Cancer treatment and relapse : single-cell chromatin
profiling of rare persister cells using droplet-based
microfluidics
Kevin Grosselin

To cite this version:
Kevin Grosselin. Cancer treatment and relapse : single-cell chromatin profiling of rare persister cells
using droplet-based microfluidics. Biochemistry, Molecular Biology. Université Paris sciences et lettres, 2018. English. �NNT : 2018PSLET015�. �tel-02981059�

HAL Id: tel-02981059
https://pastel.archives-ouvertes.fr/tel-02981059
Submitted on 27 Oct 2020

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of scientific research documents, whether they are published or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépôt et à la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche français ou étrangers, des laboratoires
publics ou privés.

THÈSE DE DOCTORAT
de l'Université de recherche Paris Sciences et Lettres
PSL Research University

Préparée à ESPCI Paris

Cancer treatment and relapse: single-cell chromatin profiling of rare
persister cells using droplet-based microfluidics
École doctorale no 388
CHIMIE PHYSIQUE ET CHIMIE ANALYTIQUE DE PARIS CENTRE

Spécialité

CHIMIE PHYSIQUE

COMPOSITION DU JURY :

Mr Christian Muchardt
Institut Pasteur, Président
Mme Virginie Pénard-Lacronique
Institut Gustave Roussy, Rapporteur
Mme Anne-Marie Gué
LAAS, Rapporteur

Soutenue par Kevin GROSSELIN
le 26 Septembre 2018
Dirigée par Prof. Andrew Griffiths
CONFIDENTIEL
date de fin de confidentialité : 30/09/2020

Mme Angela Taddei
Institut Curie, Examinateur
Mr Joshua Waterfall
Institut Curie, Examinateur
Mr Andrew Griffiths
ESPCI Paris, Directeur de thèse
Mme Annabelle Gérard
HiFiBiO Therapeutics, Membre invité

Remerciements
Mes remerciements s’adressent en premier lieu à Annabelle Gérard et Andrew
Griffiths. Annabelle, tu n’as pas choisi la facilité il y a 4 ans en faisant confiance
à un petit chimiste qui n’avait jamais touché une pipette ! Tu as su me transmettre les connaissances et la rigueur nécessaire pour la réussite de ce travail de
thèse. Si j’en suis à rédiger ce manuscrit aujourd’hui c’est en grande partie grâce
à toi, merci pour tout. Andrew, merci de m’avoir accueilli au sein du Laboratoire
de Biochimie. J’ai bénéficié d’un environnement de travail remarquable qui m’a
permis de m’épanouir scientifiquement et humainement. Je te remercie pour ta
disponibilité et ta confiance aux cours de ces années de thèse.
Je remercie Fred Dom, directeur d’HiFiBiO France, d’avoir financé mes recherches
au cours de ces 4 dernières années. Tu m’as toujours considéré comme un membre
à part entière d’HiFiBiO bien que tu n’aies pas toujours été tendre avec moi (2
défaites sévères en autant de matchs de squash !). J’ai eu la chance de pouvoir
bénéficier de toutes les ressources nécessaires pour mener à bien mon projet scientifique.
Je remercie Mme Virginie Pénard-Lacronique, Mme Anne-Marie Gué, Mme Angela Taddei, Mr Christian Muchardt & Mr Joshua Waterfall d’avoir accepté de
faire partie du jury de soutenance de ma thèse.
Je remercie chaleureusement Céline Vallot de l’Institut Curie pour notre intense
collaboration au cours de cette dernière année. A ce titre, je remercie également
Virginie Pénard-Lacronique de l’Institut Gustave Roussy, Jan Zylicz de l’Institut
Curie et les plateformes de séquençage de l’Institut Curie et de l’ICM qui ont accepté mes demandes les plus farfelues et toujours traité mes échantillons dans les
plus brefs délais.
Ce travail de thèse n’était pas un cavalier seul et de nombreuses personnes
ont contribué à son avancement. Marcel, merci pour ton aide précieuse lors du
développement microfluidique. Tu as toujours refusé l’idée du Kevinator mais avec

