weighted network, it is usually replaced by node strength, which is the sum of the weights
of its edges™. In PPI networks, hubs tend to be functionally important: it was shown that
highly connected proteins are often essential, and removing them can lead to lethal
phenotypes'®. This suggests that the connectivity (degree) is one indicator of a node’s
criticality in the network. However, a node’s degree alone is not always sufficient to
capture its biological importance. Therefore, other centrality measures have been
developed to characterize different aspects of “importance” in a network.

One such measure is betweenness centrality, which counts how often a node lies on
shortest paths between other nodes. Nodes with high betweenness (sometimes called
bottlenecks) act as bridges connecting different parts of the network'®. These bottleneck
nodes control the flow of information and often prove to be critical connectors. Notably,
betweenness can be an even stronger indicator of essential genes than degree in certain
biological networks, particularly directed ones such as GRNs. In other words, a protein that
connects multiple pathways or modules may be indispensable despite not having a high
degree. Other centrality measures also provide valuable perspectives. For example,
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closeness centrality evaluates how close a node is to all others (i.e., measuring how much
information transits through this node). In comparison, eigenvector centrality, which is
exemplified by the PageRank algorithm, assigns higher scores to nodes connected to other
well-connected nodes, capturing an idea of global influence.

a b

Figure 1.5. Comparison of centrality measurement. a) Node degree illustration highlighting
three nodes (heavy border) of a small network. The fill colour indicates the degree and the
centrality value ; the darker the tone the higher value. b) Node betweenness illustration for the
same three nodes.

By using centrality metrics, researchers can identify hub proteins, key connectors, and
influential regulators in the network. This topological analysis is particularly useful for
finding candidates for experimental validation, such as hub genes in a gene regulatory
network or bottleneck proteins that might make good drug targets.

1.3.2.2. Molecular footprints and activities

A powerful, yet simple extension in network biology is the use of molecular footprints and
activity as a measure of regulator importance™®**. The fundamental premise is that when
a regulator (e.g., a TF or a pathway) is active, it induces changes in its downstream targets
correlated to the strength of the regulation. These changes can be seen as the “footprint”
of a regulator, defined as its different targets and their associated weights.”*>'** The targets
are typically the out-degree edges of a regulator in a network, but this definition could be
extended to larger ensembles of elements.

From these footprints and measurements of the target elements (e.g., gene expression or
phosphorylation changes), each regulator can be associated with a “molecular activity”,
predicting its importance for a cell or sample molecular profile**. Once calculated, these
activities can help identify regulators and pathways driving the cell phenotype, even if
those regulators are not themselves differentially expressed.

Unlike purely topological metrics (e.g., centrality or cluster membership) or highly
parameterized models, footprint methods yield biologically meaningful summaries such as
lists of key regulators (e.g., TFs, kinases, signaling pathways, ligands) that are activated in a
given context, derived by leveraging known network connections. These inferred activities
directly point to upstream controllers and pathways governing the system’s state, helping
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researchers move from a diffused list of omics changes to a clearer picture of “who” is
orchestrating those changes. In effect, they bridge between data-driven discovery and
mechanistic insight.

1.3.2.3. Community detection and network modules

Many biological networks are organized into modular structures, meaning they consist of
groups of nodes densely connected to each other but only sparsely connected to the nodes
in other groups'. Identifying these groups, also called modules or communities, is
essential for understanding the functional organization of a system™. In molecular
networks such as PPIs, communities often map to known biological functions or
complexes. Depending on the size considered for each community, it is possible to identify
communities illustrating complexes of several proteins interacting physically with broader
biological functions such as cell cycle or apoptosis*’.

To uncover such network modules, researchers use community detection algorithms.
Classic methods like the Girvan-Newman algorithm exploit edge betweenness (i.e.,
removing high betweenness edges that link communities) to iteratively split the network
into communities'®. Other popular approaches (e.g., the Louvain method® or hierarchical
clustering techniques) optimize a global modularity score that measures the difference in
the density of links inside communities versus between them. The result of these analyses
is a partitioning of the network into coherent modules, which can then be compared with
known biological subsystems. Often, there is a strong agreement: for instance, densely
connected clusters in PPl networks have been found to coincide with bona fide protein
complexes or signaling">"". Such findings support the idea that modules are the “building
blocks” of biological networks and that evolution might favor modular organization for
robustness and functional specialization. In network analysis, complex networks can be
decomposed into coherent sub-networks and groups of nodes, each potentially
corresponding to a specific biological process or complex.

a b

Figure 1.6. Community detection in a network. a - b) Communities detected in the network are
indicated with different colors. Depending on the granularity needed, it is possible to identify a
different number of communities - three in the panel a) and two in the panel b).
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Diffusion and network propagation methods

Beyond static topological features, another class of network analysis methods uses
diffusion-based propagation to spread information along the connections of the graph.
The core idea is to simulate a process where a “signal” starting from a node (or a set of
nodes) disperses through the network, similarly to heat diffusion or a random walker
exploring a graph®®*'*. This approach transforms a small seed input (e.g., a few genes of
interest) into a full, network-wide profile of scores, where each node’s score reflects its
network proximity or connectivity to the seed nodes. Such network propagation
techniques have proved powerful in uncovering relevant nodes that might be missed by
local analysis, since they consider the whole network structure. Indeed, numerous
algorithms based on random walks, heat diffusion, or even analogies to electrical currents
have been successfully applied to identify disease genes, functional modules, and drug
targets using networks™***,

The main algorithm used nowadays is random walk with restart (RWR). In RWR, a
hypothetical walker starts at a seed node and, with each step and according to pre-defined
probabilities, it either moves to a random neighbor or returns (restarts) at the seed®*****"%,
Over many iterations, this process converges to a steady-state distribution of probabilities
across the network. Nodes that are “closer” or more strongly connected to the seed
accumulate higher probabilities over time, effectively measuring their relative proximity or
influence with respect to the seed. Consequently, RWR yields a ranking of nodes based on
how easily one can reach them by walking the network starting from the seed.
Mathematically, this is equivalent to a diffusion process or a personalized PageRank score
centered on the seed nodes'’. As a result, RWR-based methods significantly outperform
simple neighbor-based approaches in identifying genes associated with a disease, when
spreading influence from known disease genes through the interactome'®.

o

Figure 1.7. Illustration of a diffusion process across a network. Successive steps of the diffusion
process are represented, showing the progressive spreading of the information across the network.
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The green arrows indicate the order of the steps, and the darkness of the nodes proportional to
their scores; the darker red corresponds to the input signal, or seed.

Overall, network propagation integrates information over the network’s topology, helping
to reduce noise and highlight interconnected nodes. These diffusion algorithms (with
different kernels or parameters) are used in network biology to predict new members of
pathways, propagate perturbation effects, or find network clusters of high activity. They
also trace plausible and interpretable paths of influence in a network, which helps predict
how perturbations or signals travel through a biological system, providing a global view of
network connectivity beyond immediate neighbors.

1.4. Integrating molecular and cellular networks

Each molecular view and network presented above covers distinct cooperative and
regulative aspects of a cell's identity. Their choices depend on the network scale, network
type, and input data. Different methods have been developed to regroup some of these
views in an unique framework, drawing a more complete cell model. We will here go
through different network integration methods and outline their respective benefits.

14.1. Network fusion to combine partial molecular views

Complementary networks can exist to describe distinct aspects of complex systems. For
example, in biology, it is often considered that the gene expression, protein abundance, or
DNA accessibility measurements provide all partial and non-redundant information to
describe a cell's fate. Sometimes, the same network can also be inferred from several data
types (e.g., extracting PPIs from text mining and from crystallography) that both have
partial coverage or important noise. To leverage their complementarity while applying
“traditional” network analysis, different methods propose to aggregate these networks
into a consensus network. This aggregation is sometimes done intuitively (e.g., keep only
the shared interactions between a data-driven network and a literature-based one, or
between two patient-specific networks), which can lead to the discarding of relevant
information.

Recently, several methods have been proposed to define a consensus network from N
independent networks sharing the same set of nodes'®*™ Among them, similarity
network fusion (SNF) has been widely applied in biology. While it was initially thought to
identify groups of patients sharing similarities across several networks (e.g., built from
different omics measurements), different works have used it to identify consensus
feature-networks. It has notably been applied for building consensus co-expression

networks™* and protein-protein similarity networks™”>.

While SNF and similar methods are useful to leverage the complementary information of
multiple networks, they require them to share a similar set of nodes (e.g., map protein and
DNA regions both to gene names). Moreover, it usually assumes that the edge weights are
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comparable between networks, which depends on the algorithm chosen to build the
independent networks.

1.4.2. The flaws of single layer networks

In social sciences, relationships between individuals can be of different nature and roles
(e.g., family, friends, co-workers). Looking at only one of them could not describe the true
affinities that organise human societies. Because of the relationships heterogeneity,
merging them into a singular network is also challenging (e.g., some can be directed and
others indirected, some can evolve through times while others are more stable). To
describe those networks, sociologists in the mid-20th century developed the notion of
multiplexed interactions™*"'. Instead of merging all social relationships into one network,
each type of relationship is stored in multiple independent networks (or a multiplexed
network). Communities can be identified from each of the networks (or layers), and
integrated a posteriori through different rules. Notably, this allowed more accurate
prediction of the evolution of people’s ties over time, taking into account the rule of each
type of relationship™’. The overall ties between people depend on the strength of each
type of relationship, but these strengths might not be comparable between different types
of interactions. The relative importance of each interaction type might also depend on
society’s values (e.g., importance of work or nuclear family). Keeping all networks
separated addresses both of these limitations.

More recently, multiplex networks™® (and generalized frameworks such as multilayer

network™), have been formally defined to describe these ensembles of networks.
Nowadays, it is a concept widely used in physics, social sciences and biology.

1.4.3. Multilayer networks

We will go briefly through the mathematical definitions of multilayer networks, which will
be used for the works presented in Chapter 2 and Chapter 4.

1.4.3.1. Multilayer networks (MLN)

Multilayer networks (MLN) are structures composed of several “elementary layers” of
graphs. They contain a set VV of nodes, which can all be represented several timesin a set L
of layers that will organise the different types of interactions. Each elementary layerm € L
thus contains a subset of node-layer tuples Vm C V x {m}, or node representations. The

node representation from each layer can then be connected to any node representation of
any layer. We can then list the edge internal to a layer E cV XV and the inter-layer

edges E(m SV xV forany (m,n) € L X L, m # n. While most of the time, they are

n)
treated differently, we can still annotate them altogether as E. We can thus define a

multilayer network G such as G = (VM, E, V, L), with V,= U (Vm) as the union of

meL
node-layer representations. Finally, layers can be treated as a group of layers, indicating

38



Chapter 1| Introduction

shared meaning as in Figure 1.8. (e.g., elementary layers defined on input data category,
layers defined on time-points).

In cases where only identical nodes are connected through inter-layer edges, the
multilayer network is called a multiplex network.
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Figure 1.8. Example of a multilayer network. The network has 4 layers (L) which all contain a
representation subset (Vm) of the same set of 6 nodes (V). Layers sharing similar meanings are

symbolized by brackets (e.g., time snapshot, type of interactions). Continuous lines indicate
intra-layer edges and dashed lines indicate inter-layer edges. In yellow, all representations of the
same node are indicated, to illustrate its presence in all layers.

1.4.3.2. Heterogeneous multilayer networks (HMLN)

Heterogeneous multilayer networks (HMLN) can be defined as a subset of multilayer
networks, where no nodes are shared between groups of layers. However, each group of
layers can still be composed of layers sharing the same nodes, depending on the
definitions. They are particularly useful in integrating distinct types of nodes with their
own interaction mechanisms, such as protein, gene, drugs, diseases, or symptoms in
biology. Since the nodes are different, the edges are also heterogeneous and have different
meanings (e.g., gene causing a disease, drugs binding a protein). They can additionally
follow different attributes : the links from the layer m to the layer n can be directed and
weighted, while the links from the layer n to the layer m might be undirected and
unweighted.
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Figure 1.9. Example of a heterogeneous multilayer network. The network has 4 layers (L),
divided in two groups which contain non-overlapping sets of nodes - proteins versus genes.
Continuous lines indicate intra-layer edges and dashed lines indicate inter-layer edges. All the
representations of a protein (in yellow) and of a gene (in red) illustrate their presence in a distinct
group of layers.

Several works leverage HMLN to uncover links and communities between various types of
biological molecules and categories'> ™, This structure will also be used in the
methodologies of both Chapter 2 and Chapter 4.

1.4.3.3. Multilayer networks exploration

MLN and HMLN propose a complex structure containing many nodes and interaction types
at once. In contrast to SNF or methods that would simplify the network structure,
suppressing intermediary nodes, this method leverages the importance of multiple paths
and intermediary nodes, explaining the proximity between nodes.

All classical network metrics, such as node degree, can be adapted to MLN. The simplest
way to define it across the whole network consists of layer aggregation. It could be
equivalent to summing the degree di of each node i representation (i, m), m € L, then

subtracting the links in-between node representations to not count them twice (i.e. not
countn » m andm — n) (see 1.1).

d=%d, — 3

,m
meL ) mneL, n<m

1{(i,m) -(,n)} (1.1)

Additionally, the definitions of paths and walks can be adapted from single-layer networks.
The main fundamental modification concerns the interpretation of changing or staying
inside a layer. Indeed, one could assign a penalty or weight y toany (m,n) €L XL

transitions between any layers m and n, such as (m, n) € L X L.In MultiXrank'*®, authors
defined a random walk with restart algorithm for any type of MLN, and used a transition
matrix with jumping probabilities for each pair of layers.
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1.4.4, Heterogeneous multilayer networks for biological interactions

Molecular interactions in cells include both unidirected co-operation and directed
regulations between different sets of molecules. Single-layer networks offer limited
options to integrate all the heterogeneous interactions behind tissue and cellular
molecular mechanisms.

1.4.4.1. The importance of complex networks

“All models are wrong but some are useful”. One may still question the interest in
complexifying network representation of cellular processes. As presented earlier, life
emerges from co-operation between molecules. These molecules can also be involved in
several functions themselves (e.g., give an example). In most interventional cellular
biology and medicine, the aim is to selectively modify the intensity of one function,
conserving the overall stability of the system. For example, it may be desirable to enhance
the production of a specific protein (e.g., inflammatory cytokines by immune cells),
without altering their metabolism and survival rate. Conserving more interactions and
molecular layers allows to picture more accurately the possible adverse consequences on
a system of any molecular perturbation.

With the increase of interventional methods and their specificity (e.g., design of protein
ligands, inhibiting mi-RNA, CRISPR- KO), new options emerge to development of
patient-specific treatment. It is becoming particularly useful to find the best target across
omics for each disease treatment development.

1.4.4.2. Overcome sparsity in prior knowledge and data

On HMLN, walkers and distances can be computed using different cross-layer paths. It
offers an interesting set-up to overcome the high sparsity in some groups of edges. For
example, in the context of inferring TF-TF interactions, evidence about the TF A and TF B
dimerization might not be available. However, if both are observed to bind the same DNA
regions, this co-binding serves as a strong indicator of potential dimerization. By
representing DNA regions as nodes in another layer, it is possible to establish an indirect
link through co-bound regions from one TF to the other. Similarly, for drug-protein
interactions, using PPIs or protein functional relationships can still identify the impacted
protein through alternative paths.

1.4.4.3. Modeling the complexity of gene regulation

Gene regulation and GRN reconstruction are interesting examples of inter-modal
molecular interactions integration, for which we developed a HMLN framework in Chapter
2.

Since TF - DNA motif binding information is available, GRNs are often summarized as TF -
DNA region - gene triplets. A TF binds a DNA region, which can impact a gene transcription
rate through the DNA region - TSS proximity. It allows straightforward modeling where
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gene expression depends only on the region accessibility and the TF presence. As a
network representation, this is captured by directed edges from TFs to DNA regions, and
from DNA regions to genes.

However, many co-operations that are essential in modeling the true process of gene
regulation are ignored. Notably, it does not consider 1) TF -TF interactions, necessary to
explain some TFs binding on the DNA, and 2) the DNA-DNA interactions through DNA
folding, explaining the importance of many cis-regulatory DNA regions. Some methods,
such as CellOracle, use prior knowledge on promoter-enhancer interactions. But
ultimately, it only keeps a set of regulatory regions undifferentiated, which are all directly
linked to TFs (i.e. instead of considering triplets - TF-enhancer-promoter). Ultimately, the
single-layer network output cannot differentiate these indirect paths from the direct
binding on promoters.

In contrast, the HMLN framework avoids suppressing or transforming these edges,
providing more complete GRNSs.

Contribution of this thesis

The main contribution of this thesis is the development of HMLN frameworks for predicting
molecular mechanisms from single-cell data. These methods integrate different omics data
(Chapter 2) and combine both intra- and inter-cellular interactions (Chapter 4) to identify
effects and drivers of molecular perturbations across cells and tissues.

Additionally, Chapter 2 introduces a package inferring cis-regulatory DNA region networks,
along with some insights about the data preprocessing effect on the predictions.

Main chapters
Model the molecular mechanisms of a cell - HUMMuS

Cellular behaviors emerge from a complex network of molecular interactions. Since the
development of single-cell data, numerous methods have been proposed to describe cell
complex interplay through gene regulatory networks. However, these methods ignore
many types of interactions playing key roles in gene transcription. Chapter 2 proposes a
new representation of gene regulatory mechanisms through a heterogeneous multilayer
network (HMLN).

Briefly, Chapter 2 integrates the several molecular layers, which contain intra-omics
co-operation. Each layer can be inferred from single-cell data (e.g., DNA region layer, gene
layer) or prior knowledge (e.g., TF dimerization layer). Layers are connected through
inter-omics regulations, such as DNA binding and enhancer-gene effects. Once the HMLN is
obtained, it can be explored by random walk with restart to obtain pair-wise scores. These
scores can summarize different mechanisms and provide outputs adapted to one’s
purpose, such as a TF-gene network or DNA region-gene network.
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Improve the inference of cis-regulatory DNA interactions - CIRCE

During the development of HuMMuS, different computational challenges emerged due to
the size of the single-cell datasets. One of the main limitations is the inference of DNA
regions network from single-cell ATAC-seq, which typically contains several million
connections. The state-of-the-art method, Cicero, an R package developed in 2018, has
been our choice during HUMMuS development. However, it was significantly slowing the
network construction while challenging memory usage. As a result, Chapter 3 presents a
new implementation of Cicero’s algorithm® in Python, which optimizes the inference of
DNA regions networks.

Chapter 3 introduces both the package CIRCE and a short comparison of different data
preprocessing methods. In short, it first updates the strategy of Cicero to compute
pseudocells, then infers a network by covariance followed by a graphical lasso correction
to sparsify the obtained network. Additionally, the impact of both CIRCE’s and Cicero’s
preprocessing strategies, as well as of data binarization, which is often used in scCATAC-seq
data preparation, is explored in this Chapter.

Reconstruct molecular programs across cell types - ReCoN

Multicellular behaviors require the coordination of distinct specialized cell types. This
coordination involves the exchange of signals in-between cells, also called cell
communication. As a consequence, the perturbation of one cell affects neighbouring cells.
Reciprocally, the environment and surrounding cells influence a cell’s response. Modeling
these effects is a crucial step for the understanding of complex diseases with systemic
effects. Considering them will help design more specific treatments, either leveraging cell
communication to exploit intercellular regulatory mechanisms (e.g., immuno-therapy) or
limiting it to reduce adverse effects (e.g., in the context of chemo-therapy). Chapter 4
introduces ReCoN, a method to understand, at the molecular scale, the coordination of
cells in response to external and internal perturbations.

Chapter 4 proposes to assemble a HMLN composed of several smaller cell type HMLN. The
complete structure allows modeling the effect of different perturbations. It defines direct
effect of a perturbation as its effect through direct receptor-binding signal translation, and
indirect effect as the effects mediated by surrounding cell types, themselves reacting to the
perturbation by emitting secondary messengers. It demonstrates the importance of the
indirect effect in predicting the perturbation response of multiple cell types, which is often
neglected compared to the direct effect.

1.5.2. Software contributions

The different developments in this thesis led to open-source python and R packages:

- The HuMMusS package, developed for Chapter 2, enables to build heterogeneous
multilayer networks from single-cell omics data and to predict regulatory scores
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through random walk with restart (RWR). The backend code of HUMMuS runs
through Python (hummuspy) but is called through R. While designed for single-cell
RNA-seq and single-cell ATAC-seq data mostly, users can integrate any additional
omics of interest.

https://github.com/cantinilab/hummus R

- The CIRCE package, developed for Chapter 3, enables the computation of
co-accessibility scores between DNA regions from single-cell ATAC data. CIRCE is
based on Cicero’s algorithm®, uses the skggm'®* implementation of graphical lasso
(in C++ and cython) and is implemented for CPU parallelisation.

https://qithub.com/cantinilab/circe P

- The ReCoN package, developed for Chapter 4, enables building heterogeneous
multilayer networks for molecular interaction across multiple cell types. Similarly
to HuUMMuS, it takes single-cell data as input and runs RWR to compute the
molecular regulatory scores. When considering external molecules, ReCoN allows
to weigh the contribution of direct effect (through direct receptor binding) and
indirect effects (through secondary messenger of intermediary cell types).

https://qithub.com/cantinilab/recon P

1.5.3. List of publications

1.5.3.1. Journal articles
Published
Chapter 2] Trimbour R., Deutschmann I. M. & Cantini L. 2023. Molecular mechanisms

reconstruction from single-cell multi-omics data with HuMMus. Bioinformatics, 2024.
https://doi.org/10.1093/bioinformatics/btae143

Badia-i-Mompel P., Wessels L., Miiller-Dott S., Trimbour R., Ramirez Flores O. R., Argelaguet R. &
Saez-Rodriguez J. 2023. Gene Regulatory Network inference in the era of single-cell multiomics.
Nature Review Genetics 24, 739-754 (2023).
https://doi.org/10.1038/s41576-023-00618-5

Preprints

Badia-i-Mompel P.,, Casals-Franch R., Wessels L., Mlller-Dott S., Trimbour R., Yang Y., Ramirez Flores
0. R. & Saez-Rodriguez J. 2024. Comparison and evaluation of methods to infer gene regulatory
networks from multimodal single-cell data. bioRxiv, 2024.12. 20.629764

44



Chapter 1| Introduction

https://doi.org/10.1101/2024.12.20.629764

Manuscripts in preparation

[Chapter 3] Trimbour R. & Cantini L. CIRCE: a fast and scalable python package to predict
cis-regulatory DNA interactions from single-cell chromatin accessibility data. (expected in 2025)

[Chapter 4] Trimbour R., Ramirez Flores R. O., Saez-Rodriguez J., Cantini L. ReCoN reconstructs the
molecular mechanisms coordinating multicellular programs. (expected in 2025)

1.5.3.2. Presentations

Oral presentations

Scientific Days (Ecole de I'Inserm - L Bettencourt) ..................... Montpellier, December 2024
ECCB (International Society for Computational Biology) .................... Turku, September 2024
Jounée Boris Ephrussi (Sorbonne University) . ........c.ouiui i iianeann.. Paris, Mai 2024
Computational biology Dept. Day (Pasteur Institute) .............ccovivieon... Paris, March 2024
Scientific Days (Ecole de I'Inserm - L Bettencourt) ..................... Strasbourg, December 2023
Posters

BC? 2023 (Swiss Institute of Bioinformatics) . ......oovviriie i, Bale, September 2023
Journée Boris Ephrusi (Sorbonne University) .. ..... ..ot aieaiaieanann. Paris, Mai 2023
Computational biology Dept. Day (Pasteur Institute) ............cccoeviue... Paris, December 2022

45


https://doi.org/10.1101/2024.12.20.629764

Chapter 2 | Molecular mechanisms reconstruction from single-cell multi-omics data with HuMMuS

Chapter 2

Intracellular molecular mechanisms reconstruction from

single-cell multi-omics data with HuMMusS

Abstract

The molecular identity of a cell results from a complex interplay between heterogeneous
molecular layers. Recent advances in single-cell sequencing technologies have opened the
possibility to measure such molecular layers of regulation.

Here, we present HUMMuS, a new method for inferring regulatory mechanisms from
single-cell multi-omics data. Differently from the state-of-the-art, HuMMuS captures
cooperation between biological macromolecules and can easily include additional layers
of molecular regulation. We benchmarked HuMMuS with respect to the state-of-the-art on
both paired and unpaired multi-omics datasets. Our results proved the improvements
provided by HuUMMuS in terms of transcription factor (TF) targets, TF binding motifs, and
regulatory regions prediction. Finally, once applied to snmC-seq, scATAC-seq, and
scRNA-seq data from mouse brain cortex, HuMMuS enabled to accurately cluster scRNA
profiles and to identify potential driver TFs.

HuMMusS is available at https://github.com/cantinilab/HuMMus.

The content of this chapter was published as a journal article.

Rémi Trimbour, Ina Maria Deutschmann, Laura Cantini, Molecular mechanisms
reconstruction from single-cell multi-omics data with HuMMusS, Bioinformatics, March 2024,
https://doi.org/10.1093/bicinformatics/btae143
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Introduction

Cells within a multicellular organism are remarkably heterogeneous, spanning many
different molecular identities'®. The molecular identity of a cell is the result of a complex
interplay among different layers of molecular regulation, all of which can vary because of
intrinsic and extrinsic factors. Recent advances in single-cell sequencing technologies have
opened the possibility to measure such molecular layers of regulation, a.k.a. omics, at the
resolution of the single cell. Examples of omics data currently accessible at single-cell
resolution are chromatin accessibility (scATAC), methylation (snmC), expression
(scRNA)'*****_In addition, sequencing technologies providing the joint profiling of multiple
single-cell omics from the same cell have been developed*'****". Examples of them are
10xGenomics Multiome platform, jointly profiling transcriptome and chromatin
accessibility from the same cell, and CITE-seq, simultaneously quantifying cell surface
proteins and transcriptome within a single cell®. All these data provide the unprecedented
opportunity to reveal how different molecular layers interact through complex regulatory
mechanisms to define cell identity.