i

Remerciements
du recul je crois que c’était un mal pour un bien ! Adam, merci pour les analyses
des données de séquençage et pour m’avoir encouragé à apprendre la programmation. Baptiste, merci d’avoir partagé toute ta rigueur expérimentale, mais je
l’avoue je ne découpe pas encore les dents de crocodile des petits bouts de Scotch !
Merci, Yannick, pour m’avoir fourni des billes de grande qualité ; Adeline, pour
ton aide précieuse lors de notre fameuse ”Hell Week” ; Vera, même si tu ne m’as
jamais dit que filtrer les cellules à la décongélation n’était pas forcément utile ; les
membres anonymes de la team Mickey, avec qui les discussions étaient toujours
productives (en deux mots : Yellow Submarine) ; le B230, dont j’ai pris beaucoup
de plaisir à diriger ! Merci Raph, pour m’avoir transmis ton savoir microfluidique ;
Antoine, même si tu n’as toujours pas compris qu’une bonne ligne de commande
vaut mieux qu’une interface graphique ; Sophie, bien que tu aies brisé notre binôme
ménage SCC ; Steph, ”the umr manager!” partie trop tôt en télétravail.
Merci ma chère Marina, mes chers Pablo, Stéphane et Marco. Vous m’avez toujours donné d’excellents conseils et étiez toujours présents pour répondre à mes
questions, même les moins pertinentes ! Merci Isa, Hélène et Céline, vous êtes
indispensables et votre aide a grandement facilité mon quotidien.
Je sais pertinemment que ce travail de thèse n’aurait pas été de même qualité sans vous les amis. Je pense notamment à tous les Sages et à toi, Le Van.
Que ce soit en Tunisie, en Ariège, en Bretagne, en Corse, en Ardèche ou lors de
l’Appartathon, des TBT et du Marathon du Médoc, ces moments passés ensemble
resteront des souvenirs impérissables de cette période de thèse.
Merci Maman, Papa, Groli, Poup et Bikou pour votre soutien tout au long de la
thèse. Vous avez toujours été et vous resterez une formidable source d’inspiration.
Enfin, je profite de ces dernières lignes pour remercier la personne dont la contribution à ce travail a été la plus grande. Tu es la première personne à subir mes
états d’âme mais tu as eu la patience et le courage d’y faire face. Je ne pense pas
me tromper en écrivant ici que tout ceux qui ont travaillé avec moi au cours de ces
dernières années se joignent également à ces remerciements. S’ils ont eu la chance
de me connaitre souriant et agréable au quotidien, c’est grâce à toi ! Elodie, merci.

ii

Contents
Remerciements

i

Contents

iii

List of Figures

vii

List of Tables

ix

Abstract

xiii

Introduction
1 From chromatin modifications to cell-type identity
1.1 Packaging DNA . . . . . . . . . . . . . . . . . . . . .
1.1.1 The nucleosome: subunit of chromatin . . . . .
1.1.2 Higher order of chromatin organization . . . . .
1.2 Chromatin modifications and their machineries . . . .
1.2.1 DNA methylation . . . . . . . . . . . . . . . .
1.2.2 Histone post-translational modifications . . . .
1.3 Functional consequences of histone modifications . . .
1.3.1 Establishing global chromatin environments . .
1.3.2 Regulation of DNA-based processes . . . . . .
1.3.3 Histone modifications interactions . . . . . . . .
1.4 Defining cell identity based on histone modifications . .
1.4.1 Genome-wide mapping of histone modifications
1.4.2 Epigenomic signatures define cell-type identity .

1
.
.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.
.

3
4
4
5
6
7
7
10
10
12
12
14
14
18

2 Droplet-based microfluidics for single-cell epigenomic profiling
21
2.1 Scaling by shrinking . . . . . . . . . . . . . . . . . . . . . . . . . . 23

iii

CONTENTS
2.2

2.3

2.4

Droplet-based microfluidics . . . . . . . . . . . . . . . . . . . . . .
2.2.1 Key features of droplet-based microfluidics . . . . . . . .
2.2.2 Manipulating droplets . . . . . . . . . . . . . . . . . . . .
2.2.3 Predicting cell compartmentalization . . . . . . . . . . . .
Single-cell -omics in droplets . . . . . . . . . . . . . . . . . . . .
2.3.1 Droplets barcoding . . . . . . . . . . . . . . . . . . . . . .
2.3.2 State of the art in single-cell -omics using droplet-based
microfluidics workflows . . . . . . . . . . . . . . . . . . . .
Mapping histone modifications at single-cell resolution . . . . . .

.
.
.
.
.
.

25
25
26
29
29
29

. 32
. 35

3 Studying epigenetic intratumoral heterogeneity to better understand
the emergence of therapeutic resistance
39
3.1 Epigenetic abnormalities in tumors . . . . . . . . . . . . . . . . . . 40
3.1.1 Chromatin modifications are disrupted in malignant cells . . 40
3.1.2 Epigenetic intratumoral heterogeneity contributes to therapeutic
resistance . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
3.2 Deciphering intratumoral heterogeneity at the single-cell level . . . 42
3.3 Scope of the thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

Results
4 Development of a single-cell ChIP-seq platform for the mapping of
histone post-translational modifications at the single-cell level
4.1 Introduction to the droplet-microfluidic workflow . . . . . . . . . .
4.2 Synchronizing & pausing chromatin fragmentation in droplets . . .
4.2.1 Compartmentalization of cells in droplets . . . . . . . . . . .
4.2.2 MNase calibration in droplets . . . . . . . . . . . . . . . . .
4.2.3 Controlling MNase activity in droplets . . . . . . . . . . . .
4.3 DNA barcoding strategy for efficient chromatin indexing at singlecell resolution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
4.3.1 Introduction to the DNA barcoding strategy . . . . . . . . .
4.3.2 Precise DNA barcode design improved chromatin indexing
in droplets . . . . . . . . . . . . . . . . . . . . . . . . . . . .
4.4 Nucleosomes barcoding in droplets . . . . . . . . . . . . . . . . . .
4.4.1 Delivering DNA barcodes into nucleosomes-containing droplets
4.4.2 Inactivating MNase in droplets . . . . . . . . . . . . . . . .
4.4.3 Assessing barcode-nucleosome ligation efficacy in droplets . .
4.5 Conclusion & perspectives on the droplet-microfluidic workflow . . .

iv

47
49
51
56
56
58
60
62
62
65
70
70
75
77
81

CONTENTS
5 Single-cell ChIP-seq identifies rare sensitive tumor cells with chromatin state similar to resistant tumor cells after treatment
5.1 Reconstructing cell type-specific chromatin states from single-cell
ChIP-seq profiles . . . . . . . . . . . . . . . . . . . . . . . . . . .
5.1.1 Maintaining single-cell resolution throughout the scChIP-seq
procedure . . . . . . . . . . . . . . . . . . . . . . . . . . .
5.1.2 Accurate clustering of cell type-specific chromatin states .
5.1.3 In silico simulation of detection limit . . . . . . . . . . . .
5.1.4 Distinguishing subpopulations from heterogeneous cell suspension . . . . . . . . . . . . . . . . . . . . . . . . . . . .
5.1.5 Conclusion & perspectives . . . . . . . . . . . . . . . . . .
5.2 Grosselin et al, in preparation . . . . . . . . . . . . . . . . . . . .

83
. 85
. 85
. 87
. 93
. 95
. 97
. 97

Discussion

131

Appendix

139

A Material & Methods related to [Grosselin et al, in preparation]

141

B Bioinformatic pipeline for single-cell ChIP-seq data analysis
147
B.1 Introduction to the bioinformatic pipeline . . . . . . . . . . . . . . 147
B.2 Overview of raw reads processing steps . . . . . . . . . . . . . . . . 150

Bibliography

159

v

List of Figures
1.1.1
1.1.2
1.3.1
1.3.2
1.4.1

”Beads on a string” structure of chromatin . . . . . . . . . . . .
Packaging DNA . . . . . . . . . . . . . . . . . . . . . . . . . . .
Histone modifications crosstalk . . . . . . . . . . . . . . . . . . .
Interplay between DNA methylation and histone modifications .
Genome-wide mapping of histone modifications by Chromatin ImmunoPrecipitation followed by sequencing (ChIP-seq) . . . . . .
1.4.2 Chromatin states define cell identity . . . . . . . . . . . . . . .
2.0.1 Evolution of the number of cells profiled in single-cell RNA-seq
experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
2.1.1 Microfluidic confinement strategies for single-cell analysis . . . .
2.2.1 Examples of microfluidic modules for manipulating droplets . .
2.2.2 Predicting the number of cells per droplets . . . . . . . . . . . .
2.4.1 Overview of Drop-ChIP procedure developed by Rotem et al . .
4.1.1 Schematic illustrating the microfluidic workflow of the single-cell
ChIP-seq procedure . . . . . . . . . . . . . . . . . . . . . . . . .
4.2.1 Monitoring cell encapsulation in 45 pl droplets . . . . . . . . . .
4.2.2 Calibration of MNase activity in droplets . . . . . . . . . . . . .
4.2.3 Synchronizing & pausing MNase activity between droplets . . . .
4.3.1 Quality controls of barcoded hydrogel beads . . . . . . . . . . . .
4.3.2 The original barcode design yields low proportion of reads with a
correct structure . . . . . . . . . . . . . . . . . . . . . . . . . . .
4.3.3 Optimizing the barcode structure greatly enhanced the quality of
the sequencing data . . . . . . . . . . . . . . . . . . . . . . . . .
4.4.1 Monitoring hydrogel beads loading in 100 pl droplets . . . . . . .
4.4.2 Monitoring droplets fusion . . . . . . . . . . . . . . . . . . . . .
4.4.3 MNase inactivation in droplets . . . . . . . . . . . . . . . . . . .
4.4.4 Schematic drawing illustrating the model experiment used to assess
ligation efficacy in droplets . . . . . . . . . . . . . . . . . . . . .
4.4.5 Estimation of the ligation efficiency in droplets . . . . . . . . . .