Several methods, co-analysing single-cell omics data to elucidate the regulatory
mechanisms that encode cellular identities, have been recently developed™**®**™, The
output of these methods are Gene Regulatory Networks (GRNs), corresponding to graphs
linking transcription factors (TFs) with their inferred target genes and/or peaks>*'"'", The
GRNs are obtained by all methods performing TF-peak-gene associations based on
binding motif databases [e.g. JASPAR'™], then filtered through scRNA and scATAC data
analysis. All these methods ignore intra-omics cooperation between biological
macromolecules, which is crucial in biology. Indeed, TFs can cooperate in the regulation of
gene expression by forming dimers and multiple DNA regions can co-regulate the
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expression of the same gene. In addition, state-of-the-art methods only consider TF-gene
interactions present in binding motif databases and miss all those interactions that are not
reported there. Furthermore, all these methods infer GRNs by integrating scRNA and
SCATAC data, thus ignoring all other complementary layers of molecular regulation (e.g.
methylation, proteome). Finally, many methods require either paired data, or perform cell
pairing before GRN inference”'*®***>'"!, This is a major limitation, as paired single-cell
multi-omics data are still rare and performing cell pairing in dataset profiled from different
cells forces a decrease in the size of one of the two datasets thus reducing the richness of
its information content.

Here, we introduce HeterogeneoUs Multilayers for MUlti-omics Single-cell data (HuMMuS),
a flexible tool based on Heterogeneous Multilayer Networks (HMLNs) to reconstruct
regulatory mechanisms from multiple single-cell omics data. HUMMuS considers not only
inter-omics interactions (e.g. peak-gene, TF-peak), as done by the state-of-the-art, but also
intra-omics ones (e.g. peak-peak, gene-gene, TF-TF) thus allowing to capture cooperation
between biological macromolecules. This inclusion of intra-omics interactions allows
HuMMusS to explore new TF-gene interactions not present in binding motif databases. In
addition, HUMMuS is a flexible framework that can be used both for paired and unpaired
single-cell multi-omics data or easily extended to deal with additional omics data, thus not
limiting the regulatory mechanisms analysis to only scRNA and scATAC, as it is currently
done in the state-of-the-art.

We extensively benchmarked HuMMuS with respect to the state-of-the-art on four
independent datasets of scRNA and scATAC. This benchmarking included the prediction of
TF targets, TF binding regions, regulatory regions, and the association of its communities
with known biological processes. Finally, by applying HuMMuS to unpaired scRNA, scATAC,
and snmC data from mouse cortex, we showed that its GRN allows to accurately cluster
scRNA profiles and to identify regulators relevant to mouse brain cortex.

HuMMusS is available at https://github.com/cantinilab/HuMMuS as R package, together
with a tutorial for its usage.

2.2. Materials and Methods

2.2.1. HuMMuS a new tool for molecular mechanisms reconstruction from
single-cell multi-omics data

We developed HeterogeneoUs Multilayers for MUlti-omics Single-cell data (HuMMuS), a
new tool for regulatory mechanisms inference from single-cell multi-omics data (Eigure
2.1, https://github.com/cantinilab/HuMMusS).
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Figure 2.1. Schematic view of HuMMuS workflow.

HuMMusS is based on Heterogeneous Multilayer Networks (HMLNs). A HMLN is a network
M = (Vm, Em, L), m = 1, .., M, composed of M layers, each of them containing different

nodes Vm and different intra-layer links Em c Vm X Vm. Nodes of different layers are

connected by inter-layers links encoded in L', As summarized in Figure 2.1, we
reconstruct HMLNs composed of three layers: The TF layer, containing unlinked TFs, the
SCATAC layer containing peak co-accessibility information inferred from scATAC data and
the scRNA layer encoding transcriptional regulation inferred from scRNA data. TF
interactions were not considered here to compare HuMMusS fairly with respect to the
state-of-the-art. An additional version of HuMMusS, called HUMMuS+TF, is also considered
in the following to test the effect of TF-TF links on the performances. For all details on the
layers’ construction see Supplementary Text. Of note, we here focused on this combination
of omics data to not advantage HUMMuS by the additional information provided by other
single-cell omics data. However, as the HMLN structure is flexible, HUMMuS can easily
integrate other single-cell omics data, such as methylation (snmC) or Hi-C data, and
additional information on known interactions, such as Protein-Protein interactions in the
TF layer to capture TFs cooperativity. Once the HMLN is constructed, HUMMuS uses
Random Walks with Restart (RWR)** to mine the HMLN and extract different outputs: (i) the
prediction of the targets of a TF, based on RWRs starting from each TF in the TF layer and
exploring the full network until the scRNA layer; (ii) the prediction of the peaks bound by a
given TF, based on RWRs starting from each TF in the TF layer and exploring the scATAC
layer; (iii) the prediction of the regulatory regions (proximal and distal enhancers)
associated to a given gene, based on RWRs starting in each gene of the scRNA layer and
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exploring the scATAC layer; (iv) the reconstruction of Gene Regulatory Networks (GRNs),
based on RWRs starting in each gene of the scRNA layer and exploring the full network until
the TF layer; (v) the extraction of communities in the GRN, reflecting tightly connected
macromolecules in the HMLN frequently involved in the regulation of the same biological
process or pathway™. Of note, both the prediction of TF targets (output i) and the
reconstruction of the GRNs (output iv), in principle lead to a TF-gene network. The choice
of reconstructing GRNs by exploring the HMLN from genes to TFs is justified by the need of
having a competition among different TFs in the regulation of a gene, as done in most of
the GRN inference approaches® %1711 Qn the contrary, when predicting the targets of
a TF, we want to treat each TF independently from the others and make genes compete
among themselves.

For this reason, we obtain the output (i) by exploring the HMLN from TFs to genes. See
Supplementary Table S1 and Supplementary Figure S1 for a computational comparison
between the two approaches and methods for all details on the parameter choice for the
RWR and the possible outputs.

Thanks to the use of a HMLN structure, HuMMuS has multiple advantages with respect to
the state-of-the-art. First, it captures not only inter-omics interaction (e.g. peak-gene,
TF-peak), as done by the state-of-the-art, but also intra-omics ones (e.g. peak-peak,
gene-gene, TF-TF). This allows HuMMuS to capture cooperation between biological
macromolecules and use it to predict, e.g. TF-gene interactions not present in binding
motifs databases. In addition, HuMMuS is a flexible framework, that can be used both for
paired and unpaired single-cell multi-omics data or easily extended to deal with additional
omics data, thus not limiting the regulatory mechanisms analysis to only scRNA and
SCATAC, as it is currently done in the state-of-the-art.

In the following we extensively benchmark HuMMuS against SCENIC+, CellOracle and
Pando’®, being the most famous published works in the field. Interestingly, CellOracle is
the only existing method considering some cooperation at the peaks level. In addition, we
included GENIE3® in the benchmark as a baseline for performances when considering
ScRNA alone. All the benchmarking is performed on four test cases (see Supplementary
Text and Supplementary Table S2): two datasets (called in the following Chen and Liu) of
human Embryonic Stem Cells (hESCs), jointly profiled for scRNA and scATAC (i.e. paired
data), and two unpaired scRNA and scATAC datasets of mouse Embryonic Stem Cells
(MESCs) (called in the following Duren and Semrau). For details on HuMMuS layers
structure in these four datasets see Supplementary Table S3. Of note, in Duren and
Semrau, being the data unpaired, the scRNA and scATAC information has been profiled
from different cells all extracted from mESCs. These last two test cases thus allow to test
the impact of cell pairing on the performances of the different methods. The choice of
these four test cases is justified by the availability of ChIP-seq and TF perturbation
experiments in hESCs and mESCs from McCalla et al. (2023)'"%. This additional data,
already used in benchmarking works'”, allows indeed to build good ground truths for the
different tests presented in the following sections.
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Results

HuMMusS outperforms the state-of-the-art in TF target prediction

We first focused on benchmarking HUMMuS with respect to the state-of-the-art based on
the quality of its TF targets predictions. This analysis has been performed on the four test
cases presented above, corresponding to scRNA and scATAC profiling of hESCs and mESCs.
As ground truth of the TF-targets interactions we used the intersection between ChiIP-seq
and TF perturbations experiments, as done in McCalla et al. (2023)'"%. This choice
represents indeed the best estimation of TF targets we can get for real data, as it assures
the presence of a binding site for the TF on the promoter of the target gene and, at the
same time, a downregulation of the target gene once the TF is knocked down/out.

As described in Figure 2.2a, in each of the four test cases, HUMMuS and the other
state-of-art algorithms have been independently applied, a ranking of putative targets for
each TF is then identified and compared with the ground truth described above. The
ranking of putative gene targets for a TF is obtained for the state-of-the art methods as the
list of genes linked to the TF. The genes are ordered according to the weight of their links.
For HUMMuS instead, we perform a Random Walk with Restart (RWR) starting from each TF
and going across all the HMLN, thus obtaining a ranking of putative target genes based on
their closeness to the TF. The overlap for all methods with the ground truth is then
analyzed when cutting the ranking at different levels (3, 5, 10, 15, 20, 30, 40, 50, 75, 100).
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Figure 2.2. Transcription Factor (TF) targets prediction benchmarking. A) schematic view of the
performed benchmarking. B) average number of correctly predicted targets per TF. C) number of
TFs having a significant amount of correctly predicted targets (Fisher’s exact test P-value <0.05). In
(B and C) results for different methods are provided: HuMMuS +TF, HuMMusS, SCENIC+, Pando,
CellOracle, GENIE3, and random.

As shown in Figure 2.2B, HuMMuS outperforms the state-of-the-art in all the four tested
datasets at every threshold, except when focusing on the very top of the ranking (3-5 first
inferred TF-gene links), where SCENIC+ shows better performances. In addition, the
performances of HuMMuS get further improved once including TF-TF interactions in the
network (HUMMuS+TF). In Semrau the results of state-of-the-art methods are close to
random, here represented with a black curve. Of note, even when pairing the cells in the
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two unpaired datasets, the performances observed for HUMMuS are not affected (see
Supplementary Figure S2). To then test whether the observed performances were driven
by a subgroup of TFs or consistent for a high number of them, we computed the number of
TFs having a significant number of targets in their top predicted targets (see
Supplementary Text for details). As shown in Figure 2.2C, overall, all methods get few TFs
with a significant amount of correctly predicted targets. In this test too, HUMMuS gets the
best performances in three out of four test cases. Taken together these two results suggest
a high potential for HuMMuS in TF targets prediction.

2.3.2. HuMMuS outperforms the state-of-the-art in regulatory region
identification

We then benchmarked HUMMuS with respect to the state-of-the-art based on known
regulatory regions identification. This benchmark was realized in two steps: first, the
ability to predict the peaks bound by a TF is tested; then, the quality of the regulatory
regions (proximal and distal enhancers) predicted for each gene is evaluated. As GENIE3
does not provide any information on regulatory regions, it was excluded from this part of
the benchmarking.

As shown in Figure 2.3A, to test the quality of the peaks associated with a TF, in HuMMuS
we used RWRs from each TF as a proxy of the compatibility between a TF and peaks and
filtered the obtained peak ranking at different levels (100%, 80%, 60%, 20%). For SCENIC+,
CellOracle and Pando instead, we considered the peaks retained by the model as
associated with each TF (see Supplementary Text for details). In CellOracle different peak
co-accessibility correlation thresholds have been considered 0.05, 0.2, and 0.8, with the
last being the default threshold. We finally compared the predictions obtained by the
various methods with the ground-truth composed of ChIP-seq experiments results on the
biological system under analysis (mESCs and hESCs) from Hammal et al. (2022)"".
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Figure 2.3. Regulatory regions benchmarking. A) schematlc view of the benchmarkmg performed
for TF-peak associations. B) F1 score of the intersection between the ground-truth TF-peak
associations and those inferred by Pando, CellOracle, SCENIC+ and HUMMusS; the 100%, 80%, 60%,
20% thresholds of HUMMuS correspond to the number of nodes retained from the predictions. For
CellOracle instead, 0.05, 0.2, and 0.8 correspond to the correlation thresholds of the model, with 0.8
being the default one. C) schematic view of the benchmarking performed for gene-peak
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associations. D) F1 score of the intersection between the ground-truth gene-peak associations and
those inferred by CellOracle, SCENIC+ and HuMMuS. In (B, D) results for different methods are
provided: HuMMuS, SCENIC+, Pando, CellOracle. The thresholds are the same as those of panel (B).

See Supplementary Text for further details on the analysis.

Overall, as shown in Supplementary Figure S3A, HuMMuS identifies more peaks associated
with a TF than alternative methods. This result is not surprising as, differently from the
state-of-the-art, HUMMuS leverages all the peak layer without constraints neither on
genomic windows nor on known TF motifs. This choice of considering TF-peak interactions
outside of TF binding motif databases allows to include interactions that are missing in
such databases and situations where, due to cooperation between TFs (e.g. condensates),
there is a modification in the binding region'®'"". More interestingly, as shown in Figure
2.3B, once checking the quality of the identified TF-peak associations based on F1 score,
HuMMuS outperforms the state-of-the-art in three out of four datasets and it performs
comparably to CellOracle in the fourth dataset. Regarding the percentage of true positives
(Supplementary Figure S3B), HuMMuS and CellOracle are among the best performing
methods in three out of four datasets, once focusing on comparable numbers of tested
predictions (1%-10% filtering of HuMMuS). On the other hand, SCENIC+ is among the best
performing methods in only one dataset out of four. Overall, these results suggest that
considering peak co-accessibility favorably helps reconstruction of TF-peak interactions.

We then focused on the regulatory regions associated with each gene. As shown in Figure
2.3C, in HuMMusS, peaks are ranked based on the RWR starting from the gene. For
CellOracle and SCENIC+ instead, the model directly provides a set of peaks associated with
a gene. Regarding thresholding, HuMMuS and SCENIC+ were filtered to have a comparable
number of predictions (see Supplementary Text), while CellOracle was filtered with
different correlation thresholds: 0.05, 0.2, and 0.8, with the last being the default one. The
obtained predictions were finally compared with a ground truth composed of
gene-regulatory regions associations available from different databases'®'**. For all
details on the analysis, see Supplementary Text. GENIE3 and Pando have been excluded
from this analysis as they did not provide an output allowing for this type of evaluation.

As shown in Supplementary Figure S4A, overall HUMMuS gets more enhancers associated
with each gene. Again, this result is not surprising given that the intrinsic structure of
HuMMuS allows it to predict new peak-gene associations, without genomic window
constraints. In addition, as shown in Figure 2.3D HuMMuS and SCENIC+ comparably
overperform CellOracle. Same results apply when considering the percentage of true
positives (Supplementary Figure S4B). Overall, the obtained results indicate that the
enhancers predicted by HUMMuS and SCENIC+ tend to more frequently reflect known
ones.

Taken together these two results suggest that HuUMMuS can powerfully predict regulatory
regions associated with TFs or genes. Also in this case, the results observed for HuMMuS in
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the two unpaired data (Duren and Semrau) are not affected by cell pairing (Supplementary
Figure S5).

2.3.3. HuMMusS outperforms the state-of-the-art in the biological relevance of its
gene communities

We benchmarked HUMMuS with respect to the state-of-the-art based on the biological
relevance of their gene communities. Indeed, gene communities in biological graphs have
been previously shown to frequently reflect known pathways and biological
processes’>'#1%,

As shown in Figure 2.4A, the Louvain algorithm® was applied to the HuMMuS GRN and to
those of the state-of-the-art and the biological relevance of the obtained communities was
evaluated based on the percentage of communities enriched in pathways [KEGG"***" and
REACTOME'®] and Gene Ontologies'®*'®. Before running community detection, as most of
the GRNs are highly dense (density > 0.8 in half of networks see Supplementary Table S4), a
filtering was applied to the links to make all networks equally dense. Regarding the
community detection, as the Louvain algorithm depends on the resolution parameter, we
here run it with resolution varying in the range 0-2 and choose for each method the
resolution giving best performances and a reasonable number of communities (=10). See
Supplementary Text for details on the analysis, Supplementary Table S5 for performances
across different resolution values.
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Figure 2.4. Community detection benchmarking. A) Schematic view of the benchmarking
performed for community detection. B) Heatmaps of the percentage of enriched communities in
each benchmarked method across the five biological databases. The values reported in the table
correspond to the percentage of enriched communities, while those in parentheses are the actual
number of enriched communities.

Figure 2.4B shows the results of the comparison. Regarding the number of enriched
communities, all methods vary in a range of 5-31 communities, depending on the test case
and the database under analysis. Concerning the enrichment in pathways and Gene
Ontologies, in three out of four test cases (Liu, Duren, and Semrau), HUMMuS gets the
highest percentage of enriched communities in most of the databases. Interestingly, in two
out of these three datasets HuMMuS performances get even better once including TF-TF
links (see HUMMuS + TF in Figure 2.4B. In the remaining test case (Chen), CellOracle gets
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better results. Of note, no evident correlation emerges between the number of identified
communities and the performances of the different methods (see Supplementary Table
S5).

2.3.4. HuMMus is robust to unbalanced cell type proportions across omics

Most of the state-of-the-art methods for GRN inference in single-cell multi-omics data
require paired data. This requirement is due, on one side, to the use of regression models
to infer the interactions, which intrinsically requires paired data, and, on the other side, to
the fact that different cell type proportions might impact GRN inference. As HUMMuS is
here proposed as a tool that can deal with unpaired data, we evaluated its robustness with
respect to unbalanced cell type proportions across omics. For this we employed scRNA™*
and scATAC™? data profiled from mouse cortical neurons. We only considered three cell
populations: MGE, Layer 2/3 and Layer 6; corresponding to a total of 1143 cells. We then
tested four scenarios (i) full datasets; (ii) half scRNA cells for Layer 2/3 and everything else
unaltered; (iii) half scATAC cells for Layer 6 and everything else unaltered, and (iv) half
ScRNA cells for Layer 2/3, half scATAC cells for Layer 6 and everything else unaltered. We
then used HuMMuS to construct GRNs for all the four scenarios and computed the
Spearman correlation between the full dataset (scenario 1) and all others. As shown in
Supplementary Figure S6, such correlations resulted to be 0.91-0.95, indicating a
robustness of HUMMuS to different cell type propositions across different omics, thus
making it particularly suitable for unpaired single-cell data.

Of note, as shown in Supplementary Figure S6, we do not observe the same robustness in
the individual layers (Spearman correlations of 0.66-0.68). Thus, further suggesting that
the use of RWRs helps to compensate for false and/or missing links in the single layers.

2.3.5. Challenging HUMMusS in mouse cortex profiled for scRNA, scATAC, and
snmC

We finally challenged HuUMMuS in the reconstruction of molecular mechanisms of the
mouse brain cortex. Differently from the state-of-the-art, here for the first time we take into
account three single-cell omics data: sScRNA™?, scATAC™?, and snmC'®. The data of size 55
803 cells in scRNA, 2317 cells in scATAC and 3386 cells in snmC are unpaired, obtained by
profiling mouse cortical neurons.

Following the HUMMuS pipeline, we reconstructed two HMLNs, one composed of four
layers (TF layer, scATAC layer, snmC layer, and scRNA layer; see Figure 2.5A and one
composed of three layers (TF layer, scATAC layer, and scRNA layer). The second HMLN is
intended to test the added value brought by methylation in the analysis. Then RWRs from
the scRNA layer have been used to extract a GRN composed of 637 regulons, each

corresponding to a TF and its associated genes ranked by the strength of association™.
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Figure 2.5. Challenging HUMMuS on scRNA, scATAC and snmC from mouse cortex. A) HMLN used in
HuMMusS to reconstruct regulatory mechanisms from scRNA, scATAC and snmC. B) UMAP plot
obtained from HuMMusS regulon activity. Cells are colored according to the labels present in their
original publication and in previous analyses******, C) Heatmap of activity for the top five TFs per
cell population. Colors are used to denote the type of validation available; arrows indicate TFs lost
once methylation is excluded from the analysis.

As a first observation, the activity of the obtained regulons, computed according to
Badia-i-Mompel et al. (2022)"** and Teschendorff and Wang (2020)**, is able to correctly
cluster the cells according to their area of origin in the mouse cortex (see Figure 2.5B). This
suggests that the regulons identified by HuMMuS can nicely recapitulate the known
heterogeneity present between the analyzed cells and already reported in Saunders et al.
(2018)*** and Cao and Gao (2022)"*. These conclusions apply with and without the
additional methylation layer (see Supplementary Figure S7A).

We then focused on the results obtained with HuMMuS when methylation is included in
the multilayer. We then validate in the literature the top five differentially active regulons
associated to each cell population (see Figure 2.5C, Supplementary Text for details). Of the
obtained 34 regulons, 76% of their TFs have an already reported association with either
neurons, cortex, or brain (see Supplementary Table S6). In particular, five of them (Esx1,
Pgr, Nr3C1, Smad1/5, Mnt) are reported in the Bgee database'* as expressed in the brain.
Nine of them Zfp711"’, Pou4f3'®, Mbd2'*°, Wt1*®, Olig3**, Dmrtc®**, MIxipl*®, Hoxal** are
documented in publications associating them with either brain or neurons and thirteen of
them [Tbx1/Tbx10*®, Rfx3*°%, Neurogl®®’, vdr*®, Pou4fl/Pou4f2*® Sebox™°, Setbp1?",
Pbx2/Pbx4*2, Maz****, Arntl*®, Mitf*°, Lef1*"’, Tcf712*'"] are reported in publications
specifically referring to the mouse cortex. Of note, four of these TFs were also already
documented to be associated to the specific region of the cortex where HuMMuS found
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them to be differentially active. This is the case for Rfx3 and Neurogl, that we find
associated with Layer 2/3 and that had been previously associated with this exact brain
region®?°2"28 |n addition, Lefl and Tcf1712 have been documented to be associated with
deep layers of the cortex and HuMMusS identifies them in layer 62",

Finally, HuMMuS suggests the possible regulatory role of MAZ in CGE-derived cortical
inhibitory interneurons. Through bibliographic research MAZ is documented to have a role
in neuronal stem cells differentiation and as potential regulator in Purkinje cells, a
GABAergic inhibitory neuron population®***, HuMMuS associates it to the Caudal
Ganglionic Eminence (CGE) region, producing a high proportion of cortical inhibitory
neurons (30%)**. In addition, in the top 10% of the 9341 inferred targets of MAZ, we can
find Cntnap3, DIx5, Sp9, DIx6, Nr2c2ap, DIx2, Arx, Grik3, all genes documented to be
differentially expressed in inhibitory interneurons in The Mouse Organogenesis Cell Atlas
(MOCA)*.

Once methylation is excluded, five TFs are lost: Zfp711 in Layer 2/3, Sebox and Pou4f3 in
Layer 5a, Dmrtc2 in Claustrum and KIf15 in MGE. Of note, Zfp711, Pou4f3 and Dmrtc2 had
been validated on existing literature to be neuron/brain specific, while Sebox had been
validated in the literature to be associated with Layer 5a neurons. The five regulons that
are lost once excluding methylation are replaced by the following TFs: Trp63 for Layer 2/3,
Myt1l and Olig3 for Layer 5a, Hoxb2 in Claustrum and Plagl in MGE. Of them, Olig3®®,
Plag1**', and Myt11*** have been previously associated with neurons/brain and Hoxb2?* is a
known marker of Claustrum. Altogether these results suggest that methylation has an
impact on the selection of the differentially active regulons associated to each cell
population. However, whether such an effect is an improvement or not, depends on the
cell population under analysis. Indeed, the selection of TFs in Layer 2/3 and Layer 5a
improves when methylation is considered, while for Claustrum and MGE the quality of the
regulons is higher when methylation is excluded.

2.4. Discussion

Cell identities result from the joint activity of different molecular layers of regulation.
These molecular layers can be measured nowadays thanks to single-cell sequencing
technologies, such as scRNA, scATAC, and snmC.

Different methods have been recently designed to reconstruct molecular mechanisms
from different single-cell omics data. Here we proposed HeterogeneoUs Multilayers for
MUlti-omics Single-cell data (HuMMusS), a flexible tool based on Heterogeneous Multilayer
Networks (HMLNSs) to reconstruct regulatory mechanisms from multiple single-cell omics
data. HUMMuS is found to have better performance than the state-of-the-art in the
prediction of TF targets, TF binding regions, regulatory regions and in the identification of
biologically relevant gene communities. Once applied to the integration of sScRNA, scATAC,
and snmC data profiled from mouse cortex, HUMMuS identified relevant regulatory
mechanisms.
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Overall, the main advantages of HUMMuS are the ability to capture intra-omics cooperation
between biological macromolecules and its flexibility, allowing to easily integrate
additional omics or prior information (e.g. pathway databases) and to work with both
paired and unpaired data.

For simplicity, we here only explored inter-layer links based on databases. However, such
links could be improved in concrete biological applications considering inter-layer links
derived from experimental evidence (e.g. resulting from ChIP-seq experiments instead of
generalist motif databases). In addition, further developments of HuMMuS could allow to
include additional single-cell data modalities, cell-cell interactions, and interactions from
knowledge-based databases (e.g. REACTOME, GO). Finally, we here focused on community
detection in GRNs to have a comparable output between HuMMuS and the current
state-of-the-art. However, HUMMuS could further include in the future methods for
community detection in HMLNs, thus allowing to detect cross-omics communities,
providing a better picture of the complex interactions driving some biological processes.
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Chapter 3

CIRCE: a scalable python package to predict cis-regulatory DNA

interactions from single-cell chromatin accessibility data

Abstract

Single-cell chromatin-accessibility assays now profile hundreds of thousands of cells,
challenging existing methods for mapping cis-regulatory interactions.

We present CIRCE, a fast and scalable python package predicting cis-regulatory DNA
interactions from single-cell chromatin-accessibility data. CIRCE re-implements the Cicero
workflow to analyse single-cell atlases, cutting runtime and memory use by several orders
of magnitude. We also provide new options to compute metacells, grouping similar cells to
reduce data sparsity.

We benchmarked CIRCE versus Cicero on two datasets, demonstrating the improvement
from CIRCE’s metacells’ strategy. With promoter capture Hi-C data, we also evaluated how
DNA interaction predictions are impacted by different preprocessings. The best
performance was obtained with the single-cell input data, and we observed a negative
impact of Cicero’s count normalization. Finally, we demonstrated the scalability of CIRCE
by processing a dataset of more than 700000 cells and 1 million DNA regions in less than an
hour.

Availability and reproducibility

CIRCE is released as an open-source software under the AGPL-3.0 license. The package
source code is available on GitHub at https://github.com/cantinilab/CIRCE, and
documented at https://github.com/cantinilab/CIRCE_.

The code to reproduce the presented results is available as a Snakemake pipeline at
https://github.com/cantinilab/circe reproducibility.

The contents of this chapter are under preparation for an article submission.
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Introduction

Cis-regulatory elements can regulate genes located hundreds of thousands of base pairs
away through DNA folding, which brings distal regulatory elements into close spatial
arrangement with the gene promoter region to facilitate interactions®**. The regulation of
gene expression results from complex and dynamic interaction between all these
regulatory regions.

Single-cell Assay for Transposase-Accessible Chromatin using sequencing (scATAC-seq) is a
powerful technique for studying chromatin accessibility in individual cells. The chromatin
accessibility profiles measured allow to understand the role of specific DNA elements, such
as enhancers, to define cell state heterogeneity and regulate gene expression'”.

While single-cell ATAC-seq provides insights into chromatin accessibility and potential
interactions with transcription factors and the transcriptional machinery, identifying
regulatory and interacting regions from chromatin accessibility remains challenging, as it
does not inform about DNA conformation.

Several methods took interest in this challenge and propose to infer gene - enhancer
connections from single-cell ATAC-seq data alone®***™, single-cell multi-omics data
810225226 or combining ATAC with other input data types, such as Hi-C data or DNA
sequences® ™, Among them, Cicero, an algorithm developed for analysing single-cell
ATAC-seq data®, has been widely adopted to uncover cis-regulatory DNA interactions and
gene regulatory mechanisms®*. Cicero aims to construct a global map of cis-regulatory
interactions considering the distance between regions and the technical effects in
measurements.
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Cicero was developed when single-cell datasets were relatively small and optimal
preprocessing strategies had not been well established. Cicero shows limited resource
usage performances when applied to very large high-resolution datasets produced
nowadays (e.g. hundred of thousands of cells)?***. Its single-cell preprocessing also relies
by default on a clustering of cells from UMAP/t-SNE spaces, which do not accurately
preserve distances between observations®****, Furthermore, Cicero is only available as an
R package and integrating it in a python workflow, in particular in the broadly used scverse
ecosystem, requires hybrid environments and additional effort.

To overcome these limitations, we here introduce CIRCE, a fast and scalable python
package to analyse single-cell ATAC datasets and atlases. We update metacells
computation strategy and preprocessing following recent literature guidelines. CIRCE
re-implements the algorithm proposed in ** and implemented in the R package Cicero
cole-trapnell-lab.github.io/cicero-release. CIRCE allows users to integrate cis-regulatory
network computation in scverse workflows™*, and considerably improves computational
resources usage for all sizes of datasets. CIRCE runs ~150 faster, allowing CPU
parallelisation, and uses significantly less memory.

We also provide some insights on the impact of input data preparation. Aggregating highly
similar cells into “metacells” can mitigate the sparsity and sampling noise inherent to
single-cell profiles such as scRNA-seq, allowing also to reduce dataset size”****". Because of
its extreme sparsity, scATAC is often analysed after metacells computation®?*. We
compared cis-regulatory interaction predictions from single-cell versus metacell inputs, as
well as binarized versus un-binarized counts. Using promoter capture Hi-C data, we
observed better predictions from CIRCE metacells than Cicero metacells. We however
show that using directly single-cell input data led to even better predictions despite their
higher sparsity. While metacells are particularly interesting to condensate information
from very large datasets, there could be a trade-off between resource usage and small
performance improvement. CIRCE offers both a better performing strategy for metacell
computation, and the capacity to use single-cell as input up to atlas-sized dataset by
greatly improving the processing speed and memory usage.

3.2. Implementation

3.2.1. Workflow and parameters

The methodology of Cicero includes grouping highly similar cells as metacells, before
computing the co-accessibility scores®. In its last implementation, Cicero proposes by
default to compute latent semantic indexing (LSI) reduction from the binarized input data,
projecting the cells into few region-topics/dimensions space summarizing the main
chromatin patterns. Cicero then computes a second dimensionality reduction on this
space (UMAP or t-SNE), from which it calculates the nearest neighbours. It has now been
demonstrated that t-SNE or UMAP spaces, especially when keeping very few dimensions,
do not conserve distance between observations and thus are not adapted to compute
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nearest neighbours®. In CIRCE, we propose by default to group the cells directly on a
reduction space generated with LSI, while still providing the option to compute an UMAP
reduction and re-use their clustering strategy.

The following step of Cicero consists in calculating and correcting covariance between DNA
regions into co-accessibility scores. CIRCE reimplements the same algorithm proposed to
compute co-accessibility, which uses Graphical Lasso to impose a distance penalization on
the covariance of DNA regions (see Figure 3.1.a). To reduce computational complexity,
these calculations are performed within a sliding window, where the window size
corresponds to the maximum distance considered for cis-interactions. This limit is by
default 500kb for human and mouse cis-regulatory interactions in Cicero, a distance also
used as a window limit around promoters to find distal enhancers in several other
works'™®**_Distance penalties are computed between every pair of DNA regions, according

to the following formula P, = 1 - dl__js) X o, with d the distance between two regions.

The scaling exponent s of the power-law function estimates the global decay in contact
frequency. It has been estimated at 0.75 for the “tension globule” polymer model in human
and mouse®, and a value of 0.85 has been proposed for Drosophila*". The parameter q,
proportional to the penalty, enforces the sparsity of the final result. It is estimated by
selecting random windows and calculating over them the lowest value such that less than
5% of the long range pair of DNA regions in the window (usually >250kb distant DNA
regions) and 80% of all pairs are non-zero entries. To simplify the choice of the
species-specific parameters in CIRCE (s, window size, distance of long and short range
interactions), users can also specify the organism corresponding to their data to select
automatically the default literature-based values.

Finally, cis-co-accessibility networks (CCANs) are defined as described in *

Louvain clustering method* and the same default parameters.

, using the

3.2.2. Implementation

The most popular Graphical Lasso model (the core of CICERO) in python is hosted in the
scikit-learn®” package, but it does not allow pairwise matrix penalty. Consequently, we use
the skggm package®”, implementing the QUIC algorithm in a scikit-learn compatible
package and offering more freedom on model penalization. CCANs identification is based
on the Louvain clustering method implemented in the NetworkX package®*.

CIRCE works directly on AnnData objects**, making it fully compatible with any scVerse

package®. All results are stored as a sparse matrix for memory usage optimization,
directly in the “obsp’ slot of your input AnnData object, and can easily be extracted as a
readable table.

3.3. Performances and comparison with Cicero
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Figure 3.1. CIRCE workflow and performances. a) CIRCE workflow overview. From scATAC-seq
data, co-accessibility scores are defined as regularized covariance values between DNA regions,
using a graphical lasso model and pairwise distance penalisations. Cis-coaccessible networks
(CCANSs) can then be extracted with the Louvain community detection method, as modules of DNA
regions with high absolute co-accessibility scores. Co-accessibility scores in a CCANs or a DNA
window of interest can then be visualised with different graphical options. b) Correlation values
between the networks obtained from CIRCE, Cicero, and metacells computation on both the BMMC
and the PBMC datasets. The upper triangle of the heatmap contains the Spearman correlation,
while the lower triangle contains the Pearson correlation. Colour gradient illustrates the correlation
values. €) ROC curves on the recovering DNA region - promoter interactions obtained from PC-HiC
dataset. Different preprocessed inputs are evaluated for each method: CIRCE from raw single-cell
counts, binarized single-cell counts, and metacell counts from LSI dimensionality reduction space
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on both single-cell count matrices, and Cicero on the corrected count matrices and the metacell
count matrices obtained from the binarized corrected counts. d) Running-time and memory-usage
of CIRCE and Cicero when running on the single-cell or computing metacells.

We compared CIRCE and Cicero with and without generating metacells, on a BMMC dataset
(1,771 cells and 110,235 peaks), and a BPMC dataset (9,631 cells and 215,676 peaks). We
demonstrated that both implementations were returning very similar results from the
same input, then explored the impact of respective preprocessing strategies on inferring
enhancer - promoter interactions.

From the same single-cell ATAC-seq input data, we observed almost identical results, with
respective Spearman and Pearson correlations of 0.9923 and 0.9986 in the BMMC datasets,
and of 0.9993 and 0.9999 on the PBMC dataset (Figure 3.1b). The small difference can be
explained from the stochasticity in the algorithms that selects random DNA windows to
estimate the parameter « (see Implementation section).

However, we observed substantial differences when using the respective metacell
strategies of CIRCE and Cicero. First, CIRCE’s metacells were still relatively highly correlated
with single-cell inferred networks, with respective Spearman and Pearson correlations of
0.71 and 0.65 on the BMMC dataset, and 0.71 and 0.62 on the PBMC datasets. In contrast,
the correlations with Cicero’s metacells were lower (Figure 3.1b), with particularly high
variability between the datasets. On the BMMC dataset, the correlations with the single-cell
data run was especially low, (i.e. Spearman and Pearson correlations respectively 0.06 and
0.19), while the decrease was less marked on the PBMC dataset (i.e. Spearman and
Pearson correlations of 0.65 and 0.57).

After observing such differences in the predicted DNA region interactions, we decided to
evaluate the networks generated to identify the best strategy. Using a Promoter Capture
Hi-C dataset**, we measured how well each method was recovering enhancer- promoter
interactions (Eigure 3.1c). Surprisingly, the networks with the highest AUCs were obtained
from the binarized single-cell count matrix and the un-binarized count single-cell matrix
(respectively 0.594 and 0.591). In comparison, the predictions from the default corrected
counts with Cicero’s function make_atac_cds had an AUC of 0.517. We tested the default
metacell strategy of CIRCE on both raw and binarized counts, both leading to a small
decrease of the AUC value, with again the binarized and un-binarized count performing
almost identically (0.586 compared to 0.584). The prediction from Cicero’s metacells gave
an AUC of 0.525, or a small improvement compared to predictions from Cicero’s processing
single-cell input. Overall, we observed better enhancer - promoter interaction predictions
when using the single-cell matrix directly, and without Cicero’s count correction. This
result suggests that Cicero’s count correction might not be the best preprocessing for
inferring co-accessibility, while simple binarization does not particularly improve the
predictions, as already suggested in **'. Additionally, while computing metacells can be
interesting to reduce the computational time, we observed a small drop in the
performances with both tested default strategies.
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We also compared running time and memory usage (Eigure 3.1d) for CIRCE and Cicero on
both datasets, with and without computing metacells. On average, CIRCE ran almost 150
times faster and was using 5.2 times less memory. On the biggest dataset (PBMC 10X -
single-cell data), CIRCE ran in 6 min 34 seconds instead of 1 days and 8 hours for Cicero,
and used 35.8 Gb of RAM instead of 223.1 Gb.

Finally, to demonstrate CIRCE’s scalability and the new possibility it offers, we analysed a
human atlas of fetal single-cell chromatin accessibility”*>. CIRCE processed the 720,616
cells and 1,041,455 DNA regions into a co-accessible in 42 min on a HPC. It identified
84,479,373 pairs of co-accessible regions. Since most of the computational time is actually
spent in extracting small DNA windows from the initial input (columns of the AnnData
input), we recommend to use the csc_matrix format of scipy when analysing huge atlas
since it is optimized for column extractions.

Conclusion

Here we present CIRCE, a python package to predict cis-regulatory DNA interactions from
single-cell chromatin accessibility data. CIRCE offers a performant reimplementation of
Cicero, adapted to the new challenges of recent single-cell datasets and compatible with
the scverse environment. While providing very similar results to Cicero, CIRCE runs much
faster and uses less memory, and can highly simplify integration of cis-regulatory DNA
interaction networks in python workflows.

We also provide new insights on the preprocessing of single-cell ATAC and the use of
metacells to infer co-accessibility with this algorithm. We reveal that binarization is
unnecessary and that count normalization can be counter-productive. While different
metacells strategies might actually improve the results by reducing noise, we didn’t
observe such improvement from the tested strategies. They however allow to conserve
very good performances with a lower number of cells. CIRCE’s optimized implementation
will also allow analysing much bigger datasets without having to reduce the number of
cells through aggregation.

Methods

Data preparation
BMMC NeurlPS dataset

The BMMC multiome used here was generated for Open Problems challenge*® and is
accessible under the GEO accession number GSE194122. We extracted the smallest batch
of 1,771 cells and kept all the peaks expressed in at least one cell (110,235 peaks).

PBMC dataset
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A PBMC multiome dataset was obtained from

https://www.10xgenomics.com/datasets/pbmc-from-a-healthy-donor-granulocytes-remov

ed-through-cell-sorting-10-k-1-standard-1-0-0. From the fragment files, we applied the
same dataset preparation as in GRETA*®. The peak calling and merging was done with

snapatac2®’), through the function snap.tl.macs3, snap.tl.merge_peaks and
snap.pp.make_preaks_matrix. Only the cells expressing more than 100 genes in the
scRNA-seq data were then kept. The final dataset contained 9,631 cells and 215,676 peaks.

PC-HiC dataset

The promoter capture HiC (PCHiC) dataset used to evaluate DNA region interactions
prediction in the PBMC dataset is described in **. The processed interaction table is
available as “PCHiC_peak_matrix_cutoff5.tsv” in the supplemental data S1:
https://ars.els-cdn.com/content/image/1-s2.0-S0092867416313228-mmc4.zip.

Fetal human single-cell chromatin accessibility Atlas

The  scATAC-seq atlas®  was downloaded already  preprocessed  at

https://scglue.readthedocs.io/en/latest/data.html under the name Domcke-2020.h5ad.
3.5.2. Reproducibility

The experiments are implemented as a snakemake pipeline containing all the code to

reproduce the experiments at https://github.com/cantinilab/circe reproducibility. All the
computations were realised on a HPC equipped Linux Red Hat 8.8 and 2 AMD EPYC 7552

48-Core processors. For the benchmarking, CIRCE and Cicero were executed from their
respective singularity containers (available in the reproducibility repository). Resources
usage was limited to 20 cores and 430 Gb of RAM through snakemake rule configuration.
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Chapter 4

ReCoN reconstructs the molecular mechanisms

coordinating multicellular programs

Abstract

In multicellular organisms, cells coordinate to provide a systemic and coherent response to
perturbations. However, cells can present very heterogeneous adaptations depending on
their precise roles and locations. These complex behaviors emerge from a convoluted
interplay between intercellular signals and intracellular regulations. Single-cell
technologies opened the possibilities of measuring both coordination and heterogeneity,
which led to the inference of gene regulatory networks and cell communication networks.
However, most methods focus solely on one of these aspects, only partially recovering in
vivo and multicellular behaviors.

We here introduce ReCoN, a framework combining gene regulations and cell
communication to provide insights on multicellular coordination. First, ReCoN
reconstructs a heterogeneous multilayer network containing both cell type subnetworks
and ligand-receptor interactions inferred from single-cell data. Through random walk with
restart explorations, ReCoN then infers the response of each cell type to a cell-specific
perturbation or an external molecule, such as a gene knock-out or a cytokine respectively.
It can also retrieve the molecules driving specific tissue state, such as cell type
differentiations or broader systemic disease changes.

ReCoN was evaluated on predicting in vivo response of immune cell types to different
cytokines and on recovering cardiac cell type response in heart failure, a condition
involving complex multicellular crossplays. Notably, it highlighted the role of indirect
effects, where cells emit secondary messengers in response to the initial perturbation to
coordinate multicellular transcriptomic responses. ReCoN proposes an actionable
modeling of multicellular systems. For example, ReCoN can help design patient-specific
molecular treatments by building individual molecular models and by assessing the
cellular selectivity of these treatments in vivo.

Keywords: gene regulatory network, cell communication, tissular coordination, molecular

analysis, multi-omic, single cell, method, spatial transcriptomics

The contents of this chapter are under preparation as a journal article.
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Introduction and background

The cell's identity depends on internal molecular mechanisms and on the
environment® >, In multicellular organisms, the environment notably includes
surrounding cells, sending different signals. This organisation alters how cells respond to
molecular perturbations compared to isolated settings. The complex coordination that
emerges, coupled with intrinsic cell diversity, shapes tissue functions and multicellular
programs. Reciprocally, the effect of a perturbation in vivo extends beyond the directly
targeted cell, influencing surrounding populations through cascades of molecular
interactions. However, conventional perturbation experiments focus on single cell types
ignoring the complex intercellular signaling networks governing tissue-level outcomes.
Overall, a perturbation influences cells both directly through receptor-mediated pathways
and indirectly, via effects on other cells that in turn send secondary signals®™>*'. These
indirect routes can significantly shape the final transcriptional response, especially in
systemic therapeutic interventions where all cells are simultaneously exposed. Capturing
both effects is essential for accurate modeling of biological responses.
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Recent computational methods such as MOFAcell’’, DIALOGUE®, and single-cell
interpretable tensor decomposition (scITD)*® have been developed to characterize how
multiple cell types coordinate their gene expression in tissue-level responses. These
approaches decompose multi-sample single-cell or spatial transcriptomic data to uncover
latent factors. These factors, or multicellular programs, represent coordinated gene
expression patterns across distinct cell populations within a tissue, explaining the
variability of distinct samples. While these methods excel at describing what tissue-wide
gene programs change in concert, they offer limited insight into how such programs are
orchestrated at the molecular level. To partially address this mechanistic gap, cell-cell
communication inference tools can predict the intercellular signals through static ligand -
receptor bindings**'?, However, they do not model the upstream and downstream
intracellular cascades, nor explain how such signals are integrated and propagated into the
complete multicellular transcriptional response. In other words, communication analyses
identify who is signaling to whom but not how or what cellular programs are actually
coordinat.

Altogether, both sets of methods share a common goal of elucidating multicellular
transcriptional coordination, but they diverge in focus: the former delineates broad
tissue-wide expression patterns, whereas the latter infers specific intercellular cues
underlying those patterns. Moreover, they do not provide a complete picture of the tissue
coordination, jointly missing in intracellular regulations. Bridging these complementary
perspectives is crucial for fully understanding complex tissue-level responses to
perturbations.

We here present ReCoN (Regulatory and Communication Networks), a computational
framework designed to model multicellular coordination and responses to perturbation by
integrating intracellular mechanisms and cell communication. ReCoN combines tissue- or
cell type-specific gene regulatory networks (GRNs) with inferred ligand-receptor
communication graphs to predict both direct and propagated transcriptional effects across
a tissue. The explicit and detailed network in ReCoN, explored by random walk with
restart, allows tracing of how a perturbation spreads through interacting cell types. Unlike
prior tools, ReCoN explicitly formulates the direct and the indirect effect, allowing to weigh
their contribution.

We demonstrate that ReCoN outperforms existing baselines in both observational and
interventional contexts, leveraging the indirect effect described above. We first predicted
the cell type responses to different cytokines from the Immune Dictionary, an in vivo
perturbation dataset. We also showed that ReCoN can be applied to more complex
contexts, retrieving genes relevant for heart failure (HF) from a combination of ligands
involved in their coordination. We then explored the regulatory mechanisms behind
cardiac fibrosis and HF. We started at the intracellular scale, finding transcription factors
and receptors regulating cardiac fibrosis. We then identified biological programs in other
cardiac cell types coordinating with fibroblasts upstream and downstream of fibrosis.
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4.2. Results

4.2.1. ReCoN: a package to extract molecular mechanisms in multicellular

systems

Understanding how cells coordinate distinct molecular programs requires bridging
intracellular regulation with intercellular signaling. We present here ReCoN (Regulatory
mechanism and Cell Communication Network), a network-based approach to integrate
both scales and model multicellular molecular coordination.
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Figure 4.1. An overview of the ReCoN framework and applications. a) General HMLN structure used in
ReCoN to connect intracellular network layers and a cell communication layer. Each cell can
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contain a different number of layers, illustrated by the asymmetric structure presented. b) ReCoN
can be used to infer both the upstream driver and downstream target cross-cellular signals of a
profile or pathway of interest (grey frame). ¢) ReCoN decomposes the effect of a molecule into a
direct and an indirect effect. The direct effect on a cell corresponds to the initial signal
transduction, while the indirect one occurs in response to the surrounding cells’ signals. d) The
molecular changes in a cell type after a treatment in vivo result from both the direct and indirect
effects. Their contributions are weighted using an « coefficient, and the impact of each cell type i is
also modulated by Bi_v_ coefficients.

ReCoN is a heterogeneous multilayer network framework

ReCoN is a two-step framework: It first builds a multicellular network from single-cell data,
then uses a random walk with restart algorithm, MultiXrank'*, to explore how signals
propagate within and between cell types.

The multicellular network is based on a heterogeneous multilayer structure (HMLN), which
allows the integration of multiple types of biological graphs'®*¢1#>?2% (Figure 4.1a).
Formally, this network N = (Vm, Em, L), m=1,., M, is composed of M layers

containing different nodes v and different intra-layer links E . Nodes of different layers

are connected by inter-layer links encoded in L***". Inside this structure, each cell type is
represented by a dedicated subnetwork, called a cell type multilayer, while cell-cell
interactions are contained in a shared intercellular layer. Together, they form a unified
network of intracellular signaling and cell-cell communication.

The cell type multilayers include two main layers: a gene regulatory layer and a receptor
layer. The gene regulatory layer contains transcription factors and their target genes,
inferred from scRNA-seq or single-cell multi-omics data. The receptor layer represents
membrane proteins and can optionally include receptor-receptor interactions such as
dimerization. These two layers are connected by a bipartite graph that links receptors to
the genes they influence (see Methods). Each cell type multilayer is constructed
independently, making it possible to capture cell type-specific regulatory mechanisms. It
is possible to include additional omics layers that would be relevant to a specific context,
such as lipidomics or metabolomics networks (Supplementary Notes 1).

The cell type multilayers are connected by a cell communication layer. This layer contains
the ligands and receptors of each cell type based on their expression, and models
intercellular signaling. Ligands from one cell can interact with receptors in another,
forming a tissue-wide signaling network. This network is inferred from scRNA-seq data and
integrated into the overall network through two bipartite graphs for each cell type
multilayer (see Methods). One connects matching receptors, and the other connecst the
ligand to their corresponding genes

Once the network is assembled, ReCoN aims to find the regulators and downstream targets
of a molecular signal (Figure 4.1b). ReCoN measures signal propagation through random
walk with restart (RWR)'"* (see Methods). This algorithm begins from one or more
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molecules of interest, such as a gene, receptor, or pathway, and computes a probability
distribution over the entire network. This distribution reflects how strongly each node is
connected to the input. The random walk balances steps within and between layers using
a transition matrix, exploring the complete multicellular network. General transition
matrices define the type of exploration, for discovering regulators or downstream targets
(see Methods).

4.2.1.1. ReCoN defines the direct and indirect effects of a perturbation

ReCoN distinguishes between two types of regulatory effects: direct and indirect (see
Figure 4.1c). The direct effect captures the influence of the initial signal on a given cell type
via its intracellular signal transduction. The indirect effect refers to the influence of
intercellular interactions. Surrounding cells are also stimulated by any molecule (e.g.,
cytokine) and, in turn, release ligands or signals. Such indirect signaling can then affect the
target cell through cell-cell communication (CCC).

This distinction is formalized through two types of random walk with restart (RWR) on the
heterogeneous multilayer network (see Figure 4.1d). The key difference between them lies
in the ability to transition from intracellular layers to the cell communication layer. A
parameter y controls this transition probability, effectively tuning how much influence a
cell type has on its surrounding environment.

Formally, the direct effect (MD) is computed by running a RWR on the full network G,
starting from the input molecular profile of interest Mo' This input is a vector encoding the

importance of each input node, as the probability of restarting the RWR from them. In this
RWR, transitions from intracellular to intercellular layers are blocked ( y = 0), to capture
only the intracellular effects of the input, as shown in (4.2):

M, =RWR,_ (MY G) (4.1)

direct direct’

The result of this step is a vector MD, representing the distribution of the direct effect

across the network. This vector also serves as the input for computing the indirect effects,
which model the downstream signaling between cells.

Indirect effects are calculated using additional RWRs that allow transitions between

intracellular and cell-communication layers (yindirect = 0.5). For each cell type i, ReCoN

identifies the genes coding for ligands reached through the direct effect, maski(MD). A

RWR is then run from these ligands, capturing the impact of that cell type over the others.
Each of these indirect effects is weighted by a cell type-specific influence vector B, and

the results are aggregated across all emitter cell types.

Finally, the overall system response MT is obtained by a convex combination of the direct

effect and the indirect effects, as shown in (4.2):
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M =a-M +(1- «-XB ORWR

. (maski(MD), y ) (4.2)

indirect indirect’
In conclusion, ReCoN aims to bridge gene regulatory networks and cell communication to
predict the effect of molecular perturbations. It is, to our knowledge, the first work
quantifying and weighing their direct and indirect effects in multicellular systems. ReCoN’s
HMLN structure leverages both prior knowledge and contextualised networks from
single-cell multi-omics data to find new and specific interactions. Through its modular
structure, cell types and omics can be easily added to match the hypothesis and
environment of interest. Finally, ReCoN exploration can take several molecules as input,
modelling their joint effect.

4.2.2, ReCoN predicts cytokine treatment responses in murine lymph
nodes

In vivo tissue studies provide a biologically relevant setting to evaluate such models, as
they reflect the coordinated interactions among diverse cell types. We therefore evaluated
ReCoN performance on the Immune Dictionary dataset, which profiles murine lymph node
responses to a panel of cytokine treatments administered in vivo®'. Transcriptomes from 17
immune cell types were sequenced, offering a rich opportunity to study cell type responses
coordination within a complex tissue (see Figure 4.2a).

Since this dataset only contains scRNA-seq data and very few unperturbed cells, we used
external data to build the cell type multilayers (see Eigure 4.2b). The gene regulatory
network was inferred from both a lymph node scRNA-seq dataset and a splenic scATAC-seq
dataset from the same mouse inbred strain. The cell communication network was inferred
from the Immune Dictionary cells, treated with phosphate-buffered saline (PBS), used as a
negative control.

4.2.2.1. Gene regulation and cell communication networks are both informative

To assess the contribution of each context-specific information in ReCoN, we benchmarked
four variations of the ReCoN methodology (see Figure 4.2c). These models illustrate the
progressive integration of regulatory and communication layers in ReCoN.