. 5
. 6
. 13
. 14
. 17
. 18
.
.
.
.
.

22
24
28
29
37

.
.
.
.
.

55
57
59
61
64

. 66
.
.
.
.

69
71
73
76

. 79
. 80

vii

LIST OF FIGURES
5.1.1 Sequencing a mix of human and mouse cells reveals specie-specific
mapping and single-cell resolution . . . . . . . . . . . . . . . . . .
5.1.2 Design of proof of concept study and expected outcome . . . . . .
5.1.3 Deconvolution of single-cell barcodes associated with cell typespecific sequences . . . . . . . . . . . . . . . . . . . . . . . . . . .
5.1.4 Increasing cell coverage lowers detection limit of rare cell populations
5.1.5 Deciphering chromatin states from heterogeneous samples . . . . .
B.1
B.2
B.1
B.2
B.3
B.4

viii

Bioinformatic pipeline for processing of raw scChIP-seq data . .
Decomposition of sequencing libraries . . . . . . . . . . . . . . .
Distribution of the number of reads per barcode . . . . . . . . .
Strategy for the identification of duplicates reads . . . . . . . . .
Impact of the sequencing depth on the total number of reads per
label . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Statistics of duplicate reads identification for 3 distinct histone
marks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

.
.
.
.

86
88
90
94
96
148
149
151
152

. 154
. 155

List of Tables
1.1

Classes of histone modifications . . . . . . . . . . . . . . . . . . .

8

3.1

Functional consequences of altered chromatin modifications in cancer . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

5.1
5.2

Sequencing performance (1/2) . . . . . . . . . . . . . . . . . . . . 91
Sequencing performance (2/2) . . . . . . . . . . . . . . . . . . . . 91

B.1

Sequencing run metrics . . . . . . . . . . . . . . . . . . . . . . . . 149

ix

Cancer treatment and relapse:
single-cell chromatin profiling of rare
persister cells using droplet-based
microfluidics

Abstract

E

pigenetic mechanisms including DNA methylation and histone modifications
modulate chromatin structure and cell-type specific functions. Epigenomic profiling have revealed that chromatin landscapes are widely altered in cancer cells.
Genome-wide maps of histone modifications are conventionally obtained by Chromatin ImmunoPrecipitation followed by sequencing (ChIP-seq). However, this
method only yields an average snapshot of the modification status and doesn’t
provide insight about intratumoral epigenetic heterogeneity. Rare subpopulations
including drug-tolerant persister cells remain undetectable.
Droplet-based microfluidics allow to use micro-metric monodisperse droplets as
reaction vessels to perform high-throughput single-cell assays. In this thesis, I
describe a single-cell ChIP-seq system combining droplet microfluidics with DNA
barcoding technology that enables histone modifications mapping at single-cell
resolution, from thousands of cells. Chromatin from individual cells is fragmented
and barcoded in droplets prior immunoprecipitation and sequencing library preparation. Sequencing reads deconvoluted by their barcode sequence attribute each
sequence to their originating cells allowing reconstruction of single-cell chromatin
profiles with an unprecedent coverage of up to 104 unique loci per cell.
Applied to profile chromatin marks associated with active transcription and repressed gene expression (H3K4me3 & H3K27me3) in mixed population of human
B and T lymphocytes, scChIP-seq showed that >99% of the cells were correctly
identified, defining distinct chromatin states of immune cells with high accuracy.
In patient-derived xenograft (PDX) models of breast cancer with acquired drug
resistance, the method identified rare populations of cells in the untreated, drugsensitive tumors with a chromatin landscape similar to resistant cells after treatment. These results highlight the potential selection of cells with chromatin marks
in response and resistance to cancer therapy.
Keywords: single-cell epigenomics, droplet-based microfluidics, drug resistance.
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Introduction