We also compared the ligand-gene prior knowledge network (ligand-PKN) from
NicheNet*>*®*, which has been used to derive the receptor-gene bipartite for ReCoN’s
models (see Methods). The first ReCoN variation tested, ReCoN-no-context, includes only
receptor-gene links derived from the ligand-PKN. It thus ignores GRNs and CCC to isolate
the contribution of the context-independent receptor-gene PKN. This minimal
configuration also serves to assess how much predictive signal was lost from the
ligand-PKN. ReCoN-grn includes a context-specific GRN built from single-cell RNA-seq data
from lymph nodes and ATAC-seq data from the spleen. The GRN is shared across all cell
types, and no CCC network is included. This model represents the direct effects of cytokine
perturbations while adding tissue-specific regulatory context. ReCoN-generic adds a
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generic CCC network on top of the GRN, connecting all possible ligand-receptor pairs
irrespective of cell type expression. It highlights the contribution of indirect effects arising
from cell communication without personalized interaction specificity. Finally, the full
ReCoN model incorporates both context-specific GRNs and a personalized CCC network
based on cell type-specific ligand and receptor expression. This model captures how
different cell types contribute to each other’s regulation through expressed ligands and
receptors, reflecting multicellular tissue organization.

We first evaluate the models’ ability to predict the transcriptomic changes of each cell type
individually, through cell type gene rankings (see Supplementary Figure 1). We then verify
the models’ ability to combine cell type scores across the tissue through a multicellular
ranking (see Figure 4.2d). This multicellular evaluation tests whether a model can prioritize
strongly perturbed genes from different cell types without bias toward one of them. It thus
considers its capacity to combine their different score distributions, even if several cell
types present very different response profiles.

The performances of the models are reported as AUROCs. As expected, ReCoN-no-context
presented the worst performances in both the individual cell type and multicellular
predictions. It underperformed compared to the Nichenet PKN model, with associated
Mann-Whitney U test P-values of 3.32e-2 and 6.53e-2, respectively. This illustrates the
initial loss of information when inferring the receptor-gene links from the ligand-PKN. The
ReCoN-grn outperformed ReCoN-no-context on both metrics (Mann-Whitney U test
P-values of 8.13e-4 and 9.32e-3). This significant improvement demonstrates the
contribution of the personalized GRN in predicting in-tissue cell type perturbations. It
additionally performed slightly better than the ligand-PKN model, thus compensating for
the previous information loss. Finally, the ReCoN-generic and ReCoN models had the best
performances, significantly better on both metrics than the ReCoN-grn model
(ReCoN-generic P-values of 3.88e-6 and 4.61e-3, ReCoN P-values of 5.02e-7 and 3.83e-3).
This highlights the necessity of considering the indirect effect through cell communication
to accurately predict cell perturbation responses. The full ReCoN, which additionally
considers the cell type specificities, showed a modest performance increase on the
individual cell type evaluation, and outperformed ReCoN-generic more clearly on the
multicellular scores. Although the average AUROC improved from 0.71 to 0.73 with the
personalized ReCoN model, the associated P-value of 7.86e-1 indicates that this difference
is not statistically significant.
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Figure 4.2. ReCoN recovers cell type responses from different cytokine treatments, leveraging
cross-cellular effects. a) Schematic representation of the Immune Dictionary dataset used in
performance evaluation. b) Illustration of the data used to build ReCoN’s networks. ¢) Schematic
view of the successively enriched networks used in d. d) Cytokines AUROC distributions for the four
successively enriched versions of ReCoN (blue and green) and the PKN model from Nichenet
(orange). e) Cytokine-cell type pairs AUROC distributions for different a (indicating the contribution
of the indirect effect) in ReCoN. f) Average AUROCs for each cell type with a = 0.0 (in light green,
only direct effect) and a = 0.8 (blue, strong indirect effect); best performance is indicated by a star.
g) Average AUROCs for each perturbation with a = 0.0 (in light green, only direct effect) and a =0.8
(blue, strong indirect effect); best performance is indicated by a star. The mouse and lymph nodes
illustrations in b come from the NIH BioArt Source library - bioart.niaid.nih.gov/bioart (20, 589).

Overall, integrating context-specific gene regulatory networks (GRNs) and personalized
cell-cell communication (CCC) networks enhances the prediction of cytokine-induced gene
expression changes. The inclusion of CCC information, in particular, underscores the
significance of indirect effects mediated through intercellular signaling pathways. These
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findings highlight the importance of considering both intrinsic regulatory mechanisms and
extrinsic communication cues to accurately model multicellular responses.

4.2.2.2. Indirect effects and cell communication explain most of cytokine treatment
response

We additionally assessed the relative influence of the cellular environment, and direct
signal transduction. We evaluated ReCoN’s performance across a range of alpha (a) values,
which balance the direct and indirect effects contributions. Overall, the best response
predictions averaged per cell type were achieved at a = 0.8, indicating a dominant
contribution of indirect signaling via cell-cell communication (see Figure 4.2e).
Additionally, the mean AUROC across all cytokine-cell type pairs was 0.76 at a = 0.8,
compared to 0.72 at a = 0 (direct effect only), with a Mann-Whitney U test p-value of 1.07 x
107°. Consequently, a = 0.8 was selected as the default parameter in subsequent analyses
of ReCoN-generic and personalized ReCoN models.

We further investigated the relative impact of indirect effects per cell type. We first
measured the optimal a for each cell type. For all, the best performances were associated
with an a value above 0.5 (see Supplementary Table 1). We furthermore quantified the
predictive power gained by considering cellular coordination (a = 0.8) over the direct effect
alone (a = 0) (see Eigure 4.2g). Dendritic cells showed the largest gains at a = 0.8, with
relative improvements of 12.6%, 10.1%, and 9.0% for pDC, cDC1, and cDC2, respectively.
This is consistent with their known roles in orchestrating immune responses and recruiting
other cell types®®?*. Dendritic cells also exhibit high functional heterogeneity and
adaptation capacity, notably in response to tumor-specific environments®®, In contrast,
eTACs and Tregs showed the smallest improvements, consistently with their high degree of
functional specialization. Both are known for their role in immunosuppression and the
inhibition of T cell activation®***" Notably, eTAC-mediated CD4* T cell inactivation has been
shown to occur independently of both Tregs and innate inflammatory stimuli®®®.

This illustrates the broad and systematic contribution of indirect effects across the studied
cell types. The amplitude of this contribution varied between cell types, reflecting
differences in their sensitivity to the environment. These variations were consistent with
known functional roles, with some cell types showing greater capacity to adapt their
responses to contextual signals.

We next examined whether the balance between direct and indirect effects varied between
cytokines. Some molecules may exert stronger cell-intrinsic effects, particularly those that
drive decisive processes such as apoptosis or proliferation. Among the 22 cytokines tested,
17 (77%) achieved optimal performance with a > 0.6 (see Supplementary Table 2),
indicating that indirect effects were generally dominant. IFN-y and FLT3L showed better
predictions at a = 0.2, IL11 at a = 0.2 and OSM and IL22 at a = 0, suggestive of a stronger
direct component. IFN-y performance was an exception, declining markedly at high a
values, which could be consistent with its well-documented cell-intrinsic pro-apoptotic
activity®®. FLT3L showed only modest variation, and indirect effects alone still
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outperformed the direct effect. FLT3L is primarily involved in immune cell proliferation and
migration, amplifying and modulating context-dependent signaling®®. IL11 and OSM also
exhibited minimal change across a values, while [L22 remained poorly predicted
regardless of a. Due to very few genes differentially expressed, only cDC1 was conserved
and evaluated for IL22, which could also explain the poor performance (see
Supplementary Figure 2). When excluding IL22, all cytokines had a relative improvement
between -2% and +38%, with an average of 8% using a = 0.8 (see Figure 4.2f).

Overall, cytokine responses reflect a balance between direct and indirect regulation. While
indirect signaling predominates across most treatments, the relative contribution of direct
effects varies among cytokines. Further investigation of these variations across a broader
range of cytokines could enable more precise modeling of the direct-indirect effect
balance tailored to each molecule.

4.,2.3. ReCoN predicts heart failure transcriptomic changes from potential
key regulators.

ReCoN can also model the impact of more complex molecular perturbations. We applied
and evaluated ReCoN on retrieving the coordinated multicellular response occurring in
heart failure (HF). In ReHeat2, a meta-analysis of human HF transcriptomic data®, the
authors identified widespread shifts in cell type composition and gene expression,
including a multicellular program separating HF from non-failing hearts (NFH) (see Figure
4.3a). This program was associated with ligand-cell type interactions, potentially driving
disease progression. We focused on these ligand scores to test whether ReCoN could
recover their joint regulatory impact. Therefore, we used these ligands as inputs, weighting
their influence based on their scores, to model their combined regulatory impact across
cell types.

The underlying network was built from a multiome dataset of human left ventricle
samples®. The gene regulatory layer, shared across cell types, was inferred from the
scRNA-seq and scATAC-seq data. The cell-cell communication layer was constructed from
the same scRNA-seq data (see Figure 4.3b, Methods). Cell type annotations were adjusted
to align with the six major populations described in ReHeat2: cardiomyocytes, fibroblasts,
myeloid cells, lymphoid cells, mural cells, and endothelial cells. All ligands from the
multicellular factor were used as random walk seeds, with normalized ReHeat2 scores
setting their restart probabilities, allowing ReCoN to weight and integrate their
contributions.

We compared ReCoN’s performance to two reference models derived from NicheNet: the
original ligand-target gene network (ligand-PKN) and a receptor-centric version
(receptor-PKN), which links receptors to target genes via inferred ligand-receptor
interactions. AUROC and AUPR were used to assess model performance in both
multicellular and per-cell type gene rankings.
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Figure 4.3. ReCoN retrieves the multicellular transcriptomic response to ligands involved in
Heart Failure. a) Schematic overview of the heart failure data used as ground truth for model
evaluation. b) Schematic representation of the reconstructed ventricular heart model
reconstructed with ReCoN. ¢) AUROC for predicting differentially expressed genes in individual cell
types, comparing ReCoN (green) to two prior knowledge-based models: PKN-ligand (orange) and
PKN-receptor (blue). d) AUPRC for the same gene prediction task in individual cell types and the
same models as in panel c. ) AUROC for predicting all differentially expressed genes in the
multicellular heart model (i.e., global ranking across all cell types), comparing ReCoN to PKN-based
baselines. f) AUPRC for the same multicellular prediction task as in panel e. g) AUROC as a function
of a (the weight of indirect effects) for individual cell type and global multicellular rankings. The
heart illustrations in a and b come from the NIH BioArt Source library -
bioart.niaid.nih.gov/bioart (228).
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In the multicellular ranking, which assesses how well models capture effects across
multiple cell types in a comparable manner, ReCoN outperformed both PKN-based
approaches in AUROC (see Figure 4.3e) and AUPR (see Figure 4.3f). This ability to jointly
evaluate regulatory influence across cell types is essential for identifying selective
interventions that affect target populations while sparing others. ReCoN also
outperformed the baseline models in the per-cell type rankings, achieving higher AUROCs
(see Figure 4.3c) and AUPRCs (see Figure 4.3d) in all six cell types. The AUROC
improvement over ligand-PKN ranged from 22% in lymphoid cells to 6.0% in endothelial
cells, while the AUPRC improvement ranged from 24% lymphoid again to 1.3% in
fibroblasts. Lymphoid cells display especially distinct receptor expression profiles, making
them benefit particularly from ReCoN’s incorporation of cell-specific signaling context.

We next assessed how ReCoN’s performance varied with the relative contribution of the
direct and indirect effects. In this setting, the best multicellular and per-cell type rankings
were achieved with a values above 0.5, for all cell types except mural cells (see Figure 4.3g).
The alpha associated with the best performance on the multicellular ranking was 0.82,
close to the 0.8 identified from the Immune Dictionary dataset. It again emphasizes the
contribution of indirect signaling and validates this default value by two different systems
in mouse and human.

ReCoN consistently outperformed the PKN-based models across both multicellular and
per-cell type evaluations. These results reinforce the importance of modeling both direct
intracellular regulation and indirect effects mediated by intercellular signaling. By
integrating these layers, ReCoN captures the coordinated response to complex
perturbations more effectively than static, cell-agnostic frameworks.

Unlike the Immune Dictionary, which captures interventional dynamics with clear
temporal resolution, the heart failure analysis is observational and lacks information on
signaling chronology. As a result, distinguishing direct from indirect effects is less
straightforward: disease-associated ligands may actually initiate cell-intrinsic responses or
act downstream to modulate multicellular coordination. Nevertheless, the contribution of
indirect effects underscores again the importance of considering cell type interactions to
understand their responses even in complex, non-interventional contexts.

4.2.4, ReCoN identifies potential regulators of biological functions in
different molecular layers

Heart failure coincides with the activation of diverse biological pathways that disrupt
cardiac structure and function. Cardiac fibrosis, a hallmark of this pathological
remodeling, is driven primarily by the activation of cardiac fibroblasts and their transition
to myofibroblasts, which secrete excessive amounts of extracellular matrix (ECM) proteins.
This abnormal ECM accumulation stiffens the myocardium, impairs contractility, and
promotes arrhythmias.
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Figure 4.4. Analysis of intracellular regulations and multicellular coordination of cardiac
fibrosis. a) Schematic representation of the cardiac fibrosis regulatory exploration with ReCoN. b)
Venn diagram showing the overlap between receptor sets predicted by ReCoN (green), a PKN
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network (blue), and receptors previously implicated in fibrosis (orange) or cardiac diseases (violet).
Only the top 25 receptors predicted by ReCoN or PKN have been annotated based on literature; full
sizes of fibrosis- and cardiac disease-related receptor sets can therefore not be represented. c)
Venn diagram showing the overlap between transcription factors (TFs) predicted by ReCoN (green)
and those previously implicated in fibrosis (orange) or cardiac diseases (violet). As in panel b, only
the top 10 TFs were annotated from literature sources. d) Venn diagram showing the intersection of
gene sets associated with heart hypertrophy, vascularization, and fibrosis, found to be significantly
enriched upstream of cardiac fibrosis in four major cell types: cardiomyocytes (red), myeloid cells
(blue), lymphoid cells (orange), and endothelial cells (green). e) Corresponding intersections of
gene sets significantly enriched downstream of cardiac fibrosis in the same four cell types. f)
Schematic summary highlighting shared (purple) and cell type-specific (blue, green) biological
programs identified as upstream or downstream of cardiac fibrosis. The symbols on the connecting
arrows indicate the cell types involved. The most important identified pathways are additionally
indicated in orange. g) Sankey diagram showing a hierarchical organization of upstream regulators
of the “NABA ECM collagens” gene set. Nodes are grouped by molecular type (e.g., transcription
factors, receptors, ligands), and links represent the weighted, direct regulatory interactions present
in the ReCoN-constructed HMLN. /llustrations in a. were created using BioRender
(https://biorender.com).

In contrast with the previous showcases, we here focused on predicting the regulators
instead of the response to a molecular perturbation. We used ReCoN to identify the
intracellular molecules regulating the production of ECM proteins in the HF model (see
Figure 4.4a). First, we combined 10 gene sets from mSigDB related to ECM production®”,
excluding the ones related to cancer propagation. From the listed genes, ReCoN predicted
potential upstream TF and receptors from the different cellular layers.

4.2.4.1. ReCoN identified transcription factors related to heart remodelling and fibrosis

Among the top ten TFs predicted by ReCoN, six have been previously linked to fibrosis, and
five to heart failure or related cardiac pathologies (see Eigure 4.4b, Supplementary Table
3). MYPOP, FBXL10 (also known as KDM2B), and E2F1 were the three highest ranked TFs. All
three have been associated with both fibrosis and heart failure, suggesting they could play
central roles in regulating cardiac fibroblast activation and ECM protein production. E2F1
has been proposed as a regulator of cardiac fibroblast differentiation®”” and has shown a
cardioprotective role in right ventricular failure associated with pulmonary arterial
hypertension®”. FBXL10, an epigenetic regulator responsive to basic fibroblast growth
factor’™, has been linked to several cardiac diseases’”, including diabetic
cardiomyopathy?”®. This condition is often associated with interstitial fibrosis and can lead
to heart failure. It has also been associated with fibroblast metabolic control*”’, and
appears to be upregulated during the intermediate stages of fibroblast-to-myofibroblast

trans-differentiation®’.

MYPOP, also known as Myb-related transcription factor, Partner of Profilin-1 (PFN-1),
interacts with PFN-1 and helps mediate its effects on gene expression*”®. MYPOP has not
been directly linked to heart failure. However, PFN-1 has been associated with cardiac
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hypertrophy and fibrosis*®, and shown to contribute to fibrosis and cardiac injury in rat
models®®'. ReCoN’s predictions suggest that MYPOP may be a key mediator of PFN-1's
effects in cardiac fibrosis and hypertrophy, aligning with its known molecular interactions.

4.2.4.2. ReCoN leverages prior knowledge to predict receptors regulating ECM gene
expression by cardiac fibroblasts.

In addition to TFs, we used ReCoN to identify upstream receptors potentially driving ECM
protein expression in cardiac fibroblasts. Predictions were compared to the receptor-PKN
baseline, where each receptor was scored by summing its weighted links to target genes
(see Eigure 4.4c). Among the 25 top-scoring receptors prioritized by ReCoN, 23 were
previously implicated in fibrotic processes across various tissues, and 16 could be
specifically linked to cardiac fibrosis or related cardiovascular conditions (see
Supplementary Table 4). ReCoN's top predictions showed strong agreement with the
receptor-PKN, with 18 receptors shared between the two rankings. The prior knowledge
model had comparable overlap with the literature, slightly higher with 24 receptors
associated with fibrosis and 16 with cardiac-related contexts (see Supplementary Table 5).

We next examined receptors which scores differed the most between ReCoN and the
receptor-PKN model, using a metric of “gene movement” across rankings®”. While the
novel receptors prioritized by ReCoN were not more specific to cardiac tissue as we could
have expected from the heart-specific GRN in ReCoN’s model, they remained enriched for
regulators of fibrotic pathways (see Supplementary Table 6, Supplementary Table 7). Eight
out of the top ten of these newly highlighted candidates were linked to fibrosis in the
literature. This comparison also showed a higher ranking by ReCoN of several receptors
previously described as cardiac-specific, refining their annotation to better reflect roles in
fibrotic or remodeling processes.

These changes likely stem from ReCoN'’s integration of context-specific information,
enabling it to highlight regulators relevant to the studied condition. However, this
specificity may come at the cost of overlooking broadly validated receptors, making it
difficult to assess whether the shifts represent true biological refinements or data-driven
bias. In our analysis of receptor prioritization, ReCoN highlighted ADGRG1 (also known as
GPR56) as a notable candidate, ranking it 12th compared to 50th in the receptor-PKN
model. Recent studies have shown that cardiomyocyte-specific deletion of ADGRG1 leads
to accelerated cardiac dysfunction, increased inflammation, and higher mortality,
underscoring its potential role in heart failure pathogenesis®*. Conversely, ILIRAP, which
ranked higher in the receptor-PKN model, was deprioritized by ReCoN. Blocking ILIRAP
has been shown to reduce cardiac inflammation and preserve function in experimental
models of myocarditis®*.

Overall, ReCoN effectively recovered many known regulators of fibrosis, showing strong
overlap with prior knowledge. At the same time, it reprioritized several receptors based on
context-specific features of the data. These changes likely reflect a better adaptation to the
studied condition but may also lead to the exclusion of broadly validated targets. These
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changes likely come from ReCoN'’s integration of context-specific information, enabling it
to highlight regulators relevant to the studied condition. However, this specificity may
come at the cost of overlooking broadly validated receptors, making it difficult to assess
whether the shifts represent true biological refinements or data-driven bias.

4.2.5. Cell type specificities and multicellular coordination

Heart failure arises from the co-occurrence of multiple physiological and cellular
modifications. We here investigate the specific coordination of major cardiac cell types
with cardiac fibroblast and ECM gene activation. Both upstream and downstream of
fibrosis, ReCoN predicted genes activated in other cardiac cell types. It could identify genes
and pathways activated both differentially and consensually in several major cardiac cell

types.

4.2,5.1. Regulatory mechanisms across cell types

We investigated upstream genes connecting other cardiac cell types with fibroblast
activation in heart failure. Several known mediators of cardiac fibrosis and remodeling,
including TGFB1, NPPB, WNT5B, BMP4, GDF15, and NRG1, were predicted as upstream
regulators across multiple cell types. TGFB1, NPPB, and WNT5B were consistently ranked
in the top 50 out of 9,971 genes across all interacting cell types, suggesting broad relevance
in fibrosis signaling. Other markers, such as BMP4 and GDF15, showed selective
prioritization, both ranked out of the top 1500 in lymphoid cells and in the top 20 for all
other cell types, suggesting cell type-specific involvement, even among canonical HF
drivers. We finally predicted genes specific to a few cell types and often studied in relation
to HF. The top-ranked gene in myeloid cells was Oncostatin M (OSM), which was not
prioritized in other lineages. OSM is secreted by macrophages and has been implicated in
anti-fibrotic regulation, supporting its potential role as a cell type-specific paracrine signal
during cardiac remodeling. In contrast, genes such as ADCYAP1 and FGF2 were specifically
prioritized in cardiomyocytes and endothelial cells. ADCYAP1 encodes PACAP, a
neuropeptide involved in vasodilation with cardioprotective properties in HF**%" while
FGF2 is a well-known mediator of angiogenesis and cardiac repair’®. These results
emphasize that, while some regulatory signals are broadly shared across cell types, others
reflect context-specific interactions between fibroblasts and distinct cardiac populations.
They also highlighted some regulatory signals broadly shared across cell types, and
identified cell type-selective signals regulating fibroblast activation and cardiac fibrosis.

4.2.5.2. Cellular program coordination

To dissect multicellular coordination of broader functional programs in HF, we performed
gene set enrichment on ReCoN’s upstream (see Figure 4.4d) and downstream (see Figure
4.4e) predictions in cardiomyocytes, endothelial cells, lymphoid cells, and myeloid cells.
Those four lineages were selected because they showed the greatest improvement when
including cell-cell communication (see Figure 4.3g).

86



Chapter 4 | ReCoN reconstructs the molecular mechanisms coordinating multicellular programs

Shared upstream programs included epithelial-mesenchymal transition (EMT), apical
junction remodeling, and angiogenesis across all four cell types (Supplementary Table 8).
EMT reflects the acquisition of mesenchymal traits and increased motility that underlie
fibroblast activation and matrix deposition. On the other hand, apical junction remodeling
indicates changes in cell-cell adhesion and polarity essential for tissue reorganization.
Cardiac angiogenesis and fibrosis interact closely to promote cardiac regeneration®.

Subsequently, the lineage-specific upstream enrichments emerged. Hypoxia-related
signaling was strongly enriched only in endothelial cells, consistent with ischemia-driven
vascular adaptation in HF (see Figure 4.4f, Supplementary Table 9). Pathway gene sets for
androgen response and progesterone inhibition were significant only in endothelial cells,
albeit with lower NES, reflecting the specific role of sex-hormone modulation in vascular
fibrosis. Cardiomyocytes uniquely enriched mTORC1 signaling, a key regulator of cell
growth, protein synthesis, and metabolic adaptation under stress (Source MSigDB).
Additionally, both cardiomyocytes and endothelial cells enriched the mitochondrial
pathways, reflecting high bioenergetic demand, and WNT signaling, which regulates
extracellular matrix gene expression and fibroblast proliferation. All of which indicates a
coordinated role in fibrotic remodeling.

Downstream of fibrosis, 41 out of 108 significant gene sets were shared across all lineages,
despite showing different enrichment amplitudes. Shared axes corresponded to
inflammation, hypertrophy, proliferation, hypoxia, and EMT (see Figure 4.4f,
Supplementary Table 10), all important molecular hallmarks of HF. The inflammatory axis
included TNFa/NF-kB, TGF-B, IFN-y/a responses, and generic inflammatory hallmarks,
highlighting a global inflammation response and cytokine-driven remodeling. Hypertrophy
programs, related to muscle hypertrophy and hypertrophic cardiomyopathy signatures,
underline heart enlargement and contractile adaptation. Proliferation terms reflect
cell-cycle activation in reparative and immune cells. Hypoxia and EMT remained significant
downstream, marking their dual roles as drivers and consequences of fibrosis.
Additionally, a gene set of upregulated genes in systolic heart failure was enriched across
all lineages, with NES values varying from 1.97 (lymphoid) to 3.04 (cardiomyocytes). This
range underlines a shared transcriptional response, while highlighting differences in
activation strength among cell types.

We then focused on cardiomyocytes and myeloid cells, which showed the most
downstream enrichments. Both were further enriched in physiological and pathological
hypertrophy pathways, capturing adaptive versus maladaptive growth responses
(Supplementary Table 11). Cardiomyocytes and endothelial cells shared the Cardiac EGF
pathway, which promotes fibroblast activation and collagen synthesis in injury contexts.
Hedgehog signaling appeared in cardiomyocytes, endothelial, and myeloid cells, reflecting
embryonic reactivation and stem-like reprogramming noted in HF, another important
hallmark of the condition®”. Additionally, myeloid cells significantly enriched
metabolism and protein secretion pathways, which is consistent with macrophage-driven
matrix remodeling and cytokine production.
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Together, these findings demonstrate that HF is driven by both common multicellular
programs, such as inflammation, hypoxia, EMT, and angiogenesis, and lineage-specific
mechanisms, including mTORC1 in cardiomyocytes and sex-hormone-linked vascular
pathways in endothelial cells. ReCoN successfully captures this nuanced interplay,
identifying cell type-specific drivers and consequences of fibrosis. We summarized the
specific and generic identified gene programs in Eigure 4.4f.

4.2.5.3, Visualisation of multicellular pathways

Analysis with ReCoN relies on the complete multicellular multilayer network exploration.
While we allow by default to jump from gene to receptors, it can still be relevant to
visualize gene - TF - receptor triplets to extract mechanistic hypotheses underlying ReCoN
scores. We provide several functions to visualize the links between downstream genes and
their regulators in each level. We thus select the top TFs and receptors regulating a set of
intracellular genes, and extract a subnetwork of direct connections between these
elements. It is additionally possible to include the impact of other cell types through the
top ligands predicted, and their upstream regulators, as presented in Figure 4.4g. In this
example, we provide a visualization of the regulations of the gene set “NABA ECM
collagens”, which was used earlier as genes involved in fibrosis.