Chapter 1

From chromatin modifications to
cell-type identity
A fundamental research question in biology is to understand how hundreds of distinct cell types arise from identical genetic material in multicellular organisms.
The many different cell types can’t be explained solely by genetics but rather by
an additional information that can bridge phenotype to genotype. In 1942, Conrad H. Waddington coined the term Epigenetics as ”the branch of biology which
studies the causal interactions between genes and their products, which bring the
phenotype into being” [Waddington 42].
Since then, studies have shown that differential patterns of gene expression underlie the diversity of phenotypes, with the two being closely related to the organizational structure of DNA in the cell. In many instances, patterns of gene expression and associated phenotypes are preserved through cellular division. Hence,
epigenetics may be nowadays defined as the study of stable and ideally heritable
changes in gene expression (or phenotype) without changes in the underlying DNA
sequence.
Eukariotic genomes are organized within nucleus into chromatin, a complex nucleoprotein structure discovered as early as 1882 [Flemming 82]. The functions of
the chromatin extend well beyond simple DNA compaction. An additional layer
of ”epigenetic information” is stored in the form of chemical modifications impacting both DNA and histone proteins that constitute the chromatin. Epigenetic
mechanisms through chromatin modifications regulate gene expression and shape
specific chromatin landscapes, which allow predictions to be made about cell type
and tissue identity [Bernstein 05, Barski 07].
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1.1 Packaging DNA
1.1.1 The nucleosome: subunit of chromatin
“A eukaryotic chromosome made out of self-assembling 70 Å units, which
could perhaps be made to crystallize, would necessitate rewriting our textbooks on cytology and genetics! I have never read such a naive paper
purporting to be of such fundamental significance. Definitely it should not
be published anywhere!” a
a

Anecdote reported by Donald E. Olins and Ada L. Olins in their review ”Chromatin
history: our view from the bridge” [Olins 03]

In these words, a reviewer from Nature rejected this new view of chromatin
structure hypothesized as early as 1973 by Christopher L. Woodcock. Yet the
partial digestion of nuclear DNA by micrococcal nuclease already revealed DNA
fragments of a size multiple of 200 base pairs corresponding to the nucleosomal
DNA [Hewish 73], but their first observation as particles was made by Donald and
Ada Olins in 1974 using electron microscopy (see Fig. 1.1.1a) [Olins 74]. They
showed that nucleosomes form the fundamental and repeated units of chromatin
as ”beads on a string”.
Nucleosome structure
The same year, Kornberg and Thomas isolated and characterized the nucleosomes
as being composed of an octamer of histone proteins around which DNA is wrapped
(also called ”nucleosome core particle”, see Fig. 1.1.1b) [Kornberg 74]. Adjacent
nucleosomes are separated by, on average, ~50 base pairs of linker DNA, whose
length varies among species and cell types [Kornberg 77].
The structure of the nucleosome core particle comprises 147 base pairs of DNA
coiled in a left-handed 1.65 turns around an octamer of histone proteins. This
octamer is composed of equimolar amounts of four core histones (H3, H4, H2A
and H2B) structured as follows: a central tetramer of H3:H4 heterodimers flanked
by two H2A:H2B heterodimers [Luger 97].
Histone proteins
The core histones (H3, H4, H2A and H2B) are basic and relatively small proteins (11-15 kDa) but highly conserved in eukariotes. Electron microscopy and
high-resolution cristal structures have shown a disk-shape arrangement of the core
histones in the nucleosome core particle, except for their N- and C-terminal ends,