4.3. Discussion

The complexity of tissue biology lies not only in the multitude of cell-specific intrinsic
responses but also in the indirect effects that emerge from cell-cell communication. In any
multicellular system, a perturbation applied to one cell type can ripple through its
neighbors: for example, a cytokine might directly stimulate an immune cell, which then
secretes secondary factors that reshape the behavior of surrounding cells. Failing to model
these indirect, intercellular effects can lead to an incomplete picture of regulation. Indeed,
many diseases and tissue functions arise from coordinated multicellular responses.
Recognizing this, we focused on developing a framework to explicitly capture how a
perturbation’s influence on one cell is mediated by the responses of others, thereby
addressing a fundamental challenge in tissue-level gene regulation.

ReCoN was designed to meet this challenge by modeling gene regulation across multiple
cell types simultaneously with a network representation of cell-cell communication from
single-cell data. It can thus model indirect regulatory influences in a data-driven way. This
approach contrasts with earlier strategies that infer interactions only from ligand-receptor
pairs or treat cell types in isolation, sometimes both in parallel*”®, which cannot fully
unravel the complex, higher-order signaling networks present in real tissues. By jointly
analyzing how all cell types respond under a given condition, ReCoN identifies
multicellular responses, as coordinated transcriptional changes across different cells,
leveraging the concept of indirect effect: for instance, when a given cytokine triggered one
leukocyte subset to produce downstream mediators, ReCoN incorporated that indirect
influence on other cell types. Isolating direct and indirect effects, ReCoN was used here to
provide insights into their respective contribution in predicting in-tissue responses
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The advantages of this framework are evident in its strong performance on two distinct
biological datasets. In the Immune Dictionary, a recent single-cell atlas mapping how 86
cytokines affect 17 distinct immune cell types in vivo, ReCoN accurately predicted each cell
type’s gene expression responses to cytokine stimulation, with a significant contribution of
the GRN layer. Importantly, it outperformed isolated cell models by capturing indirect
effects. Across the board, modeling such cross-talk yielded significantly higher correlation
with observed expression profiles, especially for genes regulated via multicellular feedback
loops. Similarly, when predicting Heart Failure signatures from the Human Heart Atlas
single-cell data, incorporating intercellular interactions led to marked improvements in
predictive power. ReCoN better explained gene expression for all studied cell types,
correctly capturing many hallmarks of cardiac disease that emerge from intercellular
signaling (e.g., BMP4, cardiomyocyte hypertrophy, hypoxia). In both the immune and
cardiac contexts, the inclusion of indirect effects proved crucial, underscoring that many
key drivers of system-level behavior impact multiple cells through cell-cell communication.

We further demonstrated ReCoN’s capabilities in a showcase analysis of multicellular
interactions in cardiac fibrosis, a pathological process central to heart failure. The model
could infer upstream signals, i.e. identifying which cell types and secreted factors were
likely initiating particular gene programs in other cells. It could also predict downstream
consequences, i.e. how those intercellular signals altered gene expression in the receiving
cells. This comprehensive view allowed us to map a web of coordinated cell-cell responses
driving fibrosis. Notably, ReCoN identified distinct but interconnected transcriptional
programs activated in cardiomyocytes, endothelial cells, myeloid cells, and lymphoid cells
within the fibrotic heart. Cardiomyocytes, for example, reactivated a stress-associated
“fetal gene” program, reflecting the well-known hypertrophic and developmental
reversion seen in failing hearts. Endothelial cells, by contrast, upregulated an inflammatory
and pro-fibrotic program. Each of these cell-specific programs aligns with known roles in
heart failure pathology, as prior studies have observed that cardiomyocytes, endothelial
cells, myeloid cells, and fibroblasts each adopt unique disease-associated states in failing
hearts. This not only recapitulates individual findings of cell-specific changes but
integrates them into a coherent multicellular network of cardiac remodeling, yielding
testable predictions about which intercellular communications are key causal drivers.

Overall, we also highlight here the value of in vivo perturbations studies, to understand
more precisely the indirect effects and their relative amplitudes, which can vary between
drugs, environment, and cell types.
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4.4. Methods
4.4.1.1. Software and Reproducibility

The notebooks and scripts used to generate the presented results are available at
https://github.com/cantinilab/recon_reproducibility, along with the corresponding conda
environments and singularity images.

4.4.1.2. Network Construction

ReCoN models context-specific regulation by integrating intracellular gene regulatory
interactions with intercellular communication in a heterogeneous multi-layer network. A
key requirement is that all edge weights remain strictly positive, ensuring valid probability
distributions for diffusion algorithms. Only the nodes that are included in one of the layers
are present in the final results, ignoring the ones only present in bipartites.

Gene Regulatory Layer

We inferred a global gene regulatory network using HuMMusS (version 0.1.7), which
combines scRNA-seq and scATAC-seq data to predict transcription factor-target gene
interactions. However, any GRN inference method based on scRNA-seq alone or both
SCATAC-seq and scRNA-seq could be used.

With HuMMuS, we first built an HMLN composed of three layers: a TF layer, a SCATAC layer
containing peak co-accessibility information inferred from scATAC-seq data, and the scRNA
layer encoding transcriptional regulation inferred from scRNA-seq data. The
co-accessibility network was inferred using CIRCE** (version 0.3.4), and we kept all the
links with positive scores. The scRNA layer was inferred with GRNBoost2*** (Python version
implemented in Arboreto 0.1.6), and we kept the 50 000 first links. Both layers were then
combined with the Python code of HuMMuS, and we explored the HMLN to compute the
gene regulatory layer (see Supplementary Notes 2). Finally, only the links with a score
above 1.5e-7 were retained in ReCoN’s gene regulatory layer.

Receptor-Gene Bipartite Layer

While some took interest in inferring receptor - gene links directly*®”, there is very limited
direct information compared to the large-scale ligand - target genes publicly available
(Cytosig®*, Nichenet®). We thus decided to infer receptor - gene links under the
assumption that we reconstruct them through a linear matrix equation :

R=1L-G

with ligand-receptor (L) and ligand-gene (G) adjacency matrices from NicheNet v2,
accessible at https://zenodo.org/records/7074291. These matrices are accessible for both
mouse (lr_network mouse 21122021.rds, ligand target matrix nsga2r final mouse.rds)
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and human (Ir_network human 21122021.rds, ligand target matrix nsga2r final.rds).
We retrieved R using non-negative least squares (NNLS) in SciPy** (v1.15.2) enforcing to
have only positive links as needed in ReCoN. We finally considered all receptor-gene links
with a score of 5e-3.

Cell-Cell Communication Layer

The cell-cell communication layer contains nodes defined by a molecule and a cell type
that produced it. Intercellular edges were inferred using LIANA+" (version 0.1.9) with
CellPhoneDB™ algorithm, without imposing a limit on the initial proportion of a cell type
expressing a ligand (parameter expr_prop = 0). This produces a directed, weighted
ligand-receptor network with each pair of cell types, using cell type scRNA-seq expression
and a prior network of known ligand-receptor bindings. Any method producing
non-negative edges could also be used as long as the links contain individual molecules
and cell types involved. For the human data (Heart model), we used the “consensus”
database of LIANA+ as prior. For the mice data (Lymph node model), we use the
ligand-receptor binding database provided by Nichenet for mice. We then retained all
interactions strictly positive in all showcases.

4.4.2. Network exploration and signal propagation
4.4.2.1. Random Walk with Restart (RWR)

Random walk with restart (RWR) is a stochastic process consisting of a succession of steps
from one node (i.e., the seed) to a neighboring one through the network's edges, with a
probability to start again from the seed at each step. RWR can be used to explore HMLNs
and to provide a measure of nodes’ closeness across the layers, ensuring the existence of a
unique stationary distribution'"**®. RWR strategies have been shown to significantly
outperform methods based on local distance measures for the prioritization of
gene-disease associations**®*’. To run the RWR, we here used MultiXrank, a Python
package proposing optimized RWR on universal multilayer networks™®.

Different parameters guide the successive steps. First, the restart r determines a trade-off
between returning to seed nodes and exploring the network and prevents the random
walker from being trapped in dead ends. While the restart probability is typically 0.7 in
previous works and HuMMuS'"1*2% 'the default value in ReCoN is 0.6 to allow a deeper
exploration of the network across an important number of layers. If there are multiple
seeds, each of them has a relative probability based on its weight to be used as a restart.

We also need to specify the probability of moving from one layer to any layer. It allows you
to direct the flow of the exploration and the importance of each layer. By default, in ReCoN,
the probability of staying in a layer is 0.5. The probability of jumping to each reachable
layer is then 0.5/N, with N the number of reachable layers. Once the layer has been
decided, the scores of the reachable nodes in it are normalized such that they can now be
used as probabilities to reach them.
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ReCoN basic explorations

ReCoN has four standard ways of exploring multicellular systems, based on depth and
direction. It can first be used to identify upstream and downstream molecules. The 2
exploration directions follow specific flows of information through different transition
matrices in-between layers. Downstream explorations allow transition from the cell-cell
communication layer to the receptor layer, the receptor layer to the gene regulatory layer,
and the gene regulatory layer to the cell-cell communication layer. It represents the
expected signal transduction. Upstream explorations allow the exact opposite transitions.
Additional layers can be included with their own rules, and could notably allow transition
back and forth with other layers (i.e., metabolites to genes and genes to metabolites).

For each exploration direction, it is possible to decide between intercellular exploration
(exactly as described above) and intracellular exploration alone. The intracellular
exploration excludes cell-cell communication and thus some transitions between layers. In
the intracellular downstream exploration, there is no transition from the gene regulatory
layer to the CCC layer: genes cannot jump to expressed ligands in the cell communication
layer. In the intercellular upstream exploration, transitions from the CCC layer to the gene
regulatory layer are not allowed: binding ligands cannot jump to the gene that expresses
them. Isolating both exploration depths is useful to understand the specific effect due to
direct signal transduction and indirect cell communication.

ReCoN predictions

The global effect or context of a perturbation is computed by a combination of its direct
and indirect effects. The direct effect corresponds to an intracellular exploration, while the
indirect effect is obtained from several intercellular explorations. All three outputs are
vectors containing all the nodes of the HMLN and the associated probability of reaching
them. These probabilities are interpreted as the weight of the regulations between them
and the seeds.

A downside of RWR in a large multilayer network is that nodes of layers that are close to
the seeds have mechanically higher weights. Since the indirect effects modelling requires
crossing more layers, the direct effect had a much higher contribution. This is also a reason
for differentiating direct and indirect effects, allowing for modulating their contribution in
a second time. We additionally aim to reduce this effect in the computation of the indirect
effect itself. From the direct effect, we first identify downstream genes in the GRN layer that
encode secreted ligands. Rather than seeding the indirect RWR on those gene nodes, we
assume that they will be translated as protein and seed the walk on the corresponding
ligand-produced nodes in the cell-cell communication layer. This places the restart point
closer to the receptors and downstream targets in other cells, reducing the score's dilution
across the walks. Symmetrically, for the upstream exploration, instead of starting from the
binding ligands, we use the gene node linked to them.
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4.4.2.4, Cell type proportional contribution

Some cell types have more effect on their surroundings than others. It depends both on
their distribution and their ligand expression profiles. By default, each cell type contributes
equally to predicting the others. However, it is possible to adjust the Beta coefficient to
represent it based on the available information for each dataset. Notably, spatial
transcriptomic data could be used to identify the proximity and relative importance of
each cell type over the sum of all surrounding cell signals.

4.4.3. Modeling Cytokine Treatments In Vivo (Mouse)
4.4.3.1. Data Sources and Preprocessing

The Immune Dictionary data were downloaded at https://www.immune-dictionary.org as
Seurat objects and merged into a MuData object comprising the scRNA-seq profiles of 81
cytokine treatments across 17 lymph node cell types. In these downloadable files, a
maximum of 100 cells per cytokine treatment for each cell type were sampled to ensure
comparability across cell types for this analysis and 15 cell types were available: B cell,
¢DC1, cDC2, eTAC, ILC, Macrophage, Migratory DC, Monocyte, Neutrophil, NK cell, pDC, T
cell (CD4+), T cell (CD8+), yd T cell, Treg. All the cells were kept for the subsequent analysis.
Only 41 cytokines were present in the prior ligand-receptor database, and 25 had at least
one active connection inferred by CellPhoneDB. We use the latter to compare the different
models.

4.4.3.2. Identification of Perturbed Genes

For each cytokine-cell type combination, differentially expressed genes were identified
with Scanpy’s Wilcoxon rank-sum test (FDR P-val < 0.1, |log,FC| > 1). In individual
cytokine-cell type pairs evaluations, the ones with fewer than two significantly perturbed
genes were excluded from downstream ranking analyses. We ended up with 206 cytokine -
cell type pair profiles (see Supplementary Figure 2).

4.4.3.3. External Multi-Omic Integration

To refine the gene regulatory layers, we combined scRNA-seq from external murine lymph
nodes®® and scATAC-seq from murine immune cells (CD45+)*®. The scATAC count matrix is
accessible in GEO under accession code GSE242466 as
“GSE242466_archr_mouse_immune_cell_atlas.tar.gz”. The scRNA-seq data is available at
https://cf.10xgenomics.com/samples/cell-exp/7.2.0/4plex _mouse LymphNode Spleen To
talSegqC multiplex LymphNodel BC1 AB1/4plex mouse LymphNode Spleen TotalSeqC
multiplex_LymphNodel BC1 AB1 count sample filtered feature bc matrix.h5, as part
of the following dataset:
https://www.10xgenomics.com/datasets/Mixture-of-cells-from-mouse-lymph-nodes-and-s
pleen-stained-with-totalseqc-mouse-universal-cocktail
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Briefly, we filtered out in both matrices the features that were expressed in less than 3 cells,
and then limited to only the 16,000 most variable genes. We then filtered out cells with
fewer than 3 expressed features. It resulted in the scRNA-seq in 1,789 cells with 13,167
genes, and for the scATAC-seq in 3,759 cells with 254,545 regions.

4.4.3.4, Murine lymph node model reconstruction.

A gene layer was inferred from the external scRNA-seq datasets with GRNBoost2*** (python
implementation in arboreto, v0.1.6), and a DNA region layer was inferred from the
SCATAC-seq dataset with CIRCE*' (v0.3.4). Untransformed counts were used as input for
both. Both were then combined to infer a GRN with HuMMuS™ (v0.1.7). The cell
communication layer was computed from the Immune Dictionary subset of the cells
treated with phosphate-buffered saline solution (PBS).

4.4.3.5. Benchmarking Against Baseline Models

ReCoN performance was compared to NicheNet’s ligand-PKN and receptor-PKN models.
For each model, AUROC and AUPR were calculated for per-cell type and multicellular
rankings. Statistical significance of performance differences was evaluated using two-sided
Mann-Whitney U tests (non-Gaussian assumption), corroborated by Wilcoxon signed-rank
tests.

4.4.4, Modeling Heart Failure in Humans

4.4.4.1. Multiome Human Heart Cell Atlas Preprocessing

We preprocessed the single-cell multiome data from the human left ventricles as proposed
in the GRETA pipeline. The samples were first extracted from the complete dataset. We
filtered out the cells expressing fewer than 100 genes, and all genes expressed in fewer
than 3 cells. We kept the most variable genes expressed in more than 16,384 cells, and the
65,536 most variable regions. Cell type annotations by different methods are already
present in these samples. We kept all the cells whose annotations through unsupervised
clustering, followed by marker genes through scANVI, were coherent. The preprocessed
dataset contained 25,787 cells, 16,384 genes, and 62,769 peaks.

4.4.4.2, Human Heart model reconstruction.

The gene regulatory layer was then computed similarly to the murine lymph node model,
using GRNboost (python v0.1.6) and CIRCE (v0.3.4), and inferring the final GRN combining
both layers with the R version of hummus.. The cell types identified from ReHeat2 were
used. We thus matched the cell types of the Heart Cell Atlas dataset to the ones of ReHeat2
according to the Supplementary Table 12. The cell communication was then computed
between these re-annotated cell types.
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4.4.4.3. Heart failure genes and ligands.

To identify the cell type-specific genes associated with HF, we used the MOFAcell scores of
the multicellular factor 1 (MCP1) reported in ReHeat2”. To have high confidence sets of
genes perturbed and unperturbed, we ranked all the scores and considered the top ten
percent highest absolute scores as true positives, and the ten percent lowest as true
negatives. In parallel, pairs of ligands and receptors with both associated with scores
above an absolute gene loading of 0.1 were considered potential driver interactions in HF.
The ligands of these pairs were used as seeds for ReCoN and PKN-ligands, while the
receptors were used in PKN-receptors.

4.4.4.4, Fibrosis Gene Selection

The genes related to the extracellular matrix were obtained from mSigDb. We merged all
the NABA gene sets in human that were not related to cancer : ‘basement_membranes),
'collagens', 'core_matrisome', 'ecm_affiliated', 'ecm_glycoproteins', 'ecm_regulators',
'matrisome’, 'secreted_factors, 'matrisome_associated’, 'proteoglycans’. 149 of these
genes were present in the gene regulatory layer and used as seeds in the fibrosis analysis
showcases.

4.4.4.5. Evaluation of performances in predicting HF differentially expressed genes

Seeds comprised HF-program ligands with normalized scores. RWR influence scores for all
genes were computed as described above. We benchmarked against NicheNet’s ligand-
and receptor-PKN models using AUROC/AUPR in multicellular and per-cell type contexts.

4.4.4.6. Evaluate receptor ranking shifts between ReCoN and PKN-receptors

We identify the receptor whose activity profile differs most between the ReCoN framework
and the PKN-receptor model by treating each receptor’s activity score as a
one-dimensional embedding representation, and applying the Gene Mapping Matrix
(GMM) approach®®, Specifically, for each condition (ReCoN or PKN) we form a vector U of
receptor scores and compute a normalized distance matrix

|x—x|
L _J

GMM, = =,

where ||U||2is the Euclidean norm of the score vector. We then quantify each receptor’s

“movement” as the Euclidean distance between its corresponding row in the ReCoN GMM
and its row in the PKN GMM. The receptor exhibiting the largest movement value is the one
whose relative relationships to all other receptors shift most between the two models.

4.4.4.7. Functional Enrichment

We used the gseapy python package to realise the GeneSet Enrichment Analysis (GSEA) of
upstream and downstream predictions. We evaluated the enrichment of the MSigDB
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Hallmarks (v2025) and the collection of gene sets extracted with the combination of
keywords related to hypertrophy, vascularization, and fibrosis (see Supplementary Notes
3). Enrichment p-values were adjusted by Benjamini-Hochberg FDR. Adjusted P-values
below 0.1 were considered significant in the subsequent analysis.

4.5. Data accessibility

Processed data and network used to generate the results will soon be available at Zenodo.

Only public data was used to generate the results. The Immune Dictionary data can be
downloaded at https://www.immune-dictionary.org/app/home. The murine lymph nodes
scRNA-seq data and the murine scATAC-seq data of immune cells used as input for the
lymph node model reconstruction can be downloaded on GEO under the accessibility
number GSE242466 and on the 10Xgenomics platform
https://www.10xgenomics.com/datasets/Mixture-of-cells-from-mouse-lymph-nodes-and-s
pleen-stained-with-totalseqc-mouse-universal-cocktail, respectively.

The Heart Human Cell  Atlas data can be downloaded at
https://cellgeni.cog.sanger.ac.uk/heartcellatlas/v2/Global raw.h5ad  (scRNA-seq) and
https://cellgeni.cog.sanger.ac.uk/heartcellatlas/v2/Adult Peaks.h5ad (scATAC-seq). We

used the samples with the following IDS:  HcAHeartsT10773166_HCAHeartST10781063,
HCAHeartST10773165_HCAHeartST10781062, HCAHeart9508627_HCAHeart9508819, HCAHeart9508629_HCAHeart9508821,

HCAHeart9845431_HCAHeart9917173, HCAHeartST11064575_HCAHeartST11023240, HCAHeartST11064574_HCAHeartST11023239.
The genes and ligands weights in the multicellular factor 1 identified in Heart Failure are

available at https://doi.org/10.5281/zen0od0.15261569. The gene sets were queried and
downloaded from https://www.gsea-msigdb.org.

4.6. Code accessibility

ReCoN is publicly available at https://github.com/cantinilab/ReCoN. All the analyses

presented in this manuscript were produced with ReCoN version 0.1.0 and will be
uploaded to Zenodo. Notebooks and conda environments to reproduce the analyses
presented in this manuscript are available at https://github.com/cantinilab/ReCoN paper.

Preprocessing and gene regulatory layer construction were made through Snakemake®”*

%2 containers. Downstream analyses are available as Jupyter

pipelines using Singularity
Notebooks®®. All computations were realised on the Pasteur Institute HPC, with 2 AMD

EPYC 7552 48-Core Processors, 500 GB of RAM, and Linux Red Hat 8.8.
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Chapter 5

Discussion

Conclusion of the thesis

Heterogeneous multilayer networks offer a new framework for integrating complementary
interactions between molecules.

In this thesis, HMLN structures have been leveraged for modelling different scales.

First, it has been applied to inferring molecular mechanisms inside cells. Chapter 2
introduces HUMMuS, a framework and package for modelling the regulation of gene
expression by TF and DNA regions. Decomposed into layers that contain specific types of
macromolecules (e.g., proteins, DNA, RNA), it considers both intra-omics and inter-omics
edges to improve predictions through RWR explorations. While most other state-of-the-art
methods based on scRNA-seq and scATAC-seq focus on inter-omics links, usually
symbolizing regulation, HuMMuS relies on the assumption that other undirected
co-operations are also essential to represent precisely the gene regulatory network.
HuMMuS outperformed the most commonly used method in a benchmark considering
TF-gene, TF-DNA region, and DNA region-gene links. Additionally, taking into account PPI
between TFs improved performances, highlighting the contribution of these links. To
further demonstrate the potential of HMLN for future developments, HuMMuS was applied
on a three-modality dataset - scRNA-seq, scATAC-seq, and snmC-seq - and efficiently
leveraged these third modality. It could be easily extended to upcoming single-cell data
and technology developments.

HuMMusS depends on several pieces, which all require important computational resources.
Nowadays, scATAC-seq data typically contain hundreds of thousands of individual DNA
regions, and inferring their interactions becomes rapidly costly. Initially, HuMMuS used
Cicero(source), a state-of-the-art method to infer cis-regulation DNA region interactions.
However, this method presents several limitations, both in data pre-processing and
computation resources usage. To overcome these challenges, Chapter 3 introduces CIRCE,
a new package optimising Cicero’s algorithm. This new implementation can compute
interactions from large datasets, such as atlases, in less time than most TV show episodes.

Single-cell technologies also allowed to investigate the communication between cells.
Building on HUMMuS results, a second HMLN structure was developed to assemble several
cell type networks and study their interactions. ReCoN leverages both GRN and
cell-communication networks to understand the coordination of cell types in a tissue.
ReCoN can predict the impact of an external molecule upon each cell type, considering the
signals they will exchange. It can also be applied to more complex setups, such as the
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activation of a biological function in one specific cell type, to understand its impact across
the tissue. The underlying hypothesis for ReCoN development is that a perturbation
doesn’t have only a direct effect, but also triggers the production of secondary messengers
by each impacted cell, which will also participate in the whole tissue response and
coordination. By differentiating such direct and indirect effects, it allows the quantification
of their individual contribution in the final predictions. Chapter 4 introduces ReCoN and
evaluates the contribution of the cell communication, the gene regulatory network, and
the indirect effects to ReCoN’s performance. These different elements all showed a
significant contribution. The indirect effect also showed a varying contribution across cell
types, consistent with the literature and their level of specialization.

Together, these contributions highlight the potential of HMLN to represent biological
systems, from detailed modeling of intracellular regulation (HuMMusS) to reconstruction of
intercellular programs (ReCoN). The main takeaway | would like to share with whoever
would read this thesis is the importance of considering co-operations for biological
regulation, and not to consider them only as pair-wise interactions. While it comes with
new computational challenges, it offers new opportunities to understand and predict
system outcomes. Computational models are still in their emerging area, but they deserve
to be heavily invested in to replace animal experimentations, and improve treatment
personalisations in the near future.

Open-source packages have been developed for each of the proposed contributions,
encouraging their use for understanding various biological conditions and their
generalisation to other systems.

5.2. Depth of exploration and restarts as methodological
limitations

A major parameter in RWR algorithms is the restart probability, which determines if we
continue exploring deeper the network or restart at the seed. This probability is usually a
constant, as in the works of this thesis, independent of how many steps have been realised
or which steps are possible. In RWR for MLN, a second parameter is the layers transition
matrix, which defines the probability of stepping from one layer to another. Similarly, the
probabilities of transitioning between layers are constant (i.e. for each node of a layer A,
the probability of stepping to B is independent of how many nodes can be reached in this
layer).

In the context of HUMMuS, presented in Chapter 1, it means that all TFs will lead to the
same number of transcription events, independently of the amplitude of their real effect or
their number of targets and associated weights. For example, a DNA region linked to two
genes with respective weights of 0.1 and 0.2 will reach them as often as a DNA region linked
to them with weights of 10 and 20. A possible solution could be to vary the restart
probability from each node, based on the inverse of the sum of the out-degree links, thus
penalizing the targets if the sum of their incoming edge weights is low. Recent works took
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interest in the subject, proposing notably random walk with extended restart (RWER)**,

that allows choosing or learning (based on a second algorithm) node-specific restart
probabilities.

These probabilities could penalize elements less important in the regulatory networks of
the cell. It is however possible that elements have different importance on distinct
molecular layers. For example, a TF can have a low probability to link directly DNA regions,
but a high affinity to form dimers with other TFs. We then would like penalizing the links to
target DNA regions without impacting the TF - TF links. A more recent algorithm,
CUSTARD?®, has been proposed to penalize links between nodes of different label groups,
defining node-restart probabilities while reweighting the network. This method, once
adapted to multilayer networks, could be an interesting way to take into account the fine
specificities and affinities of each component of our network, or at least their interaction
probabilities with each omic layer. It will however first require measurements of these
properties, which will probably not be accessible at the cellular scale before important
technological development.

5.3. Data quality for network inference and evaluation
5.3.1. Contextualise gene regulatory interactions

Differentiate cell specificities from noise

The performance of current GRN inference methods on scRNA-seq and single-cell
multiomics data is modest, with high false positive rates being a common problem. It has
been shown that inferred networks often contain many incorrect regulatory links, partly
because noise and dropouts mask the true signal>**. The use of prior TF-gene databases to
filter these links can help, but these data are often limited to specie-specific information
and thus strongly penalize cell type specificities. Moreover, these databases contain biases
towards TFs and genes more studied than others in the literature. Indeed, many of these
nodes have higher degrees in databases simply because more research and experiments
have been carried out to identify their interactions. Current methods are confronted to a
trade-off between correcting on generic knowledge - potentially introducing study-biases
- and adding data artifacts and noise in their predictions. Overall, it highlights the
importance of cell type specific experiments, such as perturbation, to validate network
inference methods.

Beyond pair-wise interactions

In contrast, HUMMuS does not filter out information on prior knowledge but proposes to
integrate different types of interactions in one large and exhaustive network. It however
can’t represent more than pair-wise interaction. For example, it cannot represent
contextual interactions (i.e. interactions depending on a third molecule's actions in a cell),
or TF dimers interaction with a DNA region at once. As an illustration, while if TFAand TF B
form a dimer and are linked accordingly in HuMMuS, it is possible to connect any region
bound by TF B from TF A too, it does not truly represent their joint action. If we remove the
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TF B, the TF A cannot bind these regions anymore, but if we remove TF A, TF B binding will
not be affected. This asymmetry denotes the absence of joint action representations. A
solution to these problems could be to borrow the conceptual representation of
hypergraphs, which introduces edges involving more than two nodes. New tools are
developed to explore these generalised graph structures, along with the growing interest
in more complex edge definitions®®.

In both cases, more contextual information is necessary on when interactions are
observed, in which cell types and cell states.

Validation data of gene regulations in specific conditions

While we jumped technologically from bulk to single-cell data, evaluations of the methods
building upon it are still limited by other types of knowledge that are still not cell (not even
cell type) specific. This also has repercussions in the evaluation of these methods, since we
lack a way to even evaluate cell and cell type-specific network predictions. As used in
Chapter 2, we can evaluate GRN on both functional and physical criteria, with perturbation
experiments and physical binding observations, respectively. However, the intersection of
interactions validated by both metrics is extremely low. It could denote a strong indirect
effect in perturbation studies (X perturbs Y, which itself perturbs Z; we infer X perturbs Z),
or many physical binding without consequences (X binds the DNA near Y, but it does not
affect transcription). In any case, it highlights the incompleteness of our validation tools
and the unclear purpose of many gene regulatory inference methods. Are we proposing a
fixed network of all the possible interactions, or a snapshot of the current regulatory
mechanisms involved in a specific phenotype? Clearer definitions of GRN’s purposes and of
metrics for their evaluation seem essential in answering which methods could answer each
of these very distinct roles*®.

5.3.2. Single-cell and spatial data for cell communication

As stated in the introduction, the distance between two cells is a major constraint in their
communication. Spatial data can provide such information and are thus particularly
informative to refine cell communication inference. In the current version of ReCoN, the
cell communication network is solely based on single-cell data and the average expression
of ligand and receptor across cell types. A natural development of ReCoN could be to
integrate spatial information to modulate the communication strength between different
cell types.

An important concept in spatial data is the concept of niches, or the repetition of cell type
arrangement patterns across a tissue. It would be informative to build niche-specific
models, differing by the communication strength between cell types and allowing the
study of niche-specific behavior. For example, the difference in tissue regrowth after
infarction or inhibition of cancer growth probably depends on the tissue environment.
ReCoN might predict drivers of these differences in specific cell types, enabling the
development of drugs targeting particular tissue regions.
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Supplementary Materials of
Molecular mechanisms reconstruction from single-cell
multi-omics data with HuMMu$S

Remi Trimbour™?, Ina Maria Deutschmann?, Laura Cantini***

Supplementary Text

HeterogeneoUs Multilayers for MUlti-omics Single-cell data (HuMMusS)

We developed HeterogeneoUs Multilayers for MUlti-omics Single-cell data (HuMMuS), a
new tool for regulatory mechanisms inference from single-cell multi-omics data
(https://github.com/cantinilab/HuMMusS).

HuMMusS is based on Heterogeneous Multilayer Networks (HMLNs). A HMLN is a network
N = (Vm, E, L), m =1, .., M, composed of M layers, each of which contains different

nodes v and different intra-layer links E < VmX V. Nodes of different layers are

connected by inter-layer links encoded in L(Kivela et al., 2014; Baptista et al., 2022). As
summarized in Figure 1, we reconstruct HMLNs composed of three layers: The TF layer,
containing unlinked TFs, the scATAC layer containing peak co-accessibility information
inferred from scATAC data and the scRNA layer encoding transcriptional regulation inferred
from scRNA data. Details on the layers construction are provided below.

Heterogeneous Multilayer Network (HMLN) construction

The standard structure we propose for molecular mechanisms reconstruction with
HuMMusS is based on scRNA-seq and scATAC-seq data that do not need to be paired.

TF layer

TFs expressed in the scRNA data and having a known motif according to JASPAR or cisBP
databases(Castro-Mondragon et al., 2022; Weirauch et al., 2014) were included in the TF
layer. In the presented results, we did not include TF-TF interactions in the TF layer of
HuMMusS, to make a fairer comparison with state-of-the-art methods. A second version of
HuMMus, called HuMMuS + TF, is also considered to test the added value brought by TF-TF
links. In this case, TFs are linked based on post-translational interactions reported in
OmniPath(Tiirei et al., 2021).
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scATAC layer

SCATAC data are used in this layer to infer cis-regulatory interactions using Cicero(Pliner et
al., 2018). Cicero provides co-accessibility scores between peaks within given windows of
the genome. We used 500kb as genomic window size for both human and mouse data, as
done in(Kamimoto et al., 2023; Pliner et al., 2018). In addition, Cicero requires defining
pseudocells, by averaging groups of N cells. In the following, we used N=50, corresponding
to the default Cicero value, with the only exception of the Liu dataset, where too few cells
were present, thus requiring N=10. We then filtered the obtained network based on the
co-accessibility scores: correlation threshold of zero for all datasets except the last dataset,
composed of three omics, where 0.2 is used. The obtained network is undirected and
weighted.

scRNA layer

There are many methods to infer gene networks from scRNA data. Though it would be
possible to use any network connecting genes without specifically regulatory hypotheses,
we here chose to use GENIE3(Huynh-Thu et al., 2010). GENIE3 is indeed one of the most
popular methods to infer GRNs from RNA and scRNA data, and it was shown to have better
performance than other state-of-the-art tools in(Kang et al., 2021; A et al., 2020). Being the
GENIE3 network a complete one, we filtered it to keep only the 10K links with the highest
weight. Of note, the network obtained by GENIE3 is here considered as an undirected and
weighted network thus allowing a random walk to move from a gene to all other genes
co-regulated by a common TF.

TF-peak bipartite

To associate TFs to potential binding regions, we used the function AddMotifs from the
Signac package(Stuart et al., 2021) and based on motifmatchr (Schep and University,
2023). This function can, however, be replaced by the users with others, if needed. TF
binding motifs were obtained from JASPAR and cisBP databases(Castro-Mondragon et al.,
2022; Weirauch et al., 2014). JASPAR motifs were obtained through the JASPAR2020 R
package(JASPAR2020). cisBP motifs, already reformatted and deduplicated, were accessed
through the chromVARmotifs R package(chromVARmotifs, 2023). To find overlap between
TF binding motifs and scATAC-seq peak coordinates, elements were mapped on the
genomic sequences from BSgenome.Hsapiens.UCSC.hg38 and
BSgenome.Mmusculus.UCSC.mm10 for human and mouse, respectively. The obtained
network is unweighted.

Peak-genes bipartite

We finally linked peaks to genes based on the distance of the peak from the transcription
starting site (TSS) of the gene. We considered 500 bp before and after the TSS. We chose a
small window since we wanted to directly link a gene to only potential promoters and
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leave the scATAC layer to give information on more distal regulatory regions, such as
enhancers. The obtained network is unweighted.

For the computational time needed to reconstruct the Heterogeneous Multilayer Network
(HMLN) with HuMMuS in a dataset of 55K cells scRNA and 9K cells scATAC, see Supp Table
7. After the reconstruction of the HMLN random walk with restart has been used for mining
its information.

Random walk with restart (RWR)

Random walk with restart (RWR) is a stochastic process consisting in a succession of steps
from one node (i.e. the seed) to a neighboring one through the network's edges, with a
probability to start again from the seed at each step. RWR can be used to explore HMLNs
and to provide a measure of nodes’ closeness across the layers, ensuring the existence of a
unique stationary distribution(Kivela et al., 2014; Brin and Page, 1998). To run the RWR, we
here used MultiXrank, a Python package proposing optimized RWR on universal multilayer
networks(Baptista et al., 2022).

The RWR of MultiXrank makes at every step three consecutive decisions: (1) it decides
whether to restart from the seed or not; (2) it then decides on which layer to go based on
different predefined probabilities; (3) it finally decides on which node to move, based on
intra-layer links, if we stay in the same layer, and based on inter-links, if we move to
another layer. We set the probability to restart from the seed and the probability to jump
from one layer to another. The restart probability was set at 0.7 for all the results presented
here, being the default value in MultiXrank and also used in other RWR
applications(Baptista et al., 2022; Didier et al., 2015; Zhao et al., 2015). Concerning the
probability of jumping from one layer to another, we set it to be equiprobable in all layers,
including the starting one. This choice is aimed at having each omic contribute equally to
the results. Of note, in the HUMMuS package, when possible, we parallelized RWRs to
benefit from multi-core usage.

Possible outputs of HuUMMuS

The final outputs of HUMMuS are: (i) the prediction of the targets of a Transcription Factor
(TF), based on RWRs starting from each TF in the TF layer and exploring the full network
until the scRNA layer; (ii) the prediction of the peaks bound by a given TF, based on RWRs
starting from each TF in the TF layer and exploring the scATAC layer; (iii) the prediction of
the regulatory regions (proximal and distal enhancers) associated to a given gene, based
on RWRs starting in each gene of the scRNA layer and exploring the scATAC layer; (iv) the
reconstruction of Gene Regulatory Networks (GRNs), based on RWRs starting in each gene
of the scRNA layer and exploring the full network until the TF layer; (v) the extraction of
communities in the GRN, reflecting tightly connected macromolecules in the HMLN
frequently involved in the regulation of the same biological process or pathway(Barabasi
and Oltvai, 2004).
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Benchmarking settings
Datasets and preprocessing

The benchmarking was realized on four datasets: Chen, Liu, Duren, and Semrau (see Supp
Table 2). The Chen and Liu datasets consisted of paired single-cell RNA sequencing
(scRNA-seq) and single-cell chromatin accessibility profiling (scATAC-seq) data from human
embryonic stem cells (hESCs). Duren and Semrau consisted of unpaired scRNA-seq data
from mouse embryonic stem cells (mMESCs). The Semrau dataset contained only scRNA-seq
data; we thus used it together with the Duren’s scATAC-seq data. Description of the data
and download links can be found in Supp Table 2. Regarding data preprocessing, for both
scRNA-seq and scATAC-seq data, we filtered out the features expressed in less than 1% of
the cells. Gene counts were then log2-transformed, and peak accessibilities were binarized
by replacing the non-null values with 1.

Running the state-of-the-art methods
SCENIC+(Bravo Gonzalez-Blas et al., 2023)

We first applied cisTopic, initializing a CistopicObject directly from the peak matrix since
the fragments files were not available for the four datasets. Topic modelling was realized
with the run_cgs_models function and all default parameters. To handle data sparsity,
accessibility imputation was also done according to SCENIC+ tutorials through the
impute_accessibility function, with scale_factor = 1e6.

Since the benchmark was realized on single-cell type datasets, we selected important
regions for each topic using the Otsu method(Otsu, 1979) and by taking the 3000 top
regions per topic. We then used pycisTarget with the precomputed motifs rankings and

score  per  region, and motif  annotation  databases  available at
https://resources.aertslab.org/cistarget/databases/mus _musculus/mm10/screen/mc_v10
clust/region based/ and

https://resources.aertslab.org/cistarget/databases/homo_sapiens/hg38/screen/mc v10 cl
ust/region_based/ for mouse and human datasets, respectively.

The search space around the gene was defined as 150kb upstream/downstream as
suggested in the SCENIC+ tutorial, from the gene coordinates of the biomart_host
matching each dataset. Finally, the functions calculate_TFs_to_genes_relationships,
calculate_regions_to_genes_relationships, build_grn (min_target_genes=1,
rho_threshold=0) format_egrns were used successively with all default parameters, except
those between parentheses. These two have been lowered to keep more regulations and
test different thresholding in downstream evaluations.

Pando(Fleck et al., 2022)
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First, unpaired datasets were computationally paired with SCOTv2(Demetci et al., 2022),
running SCOTv2.align with default parameters (k=50, e=1le-3, balanced=True, rho=5e-2,
normalize=True). Following the default Pando pipeline, pseudocells were then aggregated
as described in
https://github.com/quadbiolab/organoid regulomes/blob/main/pando/pseudocells.R to
reduce data sparsity(Fleck et al., 2022). Motifs were obtained from JASPAR2020 and cisBP,
and matched to ATAC peaks with find_motifs. The GRN network was finally inferred with
infer_grn using the parameters suggested in the Pando vignette, plus upstream = 100k,
downstream = 100k, and only_tss = TRUE to consider regulatory regions both downstream
and upstream of the TSS, as done by the other tools here considered.

CellOracle(Kamimoto et al., 2023)

We applied CellOracle as described in__https://github.com/morris-lab/CellOracle.
ScATAC-seq datasets were analyzed with Cicero to find co-accessible regions
(co-accessibility score > 0.8) in a genomic window of 500kb. Peaks co-accessible with
promoters were associated with genes through CellOracle integrate_tss_peak_with_cicero
function. Peaks were also scanned with the CellOracle TFinfo function and its default
parameters and default motifs to identify TF binding sites, to produce TF-gene edges.
Finally, the TF-gene edges were inferred by the get_links function with alpha = 10.

GENIE3(Huynh-Thu et al., 2010)

The R implementation of GENIE3 has been considered here. For both human and mouse
datasets, we used the TFs having a known motif in JASPAR2020 or cisBP and expressed in
the scRNA-seq data.

TF targets predictions

This first benchmark aims to test the ability of different methods to predict the targets of a
Transcription Factor (TF). To do this prediction with HuMMuS, we set the TFs of interest as
seeds of the RWR and explored the entire HMLN until the scRNA layer to find their target
genes. The probabilities of the RWR have been set as follows: (i) for the default HUMMuS
version, from the TF layer, the only option was to move to the scATAC layer (as we have no
link in the TF layer). We thus set a probability of 1 in the RWR to move from the TF layer to
the scATAC layer. For HUMMuS + TF, we set a probability of 1/2 to stay in the TF layer and
1/2 to move to the scATAC layer; (ii) from the scATAC layer, we could stay on the layer or
move either in the TF layer, either in the scRNA layer, we thus set the RWR probability to
1/3 to make all omics have the same relevance; (iii) from the scRNA layer, we could stay on
the layer or move up into the scATAC layer we thus set the RWR probability to 1/2 to make
all omics have the same relevance. The probability of restart was set to 0.7, the default
MultiXrank value. After RWR, we obtained, for each TF, a ranking of putative target genes.
The other state-of-the-art methods (CellOracle, GENIE3, Pando) provide a GRN, also
corresponding to a list of TF-gene links reflecting a ranking of putative targets per TF. We
thus evaluate performances by comparing such rankings with ground-truth TF targets
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from(McCalla et al., 2023) that are expressed in the scRNA data. The ground truth
in(McCalla et al., 2023) is composed of TF-target gene pairs for both hESCs and mESCs
obtained from the intersection of ChIP-seq data and perturbation experiments (impact of
TFs KO/KD on gene expression).

For each method (HuMMuS, SCENIC+, CellOracle, GENIE3, Pando) and each TF in the
ground-truth, we computed Fisher’s exact tests and intersection sizes between the N top
target genes and the ground-truth targets, with N varying in (3, 5, 10, 15, 20, 30, 40, 50, 75,
100). For each method, only TFs having at least 100 targets are considered. Finally,
intersection performances are averaged across TFs, as TFs can vary from one method to
another.

Regulatory regions identification
Predicting the peaks bound by a TF

To predict the peaks bounded by each TF with HuMMuS, we focused on the TF layer and
SCATAC layer. RWRs were performed from each TF to explore the scATAC layer and find the
closest peaks to them according to the RWR. The RWR probabilities were thus set to 1 for
going from the TF layer to the scATAC layer (same argument for this as above); 72 to stay in
the scATAC layer or move to the scRNA layer, and 1 to go from the scRNA layer to the
SCATAC layer. The scRNA links are thus not used, and the only scope of the scRNA layer is
here to connect peaks associated with the regulation of the same gene. Once obtained a
ranking of peaks for each TF, since the output of HUMMuS is a scoring of peaks and not a
binary classification, we thresholded the ranking to only keep the top 100%, 80%, 60% or
20% of the ranking as our predictions. We then obtained Pando’s TF-peak links from the
GRN post regression. TF-peaks links in SCENIC+ were obtained from the pycisTarget
predictions. Regarding CellOracle instead, TF-peak links were extracted from the backbone
network, since it aggregates the peaks to calculate the TF-gene links. Since the backbone
network of CellOracle is weighted according to Cicero, we further considered different
Cicero thresholds (0.05, 0.2, 0.8). This list includes the default threshold of 0.8, plus
additional lower thresholds since very few connections were kept with the default one. To
then evaluate the quality of the obtained predictions, a ground-truth was defined from
ReMap2022(Hammal et al., 2022). We thus downloaded the list of the non-redundant
peaks bound per TF computed in ReMap2022, using the 37 and 193 experiments available,
from hESCs and mESCs respectively. Only ReMap2022 peaks overlapping with the peaks of
the scATAC data were considered as part of the ground-truth. Finally, we use F1 scores and
proportion of true positives to compare the peaks rankings obtained from the SCENIC+,
Pando, CellOracle, and HuMMuS networks and the ground-truth peaks obtained from
ReMap2022.

Predicting the regulatory regions (proximal and distal enhancers) associated with a
gene
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To predict the regulatory regions associated with a gene in HuMMuS, a RWR was computed
starting from the gene as a seed. No scRNA link was used, leading to a probability of 1 to go
directly to the scATAC layer. Once reaching the scATAC layer, if no restart, the RWR remains
in the scATAC layer with probability 1. This solution allows for exploring the peaks
associated with a gene based on the scATAC layer and thus potentially regulating the gene.
Pando was not considered in this part of the benchmark since it does not infer peak-gene
links independently from TF binding. In SCENIC+, peak-gene links were extracted after the
regression model. To make the results of SCENIC+ and HuUMMuS comparable, we took the
same number of predicted enhancers for all the shared genes and filtered these
predictions at different percentages (100%, 80%, 60%, 20%). In CellOracle, peak-gene links
were extracted from the backbone networks and filtered according to correlation as
suggested by the authors. As for TF-regions, we then considered different Cicero
thresholds: 0.05, 0.2, and 0.8, with 0.8 being the default value.

The obtained predictions were then compared with a ground-truth based on a
combination of six enhancer databases. We first defined a list of potential enhancer-gene
interactions from the union of PEGASUS(Clément et al., 2020; Naville et al., 2015), ENdb(Bai
et al., 2020) and EnhancerAtlas2.0(Gao and Qian, 2020). We then filtered this list, keeping
only the links whose enhancers were present in the union of Fantom5(Forrest et al., 2014),
VISTA(Visel et al., 2007), and SCREEN.ENCODE(Moore et al., 2020) databases. Finally, we
only kept in the ground-truth enhancers overlapping with the peaks of the scATAC data.
The quality of the overlap between predicted regulatory regions and the databases was
finally assessed using F1 scores.

Community detection

As community detection methods well-suited for biological HMLN do not exist at the
moment, we here compared community detection on the GRN output of HUMMuS vs. the
GRNs obtained by the other methods. To obtain a GRN from HuMMuS we run, for each
gene, a RWR starting from the gene as seed and arriving up to the TF layer to make TFs
compete to regulate it. In the default HuMMuS version, we thus set the probabilities to 2 to
stay in the scRNA layer or to jump from it to the scATAC layer, 1/3 to jump to any of the
layers from the ATAC one, and a probability of 1 to reach the scATAC layer once reaching
the TF layer. In HUMMuS+TF, we used the same RWR probabilities as above, except for the
TF layer, where we have a probability of 2 to stay in the layer and %2 to move back to the
SCATAC layer. Once obtained a GRN also for HuMMuS, we performed community detection
on the GRNs of all methods (HuMMuS, SCENIC+, Pando, CellOracle, and GENIE3). Only
absolute weights were considered, all networks were filtered to the same density, and
community detection was finally realized with the Louvain clustering method(Blondel et
al., 2008) from the NetworkX implementation. To find the optimal clustering resolution for
each of the methods, we tested 21 values between 0 to 2 with a step size of 0.1 (see Supp
Table 5). Only resolutions providing at least 10 communities out of thousands of nodes
(see Supp Table 4 for details on the number of nodes per method and dataset) were
considered for the following part of the analysis. We considered five different databases to
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evaluate the quality of the clustering: GO Cellular Component, GO Biological Process, GO
Molecular Function, KEGG 2021 (human) / 2019 (mouse), and Reactome 2016 (Kanehisa
and Goto, 2000; Kanehisa et al., 2023; Gillespie et al., 2022; Ashburner et al., 2000; Gene
Ontology Consortium, 2021). For each method and resolution, we then used the enrichR
package (Kuleshov et al., 2016) to find enriched pathways in each of their communities. We
then counted the number and the proportion of communities significantly enriched
(p-value < 0.05 in the results presented Figure 2.4) in at least one gene set of the database.
For each method, we selected the resolution returning the best performance.

HuMMusS applied to mouse cortex profiled for scRNA, scATAC and snmC
HuMMus application from HMLN reconstruction to GRN extraction

To illustrate the potential of HUMMuS we used a single-cell dataset of cortical neurons
composed of snmC, snATAC-seq, and scRNA-seq. The data were downloaded from
(Saunders et al., 2018; atac_v1_adult_brain_fresh_5k -Datasets -Single Cell ATAC -Official
10x Genomics Support; Luo et al., 2017). The snmC dataset was composed of 46,714 genes
and 3386 cells; scRNA-seq was composed of 25,299 genes and 55,803 cells, and scATAC-seq
was composed of 155,093 peaks and 2317 cells. For scATAC and scRNA, we used
preprocessed data in the h5ad files accessible at
https://scglue.readthedocs.io/en/latest/data.html under the names Saunders-2018 and
10x-Multiome-Pbmc10k, while for snmC data, we used mCH methylation averaged per
gene body (gene_level_mouse.txt) available at
https://brainome.ucsd.edu/annoj/brain_single nuclei/snmcSeq processed data.tar.gz
and retained only the features expressed in more than 3% of the cells.

We then used HUMMuS to contract a HMLN consisting of four layers: a TF layer, a snmC
layer, a SCATAC layer, and a scRNA layer. To follow transcriptional regulation structure, we
placed the snmC layer in the middle, connected with the scATAC layer and the scRNA layer.
We did not link the snmC layer to the TF layer because TF binding motifs are specific to
small regions, making gene bodies too large for precise binding motifs. As in the
benchmark, we didn’t put links in the TF layer. For the scATAC layer, we used Cicer,o setting
a co-accessibility score threshold at 0.2, as almost all correlations were above 0. The scRNA
layer was computed with the Python version of GRNBoost2; GENIE3 did not manage to get
results on such a big dataset. Then the 50k links with the highest weights were kept. For
the snmC layer, since we did not find methods designed to infer networks on methylation
data, we used partial correlation from the pingouin0.5.3 python package, accessible at
https://github.com/raphaelvallat/pingouin/tree/master. All the links with an absolute
corrected correlation above 0.3 were kept. The inter-layer connections not involving the
snmC layer were structured as in the benchmark. The connections between the snmC layer
and the scATAC layer were set based on the distance of the scATAC peaks from the
transcription start site (TSS) of the genes, nodes of the snmC layer (500 bp before and after
the TSS). The connections between the snmC layer and the scRNA layer were just based on
gene-gene correspondence.
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After HMLN construction, using RWR from the gene layer up to the TF layer, we
reconstructed a GRN. To give the same importance to each modality, the probability of
going to any possible layer was the same. For the scATAC layer, we then have a probability
of V4 to go to each of the other layers or to stay in. For the scRNA layer and the snmC layer,
we have a probability of 3 to stay in the layer, to move to the scATAC layer, or to move to
the other gene-node network. Finally, from the TFs layer, it is only possible to jump to the
SCATAC layer.

Data analysis with the obtained GRN

Starting from the GRN provided by HUMMuS, we isolated regulons, corresponding to TFs
and their linked genes, and evaluated their activity in sScRNA data using the unilinear model
implemented in Decoupler (Badia-i-Mompel et al., 2022). UMAP was then run on such an
activity matrix to test the ability of the obtained regulons to cluster cells according to their
cortical neuron sub-population of origin. Finally, TF activities were used to find top marker
regulons of each cortical neuron sub-population, focusing on the top 10 regulons per
cortical sub-population.

Supplementary Data
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Supplementary Figure 1. Enriched communities from different RWR exploration. (A) Heatmaps of
percentage of enriched community when starting random walk with restart from the TFs and from the
genes across the five biological databases. The values reported in the table correspond to the percentage
of enriched communities, while those in parentheses are the actual number of enriched communities.
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Supplementary Figure 2. Transcription Factor (TF) - target genes prediction with and without cell
pairing. (A) Average number of correctly predicted targets per TF. (B) Number of TFs with a significant
number of correctly predicted targets (Fisher’s exact test p-val<0.05). In (A-B) Colors correspond to different
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Supplementary Figure 3 - Number of regions and proportion of true positives detected per TF-region
predictions’ methods. (A) Distribution of the number of binding regions per TF inferred by Pando,
CellOracle, SCENIC+ and HuMMusS; (B) Proportion of true positives in the predicted TF - binding regions
pairs of the different methods. In (A-B), different colors correspond to different methods: HuMMuS
(orange), Pando (blue), CellOracle (green), SCENIC+ (dark red).
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Supplementary Figure 4 - Number of regions and proportion of true positives detected per enhancer
predictions’ methods. (A) Distribution of the number of regulatory regions per gene inferred by CellOracle,
SCENIC+ and HuMMusS. (B) Proportion of true positives in the predicted enhancers - gene pairs of the
different methods. In (A, B) colors correspond to methods: HUMMuS (orange), CellOracle (green), SCENIC+
(dark red).
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Supplementary Figure 5. Binding regions and regulatory regions prediction with and without cell
pairing. F1 score distributions of the intersection between the ground-truth of TF-peak associations and
those inferred by HuMMusS. Different colors correspond to different data processing: orange (HUMMuS on
unpaired scATAC and scRNA-seq data), blue (HuMMuS on paired scATAC and scRNA-seq data).
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Supplementary Figure 6. Spearman correlation between HUMMusS. Spearman correlation coefficient
between GRNs inferred by HUMMuS on different subsets of a mouse cortex dataset (scRNA+scATAC-seq
unpaired). Correlations have been computed between the complete dataset and 3 subsets of it, removing
scRNA-seq cell and/or scATAC-seq measurements (barplots on the left). Correlations between the
corresponding scATAC layer and between the corresponding scRNA layer obtained from these subsets have
also been computed (barplots on the right). Three cortical neuron locations are present: MGE (184 cells),
Layer 2/3 (614 cells), and Layer 6 (345 cells). In the reduced scRNA dataset, half of the Layer 2/3 neurons
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have been discarded from the scRNA-seq data. In the reduced scATAC dataset, half of the Layer 6 neurons
have been discarded from the scATAC-seq data.

A

e Claustrum
a
= e Layerb5a
1) @ 5 =
o el = an e i
@ o = | @ @ o w
2 z K: & z 7 o
— - o - - o | =
layer23 D @ O @B © 00 0 0 OO OB O - 0 ©@00o0o0o0 oo o e @ e 9 = 6 00 s o o B Region specific
layer5a1 @ @ 0 0 0 @ @0 00 OO 0O 0 - 000 O000Gc OO ° 0+ 066000900060 -=0080 =
Caustrum{ & + o« 6 - 00 0D O0OO®OO® @@ @o000occ0000POBCOOOOCOOC 0 Cortex specific
LayerSby « - e o c@oc@c 00200000 @®B® 000 0090200000000 = =
Layer6{ - 66 -00000000000000000000000Q@cCcCRE® - 0@00G0E Neuron/brain specific
Layer54 © @ o co0coocec@ooo@®-°c°:0000000000 00900 0@BOO s = 5
CGE - s o c0c0 000000000 @020 020000 0000000000 Highly expressed in brain
MGE s e e @ 00092 c:00000°0000000000000000000000
EEER RN R A PR R R S Rl
2 g;ﬁmacEOufgzsgg‘l ﬁﬁg 5= o E,ﬂﬁz EE Fraction of cells Mear\express\un
o & ' o ' ' ' % = = ' In group (%) in group
d
S & 2 F 3 c000@® [— ]
S
L "“ “ 20406080100 L S

Supplementary Figure 7. HUMMusS results on mouse cortex without methylation. (A) UMAP plot, in
regard to Figure 5.B, showing the UMAP of the cells obtained from HuMMuS (without methylation layer)
regulon activity. Cells are colored according to the label present in their original publication and in
previous analyses. (B) Heatmap of activity for the top five TFs per cell population. Colors are used to denote
the type of validation available; arrows indicate TFs lost once methylation is excluded from the analysis.

TF - target gene (no TF) TF - target gene (TF)
GRN (no TF) 0.6287910691
GRN (TF) 0.6990991243
GRN (no TF) 0.7700942452
GRN (TF) 0.6732228101
GRN (no TF) 0.7168694993
GRN (TF) 0.6675759391
GRN (no TF) 0.6189075068
GRN (TF) 0.6724702671

Supplementary Table 1. Spearman correlation between weighted edges of TF - target gene
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networks and GRNs, with/without using TF - TF interactions for each dataset. For each pair of

networks, all

common non-null edges were used.

A. Benchmark data: Gene expression and chromatin accessibility datasets

Dataset name

Associated publication

Data accession

hESC_Chen (Chen et al., 2019) NCBI (GSE126074):
scRNA| Obtained by SNARE-seq. cell line mixture SNAREseq cDNA counts and 8595 features and 385 cells
chromatin counts, cell labels for filtering (ftp://ftp.ebi.ac.uk/ pub/
SCATAC | databases/mofa/snare_seq/cell_metadata.txt). Here, we only use H1 cells. | 36954 features and 385 cells
hESC_Liu (Liuetal.,2019) https://github.com/hdsu-bioquant/scCAT/
blob/master/data/HumanEmbryo/.
RNA . 23153 feat d 72 cell
¢ Obtained by scCAT. Human embryo RNA-seq counts, ATAC-seq counts, catures an cers
ScATAC | and annotation data downloaded from github link 68952 features and 72 cells
mESC_Duren (Duren et al., 2018; Zeng et al., 2019) NCBI (GSE115968): scRNA-seq_RA_D4, and
NCBI (GSE115970): sScATAC-seq_RA_D4
SCRNA| 415 scATAC-seq samples generated for the retinoic acid-induced mESC
differenation at day 4. 15299 features and 464 cells
SCATAC | 464 scRNA-seq samples generated for the retinoic acid-induced meSC

differenation at day 4.

23176 features and 414 cells

mESC_Semrau

(Semrau et al., 2017)

NCBI (GSM2098553) part of (GSE79578):
scrbseq_96h (scRNA-seq), but no
SCATAC-seq. We use the scATAC-seq from
mESC_Duren, NCBI (GSE115970).

SCRNA

scRNA seq data generated alone. scATAC-seq data of Semrau et al. has
been used as peak layer

10243 features and 384 cells

B. Ground truth table of target genes of transcription factors

Dataset name

Data accession link

Associated publication

mESC & hESC TF
GT

https: record/5909090/files/gold standard datasets.zip?do
wnload=1, Tables used hESC_chipunion_KDUnion_intersect.txt, and
mESC_chipunion_KDUnion_intersect.txt, downloaded: 6th April 2022

zenodo.or

(Stone et al., 2022)

C. Databases

used to construct Ground truth table of enhancers for genes

Databases
name

Data accession

Associated publication

EnhancerAtlas2.
0

http://www.enhanceratlas.org/indexv2.php, Table used
(ESC_neuron_EP.txt, ESC_Bruce4_EP.txt, ESC_J1_EP.txt, and
ESC_KH2_EP.txt): enhancer-gene interactions - Homo sapiens (hg19:
ESC_neuron) and Mus musculus (mm9: ESC_Bruce4, ESC_J1, ESC_KH2),
Downloaded: 4th April 2022, Preprocessing: table formatting, convert
hgl19 to hg38, mm9 to mm10, and ENSEMBL Gene IDs to Gene Symbol

(Gao & Qian, 2020)

ENdb http://www.licpathway.net/ENdb/, Table used (ENdb_enhancer.txt): All (Bai et al., 2020)

the experimentally confirmed enhancers (hg19 and mm10), Downloaded:

4th April 2022, Preprocessing: convert hgl9 to hg38
SCREEN http://screen.encodeproject.org, Table used (GRCh38-cCREs.bed.html (The ENCODE Project Consortium et al.,
(ENCODE) and mm10-ccREs.bed.html): all human cCREs (hg38) and all mouse cCREs |2020)

(mm10), Downloaded: 4th April 2022, Preprocessing: none
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https://github.com/hdsu-bioquant/scCAT/blob/master/data/HumanEmbryo/
https://github.com/hdsu-bioquant/scCAT/blob/master/data/HumanEmbryo/
https://zenodo.org/record/5909090/files/gold_standard_datasets.zip?download=1
https://zenodo.org/record/5909090/files/gold_standard_datasets.zip?download=1
http://www.enhanceratlas.org/indexv2.php
http://www.licpathway.net/ENdb/
http://screen.encodeproject.org/

VISTA http://enhancer.lbl.gov, Table used (imagedb3.pl.html): all 3281 elements | (Visel et al., 2007)
(hg19 and mm9), Downloaded: 4th April 2022, Preprocessing: delete
sequences, bring into table form, convert hgl9 to hg38, mm9 to mm10

PEGASUS ftp://ftp.biologie.ens.fr/pub/dyogen/PEGASUS/, Table used (Naville et al., 2015; Clément et al., 2020)
(hg19_CNEs_PEGASUS.data.gz): PEGASUS predictions for the human
genome (hg19), Downloaded: 4th April 2022, Preprocessing: convert hg19
to hg38, hgl9 to mm10, and ENSEMBL Gene IDs to Gene Symbol

Fantom5 https://slidebase.binf.ku.dk/human enhancers/presets, Table used (Forrest et al., 2014)

(hgl19_enhancer_promoter_correlations_distances_cell_type.txt.gz):
Enhancer-Promoter Cell Type Associations in 5.Enhancer - FANTOM
Robust Promoter associations, Downloaded: 12th May 2022,
Preprocessing: convert hgl9 to hg38, hgl9 to mm10 for enhancer and
also promoter regions

D. Databases for gene enrichment analyses included in enrichR (Chen et al., 2013; Kuleshov et al., 2016;
Xie et al., 2021)

Databases Data accession Associated publication

name

Gene Ontology |GO_Biological_Processes_2021, GO_Cellular_Component_2021, and (Ashburner et al., 2000; Gene Ontology
GO_Molecular_Function_2021 Consortium, 2021)

Kyoto KEGG_2021_Human and KEGG_2019_Mouse (Kanehisa & Goto, 2000; Kanehisa, 2019;

Encyclopedia of Kanehisa et al., 2021)

Genes and

Genomes

Reactome Reactome_2016 (citation refers to latest Reactome version not used (Gillespie et al., 2022)

within enrichR)

E. Dataset to test inclusion of 4th layer: Gene expression, chromatin accessibility, and HiC data

Dataset name | Data accession Associated publication

scRNA mouse http://download.gao-lab.org/GLUE /dataset/Saunders-2018.h5ad Saunders et al., 2018

cortex

sCATAC mouse http: wn - rg/GLUE 10x-ATAC-Brain5k.h h : rt.10xgenomi m/single-

cortex cell-atac/datasets/1.1.0/atac vl adult br
ain fresh 5k

snmC mouse http://download.gao-lab.org/GLUE/dataset/Luo-2017.h5ad Luo et al., 2017

cortex

Supplementary Table 2. Collection of publicly available data used in this study. (A) Description
of the four datasets to benchmark HUMMuS in respect to state-of-the-art methods. It notably
contains accessibility identifier/link and related original publication. (B) List of the ground truth
used to benchmark target genes of transcription factors for the mESC and hESC datasets described
above. (C) Databases of enhancers and regulatory regions combined to evaluate methods to
retrieve regulatory regions important for each gene. (D) List of the databases used to evaluate
enrichment of community detected from GRN benchmarking. (E) List and accessibility links to the
data used for the 3 omics multilayer reconstruction. We used the table already preprocessed and
formatted by Cao et al., 2022.

Layer /[ Bipartite |3 omics hESC hESC Liu |[mESC mESC
mouse cortex|Chen Duren Semrau
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http://enhancer.lbl.gov/
https://slidebase.binf.ku.dk/human_enhancers/presets
http://download.gao-lab.org/GLUE/dataset/Saunders-2018.h5ad
http://download.gao-lab.org/GLUE/dataset/10x-ATAC-Brain5k.h5ad
https://support.10xgenomics.com/single-cell-atac/datasets/1.1.0/atac_v1_adult_brain_fresh_5k
https://support.10xgenomics.com/single-cell-atac/datasets/1.1.0/atac_v1_adult_brain_fresh_5k
https://support.10xgenomics.com/single-cell-atac/datasets/1.1.0/atac_v1_adult_brain_fresh_5k
http://download.gao-lab.org/GLUE/dataset/Luo-2017.h5ad

TF layer (standard Number of nodes 717 220 670 607 334
HuMMus)
TF layer (from Number of nodes 432 432 364 364
St Number of edges 1403 1403 1046 1046
SCATAC layer Number of nodes 82108 25102 48207 20779 20779
Number of edges 302651 96104 439628 72986 72986
scRNA layer Number of nodes 9349 5095 5712 4520 5695
Number of edges 50000 10000 10000 10000 10000
snmC layer Number of nodes 5494
Number of edges 558845
TF --> scATAC bipartite |Number of sources 717 220 670 607 334
Number of targets 153507 25102 48207 20779 20779
Number of edges 10685078 619902| 3520936| 1373435 792771
SCATAC--> scRNA Number of sources 36494 4989 3624 3036 4772
elfpaifi Number of targets 16214 3780 2086 2661 4367
Number of edges 36494 5230 3690 3096 4986
SCATAC --> snmC Number of sources 35210
bipartite Number of targets 17284
Number of edges 38299
snmC --> scRNA Number of sources 24504
elfpain Number of targets 24504
Number of edges 24504

Supplementary Table 3. General description of the different multilayer components. This table
contains number of nodes and edges in each component of the multilayers analysed in this article

_ Number of TFs Number of genes | Number of edges Density

hESC_Chen CellOracle 252 5925 369196 0.24731
HuMMus 220 5095 1120680 1

HuMMusS + TF 426 5383 2170332 0.94661

SCENIC+ 536 8595 652237 0.14159

Pando 220 8152 270817 0.15102

GENIE3 220 8595 1875712 0.99208

hESC_Liu CellOracle 716 9749 1390371 0.19921

HuMMus 670 5733 3801638 0.9899

HuMMusS + TF 432 5675 2451600 0.98374

SCENIC+ 1387 23153 2884201 0.08977

Pando 517 15517 232767 0.02902

GENIE3 670 23153 12424093 0.80094

mESC_Semrau CellOracle 388 7662 706606 0.23772
HuMMusS 334 5695 1901796 1

HuMMusS + TF 360 5695 2050200 0.97109
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SCENIC+ 738 10243 1157290 0.15311

Pando 334 9658 695894 0.21575

GENIE3 334 10243 3300296 0.96477

mESC_Duren CellOracle 664 10473 1337231 0.19231
HuMMusS 607 4570 2741871 0.98864

HuMMusS + TF 364 4601 1644271 0.98201

SCENIC+ 1207 15299 2065227 0.11185

Pando 602 14045 1240683 0.14675

GENIE3 607 15299 8777184 0.94522

Supplementary Table 4. Density comparison between the GRNs of the different methods. Table

containing the number of TFs, genes, edges and the density of the GRNs defined by each method
for the benchmark.

Resolution
0 |0.1}0.2]03}04]|05]06]07]08J09| 1 |11)J12|13]|14|15|16]|17|18]19] 2
GO_Biological_Process_2021 1 1 1 1 1 1 1 1 2 3 7110 9|12 18] 19|27 |33]29|35]38
GO_Cellular_Component_2021 1 1 1 1 1 1 1 1 2 311017142116 22| 25|24 28] 27| 36
CellOracle GO_Molecular_Function_2021 1111y r)1)2]|3]10)16)15)17]17]21|24]33|36]|37]|36
KEGG_2021_Human 1 1 1 1 1 1 1 1 2 3 5 4 5|10 8111011} 13|12] 10
Reactome_2016 1 1 1 1 1 1 1 1 2 311001141114 17)20)21|23]20|29]32
GO_Biological_Process_2021 102021222} 222)2)2|3|4|3|4]4]2]2]|2]3]S3
GO_Cellular_Component_2021 1 2 2 2 2 2 2 2|2 2 2 2 3 2 3 2 1 1 1 2 2
Pando GO_Molecular_Function_2021 1 2 2 2 2 2 2 2 2 2 2 3 4 3 4 4 2 2 2 3 3
KEGG_2021_Human 1 2 2 2 2 2 2 2 2 2 2 1 3 2 3 3 1 1 1 2 2
Reactome_2016 1 2 2 2 2 2 2 2 2 2 2 2 4 3 4 4 2 2 2 3 3
GO_Biological_Process_2021 1 1 1 1 1 1 1 1 1 3 7 8| 13|15 12| 17|17 |15) 15|20 23
GO_Cellular_Component_2021 1 1 1 1 1 1 1 1 1 5| 13| 14| 18| 18| 2021|2020 22|20} 19
GENIE3 GO_Molecular_Function_2021 1 1 1 1 1 1 1 1 1 6 6|10 12|18 15] 23|21 | 21| 22| 25| 27
KEGG_2021_Human 1 1 1 1 1 1 1 1 11445 7]|]6]13]9|10)J11)13]10]12
Reactome_2016 1 1 1 1 1 1 1 1 1 7110|1110 10| 11| 14|17 |16 14| 20| 19

hESC_Chen —

GO_Biological_Process_2021 1 1 1 1 1 1 1 1 1 3 4 9 9 | 11| 12| 18|22 | 24| 21| 23| 26
GO_Cellular_Component_2021 111111135 5|12|8]8|9]|11]16f|15]|14]|14
HuMMusS + TF |GO_Molecular_Function_2021 1 111111113 7111013 13)16)16]|15]20]|15]22
KEGG_2021_Human 1 1 1 1 1 1 1 1 1 2 5 6 8 7 6 9 ]10]|10) 11| 8 |12
Reactome_2016 1 1 1 1 1 1 1 1 1 4 5 8 |12 15) 19| 20|22 |26 28| 21| 31
GO_Biological_Process_2021 1 1 1 1 1 1 1 1 1 2 4 7110 7|15 12|18 |14 27| 24| 27
GO_Cellular_Component_2021 1 1 1 1 1 1 1 1 1 3| 4 5 5 7 9| 14| 13]|18)| 18] 20} 22
HuMMu$S GO_Molecular_Function_2021 1 1 1 1 1 1 1 1 1 2 5 6 4 91 14| 9 | 12|12 13|20 24
KEGG_2021_Human 1 1 1 1 1 1 1 1 1 2 5 5 7 8|1 10|12 8 |14 15| 15| 18
Reactome_2016 1 1 1 1 1 1 1 1 1 3 5 5 5 8| 13| 17| 12|21|19]21]30
GO_Biological_Process_2021 1 1 1 1 1 1 1 1 1 6 711113 9|18 18|16|18] 20| 24] 20
GO_Cellular_Component_2021 1 1 1 1 1 1 1 1 1 |11} 1214|1718 18| 19|22 | 23| 24| 23| 25
SCENIC+ GO_Molecular_Function_2021 1 1 1 1 1 1 1 1 2 9| 1213|1212 20| 22| 21|22 25|22} 22
KEGG_2021_Human 1 1 1 1 1 1 1 1 1 3 5 6 8 7 7 8 6 |10)13] 9|11
Reactome_2016 1 1 1 1 1 1 1 1 2 9112|1614 | 19| 17| 20| 19| 21| 22| 23| 24
GO_Biological_Process_2021 1 1 1 1 1 1 2 2 3 5 6 | 11| 15| 11| 14| 22|24 |20 27| 27| 38
GO_Cellular_Component_2021 1 1 1 1 1 1 2 2 3 5 6 9 | 13|15 16| 17|22 | 24| 21| 27| 27
CellOracle GO_Molecular_Function_2021 1 1 1 1 1 1|12 2|3]|5]|6|10]14)18)23]20)27|29]|34]|30]33
KEGG_2021_Human 1 1 1 1 1 1 2 2 3 4 5 8 |10f11f 11| 11|13 |12|15] 14| 25
Reactome_2016 1 1 1 1 1 1 2 2 3 4 5 8 8 |13] 9| 13|16 |17 20| 23|29
GO_Biological_Process_2021 1|11 jolr)2)r)2)2)2)2|43|3|1]|3]|3]|4]|¢4
GO_Cellular_Component_2021 1 1 1 1 1 2 1 1 1 1 1 1 3 3 3 3 3 13| 3 2 2
Pando GO_Molecular_Function_2021 1 1 1 1 1 1 2 2 2 2 2 2 2 3 3 2 2 1 2 2 1
KEGG_2021_Human 1 1 1 1 1 1 0 1 1 2 1 2 2 2 2 3 2 2 2 1 2
Reactome_2016 1 1 1 2 1 3 1 2 2 3 2 2 3 2 5 4 3 3 4 4 4
. GO_Biological_Process_2021 0 0 0 1 1 1 1 1 1 1 2 2 2 3 2 21213 2 3 2
hESC_Liu GO_Cellular_Component_2021 0 0 0 1 1 1 1 1 1 1 2 2 2 3 2 2 3 2 2 2 2
GENIE3 GO_Molecular_Function_2021 0 ojofl 11|11}y 23)2)2)1122]3]2]3]33
KEGG_2021_Human 0 ol o 1 1 1 1 1 1122313313333 3]3]3
Reactome_2016 0 ol o 1 1 1 1 1121222232232 2]3]|3
GO_Biological_Process_2021 1 1 1 1 1 1 1 2 3 5 9 | 1215119 21| 25|26 |34 35| 40| 43
GO_Molecular_Function_2021 1 1 1 1 1 1 1 2 3 4 5 7]10|10)11| 6 7 |10| 12 14] 20
HuMMusS + TF |KEGG_2021_Human 1)l a1 1] 2]3|5)9]12f16]18]22]25]28]35]38]41]42
Reactome_2016 1 1 1 1 1 1 1 2 3 5 5 8 |10|11| 8| 11|16 | 14| 17| 19] 18
GO_Cellular_Component_2021 1 1 1 1 1 1 1 2 3 5 8 |10 12)15) 15] 20|20 | 25| 26| 25|29
GO_Biological_Process_2021 1 1 1 1 1 1 1 1 2 5 7|11 16| 21| 22| 24| 30| 41| 42| 50| 47
RERMES GO_Cellular_Component_2021 1 1 1 1 1 1 1 1|2 |3|5]6(|109| 9] 8]|13]10j19]20]19
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GO_Molecular_Function_2021 1 1 1 1 1 1 1 1 2 5 T |11 17|23 24| 31| 34|42 48| 53] 54

KEGG_2021_Human 1 1 1 1 1 1 1 1 2 4 5 5 9 8 8| 10|12 19| 18| 18| 24

Reactome_2016 1 1 1 1 1 1 1 1|23 6] 8 |12|12|15] 172024 27]33]|33

GO_Biological_Process_2021 0 0 0 0 1 2 1 1 3 21| 3 5 5 5 5 501514 4] 4] 4

GO_Cellular_Component_2021 0 0 0 0 0 2 2 1 1 2 3 4 5 4 4 6 4 6 5 7 5

SCENIC+ GO_Molecular_Function_2021 0 oJojojo 1 1 1 112313333445 4|¢6]4

KEGG_2021_Human 0 0OJojoj]o 1 1 1 1 1 114131313133 ]13]3]4]3.3

Reactome_2016 0 0 0 0 0 2 1 1 2 3 3 4144 4 5 4 6 5 6 6

GO_Biological_Process_2021 1 1 1 1 1 1 1 1 2 4 4 | 12| 15| 24| 27| 33| 37| 41| 42| 46| 52

GO_Cellular_Component_2021 1 111111125 4|10J10]17]21|28|26]33]33|34]36

CellOracle GO_Molecular_Function_2021 1111y r)1|2|4]4|10)12|25]23]22|31]35|33]|40]41

KEGG_2019_Mouse 1 1 1 1 1 1 1 1 2 5 4 8 9 |16] 20| 171 19| 21| 23| 25| 34

Reactome_2016 1 1 1 1 1 1 1 1 2 5 511017 21| 18| 27| 31|30 35]|45] 45

GO_Biological_Process_2021 1 1 2 2 2 2 2 2 2 2 2 9 7 9| 11| 18|15 11| 21| 19| 28

GO_Cellular_Component_2021 1 1 2 2 2 2 2 2|2 2 2 71416 9|l 12|14|13)17])12]21

Pando GO_Molecular_Function_2021 1 2 2 2 2 2 2 2 2 2 2 9 8 8| 11| 16|17 | 17| 18| 18| 24

KEGG_2019_Mouse 1 2 2 1 1 2 2 2 2 2 2 6 5 5 6 7T |13|12|13]12] 14

Reactome_2016 1 2 2 2 1 2 2 2 2 2 2 9 5 6| 11| 9 |15]|13| 16| 14| 19

GO_Biological_Process_2021 1 1 1 1 1 1 1 1 213 2| 4] 8 9|1 15| 4 | 13|13 11] 16| 16

GO_Cellular_Component_2021 1 1 1 1 1 1 1 1 2 2 2 3 5|10 9 9 |12|12| 18| 21|20

GENIE3 GO_Molecular_Function_2021 1 1 1 1 1 1 1 1 1 3 3 1 3 8|1 11| 9 |16|10| 13| 18| 14

KEGG_2019_Mouse 1 1 1 1 1 1 1 1 1133123575119 9]|13]10

Reactome_2016 1 1 1 1 1 1 1 1 2 3 3 2 6 5 8101011 15|20 21

mESC_Duren —

GO_Biological_Process_2021 1 1 1 1 1 1 1 1 2 4 8|10 12| 11| 14| 19| 15|23 23| 25|29

GO_Cellular_Component_2021 11y rfrjrfyry2)4)7]9)7)9]1w0]15)]9]|16f15]|13]|16

HuMMusS + TF |GO_Molecular_Function_2021 1 1111|111 2]|4] 7|8 8|13]16|14]20]25]20|23]|34

KEGG_2019_Mouse 1 1 1 1 1 1 1 1 2 4 5 8 8 |12 11| 1514|1515 18|21

Reactome_2016 1 1 1 1 1 1 1 1 2 4|10 10| 11| 13| 17| 22| 17| 20| 20| 23| 26

GO_Biological_Process_2021 1 1 1 1 1 1 1 112|389 |8|11|]16]26]29]|30|33]38]|51

GO_Cellular_Component_2021 1 1 1 1 1 1 1 1 213 7 7 6 9| 10| 131218 22]21|25

HuMMu$S GO_Molecular_Function_2021 1 1 1 1 1 1 1 1 2 3 6 6 9 |15) 12| 15122 | 28| 30| 26 | 34

KEGG_2021_Human 1 1 1 1 1 1 1 1 2 3 4 7 7 9| 13| 131622 23|19]| 19

Reactome_2016 1 1 1 1 1 1 1 1 2 3 9 8 | 11| 13| 17| 20| 25|28 28| 27| 33

GO_Biological_Process_2021 1 1 1 1 1 1 1 1 25| 4 5 5110 7| 9113|1310 18] 19

GO_Cellular_Component_2021 1 1 1 1 1 1 1 1 2 3 2 4 7 9 7 9 |13]|12| 14| 16| 14

SCENIC+ GO_Molecular_Function_2021 1 1 1 1 1 1 1 1 2 3 1 3 4 5 4 8 9 |11| 16| 18| 17

KEGG_2021_Human 1 1 1 1 1 1 1 1 2 3 2 2 4 6 2 6 8 7 9112] 14

Reactome_2016 1 1 1 1 1 1 1 1 2 4 5 5 6 8 71101712 14| 19|21

GO_Biological_Process_2021 1 1 1 1 1 1 1 1 2 3 7110|2127 36)] 41 |41]48)55]67]73

GO_Cellular_Component_2021 1 1 1 1 1 1 1 1|2 3| 71101311} 22]24]29]|33)34]38]|44

CellOracle GO_Molecular_Function_2021 1 1 1 1 1 1 1 1 2 3 7 | 11114117 23] 29139 )42 48] 47] 61

KEGG_2019_Mouse 1 1 1 1 1 1 1 1|23 7] 814152127 ]25])27]29]29]33

Reactome_2016 1 1 1 1 1 1 1 1 2 3 6| 11 18)120) 29 38|33 ]46]| 43| 45] 53

GO_Biological_Process_2021 1 1) 2011212121212 ]2)]2]12)]915)15)12]13}19] 15} 11]10

GO_Cellular_Component_2021 1 j2) 1)1 1212121212125 )5)9)le6)]7]|8jiol7]|7]3

Pando GO_Molecular_Function_2021 1 2 3 2 2 2 2 2 2 2 2 | 1411614} 14} 16 | 15|23 17| 17| 17

KEGG_2019_Mouse 1 2 2 1 2 2 2 2 2 2 2 9 8 9 9 8 8 9 7 7 4

Reactome_2016 1 2 2 1 2 2 2 2 2 2 21111 91131 6111110012} 9 9 6

GO_Biological_Process_2021 1 1 1 1 1121213133145} 5]5]718}|8]10] 8]14}12

GO_Cellular_Component_2021 1 1 1 1 1 2 2 3 3 3 4 5 5 5 5 7 |10} 7] 10] 12} 10

GENIE3 GO_Molecular_Function_2021 1| 1faf1fj1j2)2)3)3]|3)4)s5)5]16)6)8]7]7]9]13]13

KEGG_2019_Mouse 1 1 1 1 1 2 2 3 3 3 4 5 5 5 7 7 7 8 9110} 7

MESCESEmIan Reactome_2016 1 1 1 1 1 2 2 3 3 3 4 5 5 6 5 7 8 8 8 | 13| 10

- GO_Biological_Process_2021 1 1 1 1 1 1 1 1] 316110]11)13]118) 23] 27]30]37)33]35]40

GO _Cellular_Component_2021 1 11y 1y 1)1 )1y 1yi1y)315) 8191 7 )8]12]12)17]118) 15]) 18] 20

HuMMusS + TF |GO_Molecular_Function_2021 1 1 1 1 1 1 1 1 3 6| 10| 12|13 17) 23} 23}129]35]32]32]36

KEGG_2019_Mouse 1 1 1 1 1 1 1 1 2 4 8 9 | 1113|1618 )21 )21} 23] 25] 25

Reactome_2016 1 1 1 1 1 1 1 1 3 6| 10) 12|12 )15 20) 23|24 |24 25| 27| 30

GO_Biological_Process_2021 1 1 1 1 1 1 1 1 2 3 71141 15]119) 24] 29|29 | 32| 37 41| 46

GO_Cellular_Component_2021 1 1 1 1 1 1 1 1121315198 11}14]11]14}15})16] 1725

HuMMuS GO_Molecular_Function_2021 1 1 1 1 1 1 1 1 2 3 8 | 1411617 24) 27| 32|31} 34] 40] 35

KEGG_2021 Human 1 1 1 1 1 1 1 112 13)5]110011114)16] 18122122 2412724

Reactome_2016 1 1 1 1 1 1 1 1 2 3 8 11214119 2424|2631 31)]34]33

GO_Biological_Process_2021 1 1 1 1 1 1 2 2|3 2] 5 7 5 7 9 | 1113 )17)21]24]28

GO_Cellular_Component_2021 1)1 ) 1)1 )1 12121313155 5015 8)13]15)15]20])22])17

SCENIC+ GO_Molecular_Function_2021 1 1 1 1 1 1 2 2 3 1 5 6 6 5110 13)119]20) 19] 22| 36

KEGG_2021_Human 1 1 1 1 1 1 2 2 3 2 5 5 7 9 8 7 | 10]14) 14] 20| 13

Reactome_2016 1 1 1 1 1 1 2 2 2 2 5 5 6 51 10)10)10]18) 12] 19| 22
Supplementary Table 5. Number of significantly enriched communities (p value < 0.05) detected

for each method, resolution, and database used.

Gene
name

Area Wilcoxon test
score /[ p-val adj

Associated publication / source
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Thx1 Layer2/3 104.65/0 loss of Tbx1 disrupts corticogenesis in mice by promoting premature neuronal
Tbx10 differentiation https://pubmed.ncbi.nlm.nih.gov/27005988/
Rfx3 Layer 2/3 102.37/0 We [...] identified [...] TFs with more restricted patterns in specific subclasses, such as Rfx3 [...]
(in L2/3 IT) https://pubmed.ncbi.nlm.nih.gov/34616075/
vdr Layer2/3 102.2/0 Expressed in cortical neurons and involved in neurodegeneration,
h med.ncbi.nlm.nih.gov/214
Neurogl | Layer2/3 98.26/0 layer II/11l neurons of the piriform cortex. https://pubmed.ncbi.nlm.nih.gov/24403153/
Zfp711 | Layer2/3 96.2/0 not studied a lot, involved in brain development
Pou4fl Layer5a 81.53/0 Expressed in [...] the dorsal column of the mesencephalic and pontine central gray, and the
Pou4f2 lateral interpeduncular nucleus of the brain https://pubmed.ncbi.nlm.nih.gov/7904822/
Esx1 Layer5a 76.13/0 expressed highly in midbrain mantle layer (FDR: 4E-4)
https: r ne/ENSM 234432expression= =IN_SIT
Sebox Layer5a 71.97/0 expressed in cerebral cortex https://www.ncbi.nlm.nih.gov/pmc/articles/PMC16794/
Setbpl Layer5a 70.6/0 expressed in ventricular zone
Pou4f3 Layer5a 70.2/0 Expressed in brain and DRG https://pubmed.ncbi.nlm.nih.gov/22326227/
Pgr Layer5 79.42/0 expressed in substantia niagra https://bgee.org/gene/ENSMUSG00000031870
Nr3C1 Layer5, | 76.48,75.96/0,0 |expressed in median eminence of neurohypophysis
Layer6 https://bgee.org/gene/ENSMUSG00000024431
Mbd2 Layer5, [67.94,60.58,54.90 /jhighly expressed in brain https://pubmed.ncbi.nlm.nih.gov/9774669/
MGE, 0,0,0
Layer5b
Witl Layer5, CGE|63.45, 71.84, 60.58 /[neurons of DRG and sertolis cells https://pubmed.ncbi.nlm.nih.gov/16467207/
MGE 0,0,0
Pbx2 /Pbx4| Layer5 54.88/0 regulates patterning of the cerebral cortex in progenitors and post mitotic neurons
https://pubmed.ncbi.nlm.nih.gov/26671461
Olig3 | Claustrum | 29.18/3.54E187 |Olig3 coordinates the specification of dorsal neurons in the spinal cord
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1065726/
Maz CGE 73.36/0 (1) Expressed in Purkinje cells in the brain (at protein level). / (2) driving neurogenesis
(1)https://pubmed.ncbi.nlm.nih.gov/26089202/(2)https://pubmed.ncbi.nlm.nih.gov/229449
11
[se2 [ ce [ wmep [ 1]
Smadl/Sm| CGE, MGE | 71.92,60.57/0,0 |ventricular zone, FDR: 10E-10 https://www.uniprot.org/uniprotkb/P97454/entry#expression
ad5

MIxipl Layer5b 48.23/0 Expressed in the ventricular and intermediate zones of the developing spinal cord of 12.5 dpc embryos.
In later embryos expressed in a variety of tissues.
https://www.uniprot.org/uniprotkb/Q99MZ3/entry#expression

Hoxal Layer5b 48.19/0 Motor neuron axon guidance in development https://pubmed.ncbi.nlm.nih.gov/9367425/

Arntl Layer5b 46.21/0 constitutively expressed in hypothalamus nucleus suprachiasmatic

Mitf Layer5b 46 /0 Microphthalmia-associated transcription factor ensures the elongation of axons and
dendrites in the mouse frontal cortex. htt i.nlm.nih.gov/27
Mnt Layer6 80.83/0 Motor neuron expression https://bgee.org/gene/ENSMUSG00000000282.

Lefl Layer6 75.96/0 deep layers of the cortex, important for normal development
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3825142/
Tcf712 Layer6 74.89 /0

deep layers of the cortex, important for normal development

https://www.ncbinlm.nih.gov/pmc/articles/PMC3825142/

Supplementary Table 6. Marker TFs/regulons identified by HUMMuS on the cortical mouse
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https://pubmed.ncbi.nlm.nih.gov/27005988/
https://pubmed.ncbi.nlm.nih.gov/34616075/
https://pubmed.ncbi.nlm.nih.gov/21408608/
https://pubmed.ncbi.nlm.nih.gov/24403153/
https://pubmed.ncbi.nlm.nih.gov/20346720/
https://pubmed.ncbi.nlm.nih.gov/7904822/
https://bgee.org/gene/ENSMUSG00000023443?expression=&data_type=IN_SITU
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC16794/
https://molecularautism.biomedcentral.com/articles/10.1186/s13229-023-00540-x
https://pubmed.ncbi.nlm.nih.gov/22326227/
https://bgee.org/gene/ENSMUSG00000031870
https://bgee.org/gene/ENSMUSG00000024431
https://pubmed.ncbi.nlm.nih.gov/9774669/
https://pubmed.ncbi.nlm.nih.gov/16467207/
https://pubmed.ncbi.nlm.nih.gov/26671461/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1065726/
https://www.frontiersin.org/articles/10.3389/fnana.2022.937596/full
https://pubmed.ncbi.nlm.nih.gov/26089202/
https://pubmed.ncbi.nlm.nih.gov/22944911/
https://pubmed.ncbi.nlm.nih.gov/22944911/
https://www.uniprot.org/uniprotkb/P97454/entry#expression
https://www.uniprot.org/uniprotkb/Q99MZ3/entry#expression
https://pubmed.ncbi.nlm.nih.gov/9367425/
https://pubmed.ncbi.nlm.nih.gov/11207387/
https://pubmed.ncbi.nlm.nih.gov/27859996/
https://bgee.org/gene/ENSMUSG00000000282
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3825142/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3825142/

3-omics dataset. This table contains the regions and the Wilcoxon test's statistics associated to the

identified marker TFs, and the literature supporting their levels of evidence. Different level of
literature-based evidence are indicated by colors : green (marker of the specific subpopulation
supported by literature), blue (marker of the cortex or similar area supported by literature), yellow
(other brain regions / neuron markers supported by literature), orange (expressed in the

brain/cortex according to gene expression databases), gray (no evidence)

Mouse Cortex Dataset Chen Dataset

Size scRNA seq data 25299 genes; 55803 cells (8595 genes; 385 cells
Size scATAC seq data 155093 peaks; 2317 cells 136954 peaks; 385
cells
Real time 2 h 30 min 41 min 9 sec
Memory used 50 Gb 26 Gb
Multilayer Creation
Number of CPUs 90 90
CPU time 23 h 5 min 3 h 40 min
Real time per TF (RWR 1min 35sec 7.51 sec
process)
Real time all TFs 28 min 25 sec 3 min 58 sec
TF - target genes/regions
EetE Ireg Memory used 270 Gb 32Gb
Number of CPUs 70 70
CPU time 24 h 40 min 1 h47 min
Real time per TF (RWR 1 min 40 sec 8.27 sec
process)
Real time all TFs 9 h 20 min 10 min 02 sec
Gene regulatory network
& . Memory used 270 Gb 32Gb
Number of CPUs 70 70
CPU time 548 h 10 min 10 h 44 min

Supplementary Table 7. Resources used to run HuMMuS workflow on different datasets.
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Supplementary Text
Supplementary Notes 1. Cell type multilayer reconstruction.

Cell type multilayers are individual heterogeneous multilayers, typically each layer
representing different types of macromolecules. In the presented results, cell type
multilayer was built from a GRN layer, which contains genes and TFs, and a receptor layer.
However, this framework is easily extendable. First, it is possible to add layers for new
molecules. The only requirement is to provide at least one bipartite connecting the nodes
of this new layer to the other layers. In the case of molecules with roles limited to
intracellular mechanisms, the layer would be cell-specific and only connected to the layer
of the cell type they belong to. In the case where the layer provides intercellular bridges, it
could also connect layers of different cell types. Second, it is possible to integrate layers
between the macromolecules already represented in the default structure. For example,
receptors could be linked both by ontology and by PPI relationships. In this case, the two
layers could be considered as a multiplex. The RWR process can move freely and at no cost
between the representations of the same node at each step, as defined by transition
probabilities specific to the multilayer. In other words, when exploring this layer, a fourth
decision is added to the RWR process, where which layer (i.e. type of interactions) that will
be used for the next step is decided.
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Supplementary Notes 2 - GRN reconstruction with HuMMuS and hummuspy.

HuMMusS is initially an R package, which relies on Python code for the RWR process,
through the MultixRank package(Baptista et al., 2022). However, the computation of the
individual layers can be computationally extensive in the default setting, since it relies on
GENIE3 and Cicero. To work on bigger datasets, these layers can be computed externally
(e.g., with Python packages), before computing the bipartites with the R version of
HuMMusS. Once all the layers and bipartites are defined, a GRN can be obtained with either
the R package or the Python code directly - hummuspy. The two versions provide identical
results since they run the exact same Python code in the background. The R version was
used for the Heart model, and the Python version was used for the Immune Dictionary.
Since we started the development of ReCoN on the Immune Dictionary dataset, the Python
version offered us easier integration with downstream analysis to define the default
parameters of ReCoN.

Supplementary Notes 3. Combination of keywords used to extract gene sets related to heart
failure in MSigDB.

The predictions of multicellular co-operation in heart failure and cardiac fibrosis were
evaluated with gene set enrichments. We chose three categories of interest and extracted
the related gene sets with the same keyword as in ReHeat2(Lanzer et al., 2024), which
provide insights into multicellular co-operation in heart failure.
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Supplementary Data

Improvement of ReCoN successive versions over Nichenet - Cell type ranking
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Supplementary Figure 1. ReCoN predictions of transcriptomic responses across each cytokine
and cell type pair - cell type ranking. Four successively enriched versions of ReCoN (blue and
green) and the PKN model from Nichenet are plotted. Boxplots represent the AUROCS of each
model, where each cell type-cytokine pair considered is a value in the boxplot. Outliers are not
plotted.
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Supplementary Figure 2. Pair of cytokines and cell types used in the study. Only pairs with at
least two significantly perturbed genes (see Methods) were considered here and for downstream
analysis.
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Supplementary Figure 3. AUPRC as a function of a (the weight of indirect effects) for individual
cell types and global multicellular rankings in the HF showcase.
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Supplementary Table 1. AUROC across every cytokine and different a values - [immune
dictionary showcase].
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Supplementary Table 2. AUROC across every cytokine and different a values - [immune
dictionary showcase].

heart |doi

Related |Related |https://doi.org/10,1242/jcs.01618, https://doi.org/10.3892/mmr.2017,7446

YES https://doi.org/10.1111/jcmm.14146

. . 0.1161/ci . 20.047626,
YES https://doi.org/10.1080/21655979.2021.1972194

PROX1 0.000921 YES ://doi -020-2998-

ZBTB7B 0.000915 | YES

ZBTB14 0.000904 | YES https://doi.org/10.31083/j.fb[2809205

https://doi.org/10.1038/s41421-022-00490-3,

https://doi.org/10.1096/f(.201903021rr

Supplementary Table 3. Annotation of the 10 top TFs predicted by ReCoN - [heart failure
showcase]. Receptors are classified as related to fibrosis and to the heart if a publication can justify
this link. In violet are the receptors classified as related to both fibrosis and heart condition, in
orange are the receptors related to one of the categories, and in red are the receptors related to
neither of the categories.

gene score fibrosis |heart |doi

DRD4 0.005327 |YES https://doj.org/10.1111/acer,12047
YES YES https://doi.org/10.1016/j.heliyon.2023.e17099
YES YES https://doi.org/10.1007/s10741-013-9393-8

https://doi.org/10.1371/journal.ppat.1011812
YES YES https://doi.org/10.1016/j.yjimcc.2022.03.011
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IL21R

IL13RA1

GPR182
TRPV2
IL7R
IL17RE
IL18RAP
ADGRG1
ILSRA
MST1R
IL15RA
CRLF2
PDGFRA
CD180
NPTXR
TGFBR3
IL11RA
MPL
MUC5AC
IL12RB1
GPR25

0.00344

0.003424

0.003365
0.00332

0.003092
0.003079
0.002499
0.002461
0.002353
0.002332
0.002313
0.00224

0.00221

0.002201
0.002105
0.002091
0.001949
0.001947
0.001924
0.001906

0.001896

YES
YES

YES
YES
YES
YES
YES
YES
YES
YES
YES
YES
YES
YES
NO

YES
YES
NO

YES
YES
YES

YES
YES

YES
YES

NO
Related
NO

YES
Related
NO

NO

YES
Related
YES

NO

YES
YES

NO

NO

YES

NO

https://doi.org/10.1016/j.ejphar.2022.175482

https://doi.org/10.1161/JAHA.116.005108

https://doi.org/10.1007/s10456-025-09977-5, https://doi.org/10.1161/jaha.117.007253

https://doi.org/10.1172/JCI14685, https://doi.org/10.1186/s12931-022-02077-8

https://doi.org/10.3389/fcvm.2024.1470362

https://doi.org/10.1002/hep.32776
https://doi.org/10.1042/bsr20240826, https://doi.org/10.1177/1535370214529395

https://doi.org/10.1111/jcmm.18493

https://doi.org/10.1111/liv.14892
https://doi.org/10.3389/fimmu.2024.1404891
) . fi

https://doi.org/10.1016/j.yexcr.2016.10.022

https://doi.org/10.1007/s00441-021-03488-7, https://doi.org/10.3892/mmr.2020.11242

https://doi.org/10,1111/bph.13166

https://doi.org/10.1093/cvr/cvae224

https://doi.org/10.1371/journal.pone.0058658, https://doi.org/10.1038/mi.2012.114
https://doi.org/10.3389/fphar.2020.00129

https://doi.org/10.1111/febs.70117, https://doi.org/10.1016/j.jdermsci.2020.09.010

Supplementary Table 4. Annotation of the 25 top receptors predicted by ReCoN - [heart failure
showcase]. Receptors are classified as related to fibrosis and to the heart if a publication can justify
this link. In violet are the receptors classified as related to both fibrosis and heart condition, in
orange are the receptors related to one of the categories, and in red are the receptors related to

neither of the categories.

gene score fibrosis |heart |doi

IFNGR2 1.849102 |YES YES https://doi.org/10.1007/s10741-013-9393-8
DRD4 1.749613 |YES NO https://doi.org/10.1111/acer,12047
IL13RA1 1.568187 |YES YES https://doi.org/10.1161/JAHA.116.005108
IL27RA 1.530149 |YES YES https://doi.org/10.1016/j.heliyon.2023.e17099
IL21R 1.240536 |YES YES https://doi.org/10.1016/j.ejphar.2022.175482
IL15RA 1.070769 |YES NO https://doi.org/10.3389/fimmu 2024.1404891
IL5RA 1.057473 |YES Related | https://doi.org/10.1111/jcmm.18493
APCDD1 1.053718 |NO NO —
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Supplementary Table 5. Annotation of the 25 top receptors predicted by the PKN-receptor
model - [heart failure showcase]. Receptors are classified as related to fibrosis and to the heart if
a publication can justify this link. In violet are the receptors classified as related to both fibrosis and
heart condition, in orange are the receptors related to one of the categories, and in red are the
receptors related to neither of the categories.

ReCoN
gene score rank | PKN rank [fibrosis |heart |doi
GPR182 |37.167563 7 34|YES YES https://doi.org/10.1016/j.jlr.2024.10067!
ILI7RE |31.16377 10 31|YES Related |https://doi.org/10.3389/fcvm.2024.1470362
ADGRG1 |24.971621 12 50|YES YES https://doi.or;z/lo.1177/15353702145’29395

https://doi.org/10.1371/journal.ppat.1011812,

PTGDR2 |17.204726 4 10|YES YES https://doi.org/10.1016/j.yjmcc.2022.03,011
NPTXR |12.26263 19 36|NO NO —
DRD4 12.252395 1 2|YES NO https://doi.org/10.1111/acer.12047
CDH11 [11.894496 50 105|YES YES https://doi.org/10.3390/ijms24076549
LRP11 |11.498974 48 94|NO NO -
TRPV2 11.183415 8 9|YES YES https://doi.org/10.1038/s41374-019-0349-z
CD180 |10.82372 18 24|YES YES https://doi.org/10.1172/jci.insi ht.1606ys4

Supplementary Table 6. Annotation of the 10 top receptors with the highest gene movement
ranked higher in ReCoN than in the PKN-receptor model - [heart failure showcase]. Receptors
are classified as related to fibrosis and to the heart if a publication can justify this link. In violet are
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the receptors classified as related to both fibrosis and heart condition, in orange are the receptors
related to one of the categories, and in red are the receptors related to neither of the categories.

ReCoN PKN

gene score rank rank |[fibrosis |heart doi

IFNGR2 | 25.24087 3 1|YES YES https://doi.org/10.1007/s10741-013-9393-8
APCDD1 |22.129364 28 8|NO NO —
IL13RA1 | 16.93084 6 3| YES YES https://doi.org/10.1161/JAHA.116.005108

ILIRAP |16.331981 52 18| YES YES https://doi.org/10.1161/circheartfailure.124.011729
CD40LG |13.440412 29 13| YES YES https://doi.org/10.1016/j.ijcard.2018.12.076
ILIORA | 12.16169 54 20| YES YES https://doi.org/10.1161/CIRCULATIONAHA.117.027889
OSMR |11.983381 68 35| YES YES https://doi.org/10.1186/s12967-023-04163-x
IL15RA |11.862556 15 6| YES NO https://doi.org/10.3389/fimmu.2024.1404891
ILSRA |10.333617 13 7| YES Related |https://doi.org/10.1111/jcmm.18493
CAMK2A | 7.037267 128 88| YES YES https://doi.org/10,1016/5.jbc.2021,100893

Supplementary Table 7. Annotation of the 10 top receptors with the highest gene movement
ranked lower in ReCoN than in the PKN-receptor model - [heart failure showcase]. Receptors
are classified as related to fibrosis and to the heart if a publication can justify this link. In violet are
the receptors classified as related to both fibrosis and heart condition, in orange are the receptors
related to one of the categories, and in red are the receptors related to neither of the categories.

151



https://doi.org/10.1007/s10741-013-9393-8
https://doi.org/10.1161/JAHA.116.005108
https://doi.org/10.1161/circheartfailure.124.011729
https://doi.org/10.1016/j.ijcard.2018.12.076
https://doi.org/10.1161/CIRCULATIONAHA.117.027889
https://doi.org/10.1186/s12967-023-04163-x
https://doi.org/10.3389/fimmu.2024.1404891
https://doi.org/10.1111/jcmm.18493
https://doi.org/10.1016/j.jbc.2021.100893

Pathway
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Supplementary Table 8. Enriched pathways in all cardiac cell types upstream of fibrosis genes
- [cardiac fibrosis showcase]. Here are all the gene sets enriched in all four cell types in the

upstream exploration of section 4.4.4.

152



NES Heatmap (FDR < 0.1 in bold) - Endothelial cells

BIOCARTA_BIOPEPTIDES_PATHWAY

BIOCARTA_HDAC_PATHWAY

BIOCARTA_NFAT_PATHWAY
CHIARADONNA_NEOPLASTIC_TRANSFORMATION_KRAS_CDC25_DN
HALLMARK_ANDROGEN_RESPONSE

HALLMARK_APICAL_SURFACE

HALLMARK_GLYCOLYSIS

HALLMARK_HYPOXIA

HALLMARK_MTORC1_SIGNALING

HALLMARK_OXIDATIVE_PHOSPHORYLATION
HALLMARK_P53_PATHWAY
HALLMARK_TNFA_SIGNALING_VIA_NFKB

Pathway

KEGG_MEDICUS_REFERENCE_GPCR_PLCB_ITPR_SIGNALING_PATHWAY
KEGG_MEDICUS_REFERENCE_RTK_PLCG_ITPR_SIGNALING_PATHWAY
KEGG_WNT_SIGNALING_PATHWAY

MOOTHA_HUMAN_MITODB_6_2002

MOOTHA_MITOCHONDRIA

MOOTHA_PGC

PID_TCR_CALCIUM_PATHWAY

URS_ADIPOCYTE_DIFFERENTIATION_UP
WILCOX_RESPONSE_TO_PROGESTERONE_DN
WP_OSTEOARTHRITIC_CHONDROCYTE_HYPERTROPHY

Cell Type

Supplementary Table 9. Enriched pathways in endothelial cells upstream of fibrosis genes -
[cardiac fibrosis showcase]. Here are all the gene sets enriched in Endothelial cells, in the
upstream exploration of section 4.4.4.
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NES Heatmap (FDR < 0.1 in bold) - All cell types
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Supplementary Table 10. Enriched pathways in all cardiac cell types downstream of fibrosis
genes - [cardiac fibrosis showcase]. Here are all the gene sets enriched all four cell types
considered in the downstream exploration of section 4.4.4.
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NES Heatmap (FDR < 0.1 in bold) - Cardiomyocytes | Myeloid cell
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Supplementary Table 11. Enriched pathways in cardiomyocytes and myeloid cells
downstream of fibrosis genes - [cardiac fibrosis showcase]. Here are all the gene sets enriched
in either cardiomyocytes or myeloid cells, and not in lymphoid cells, in the downstream exploration
of section 4.4.4.

Heart Cell Atlas [ReHeat2 - HF

CM Ventricular Cardiomyocyte
Endo Endothelial cell

Fib Fibroblast

Lymphoid Lymphoid

Myeloid Myeloid

PC Mural cell

vSMCs Mural cell

Supplementary Table 12. Cell type matching between ReHeat2 and Heart Cell Atlas datasets -
[cardiac fibrosis & heart failure showcase]. The left column corresponds to cell type annotations
in the Heart Cell Atlas samples, the right column corresponds to the matching used in our model
and in downstream analysis.
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