4

CONFIDENTIAL

1.1 Packaging DNA

Figure 1.1.1: ”Beads on a string” structure of chromatin.
(a) Electron micrograph revealing the ”beads on a string” structure
of chromatin. Nucleosomes are indicated by arrows. Scale bar is 30
nm. Reprinted from [Olins 74]. (b) Schematic representation of the
elements forming the 11 nm fiber. Adapted from [Schones 08]
protruding from the surface (also referred to as ”tails”). The histone tails account
for 25-30% of the mass of the core histones and are largely unstructured [Luger 97].
In particular, N-terminal tails composed of ~30 amino acid residues are subject
to post-translational modifications which play important roles in chromatin organization as well as in the regulation of many biological processes (histone posttranslational modifications are introduced in sub-section 1.2.2 and their functions
in section 1.3).
Linker histones complete the nucleosome structure. They bind to the exterior of
the nucleosome core particles at the entry/exit sites of DNA, but their exact position is still not well defined [Hergeth 15]. This family of histone proteins is much
less conserved than the core histones, they exist in multiple subtypes and they
are also subject to post-translational modifications. Linker histones are known
to be involved in enhancing structural stability of nucleosomes and, to a larger
extent, facilitate the folding of chromatin into higher-order structures [Fan 03].
Interestingly, linker histones are also suspected to be involved in gene regulation
by preventing / recruiting transcriptional activators or repressors [Kim 13].

1.1.2 Higher order of chromatin organization
Genomic DNA in eukariotic cells is packaged into chromatin and forms higher
order structure to compact DNA within nucleus (see Fig. 1.1.2).
Nucleosomes are the first packaging elements of DNA. As previously men-

CONFIDENTIAL
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tionned, DNA is wound around nucleosomes to form the chromatin primary structure in the appearance of ”beads on a string” (also referred as the 11 nm fiber)
[Olins 74, van Holde 89]. This structure shortens DNA sevenfold compared to
naked DNA.
The chromatin secondary structure is formed by interactions between nucleosomes and is stabilized by linker histones. Under physiological conditions, chromatin compacts into its higher folded structure and forms a superhelical fiber of
30 nm in diameter [Hansen 89]. This fiber is further folded into higher order of
chromatin organization until the final mitotic chromosome structure.

Figure 1.1.2: Packaging DNA.
Size and packing ratio obtained from [Pienta 84]. Reprinted from
[Felsenfeld 03]

1.2 Chromatin modifications and their machineries
Chromatin remodeling, DNA methylation and histones post-translational modifications are the main contributors to the epigenetic mechanisms. In the following
introductory chapter, the discussion is limited to covalent chromatin modifications,
with a main focus on histone modifications.

6
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1.2.1 DNA methylation
Chemical modifications of DNA bases were identified in 1948 by chromatography [Hotchkiss 48]. Cytosine methylation (5-methylcytosine) is one of the most
widely studied epigenetic modification in human and is sometimes referred as the
”fifth DNA base”. Methylation of cytosine occurs principally in repetitive genomic
regions and within CpG dinucleotides (Cytosine followed by Guanine separated
by a phosphate group). The latter tend to group together to form regions with
high density of CpG dinucleotides called CpG islands [Bird 85]. In human, CpG
are rare (~1%) but about 60% of gene promoters are composed of CpG islands
[Bernstein 07].
DNA methylation is mediated by DNA methyltransferases family (DNMTs). It
has been established that DNMT1 is responsible for maintaining DNA methylation
pattern through cellular division [Li 92]. By contrast, DNMT3a and DNMT3b are
known to establish de novo methylation sites, both enzymes being highly expressed
in embryonic stem cells as opposed to differentiated cells.
Methylation of cytosine was long assumed as an irreversible and stable epigenetic mark. Recent work identified a new family of enzymes referred as TET
(Ten-Eleven Translocation), which are able to modify 5-methylcytosine into reaction intermediates leading to the removal of the methyl group from the cytosine
[Tahiliani 09, Ito 11].
One functional consequence of DNA methylation is the regulation of gene expression [Razin 80, Bird 02]. In general, methylated CpG islands are correlated
with gene repression. Two complementary modes of action have been described:
(i) the methyl group prevents the binding of transcription factors [Watt 88] and
(ii) the methyl group promotes the recruitment of repressor complexes through the
binding of highly conserved proteins from the MBD family (Methyl-CpG Binding
Domain) [Bird 99, Sarraf 04]. DNA methylation plays an important role in maintaining genome stability, regulating the transcription as well as in the inactivation
of X-chromosome in female mammals [Reik 05, Hellman 07] and in the parent-oforigin allelic imprinting [Li 93].

1.2.2 Histone post-translational modifications
A pioneering work by Allfrey in 1964 led to the identification of the first histone
post-translational modification [Allfrey 64]. Since then, more than hundreds different histone post-translational modifications grouped in at least eight classes
have been reported [Kouzarides 07]. All histones are subject to post-translational
modifications occuring primarily within the N-terminal tails of the core histones.

CONFIDENTIAL
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Acetylation, methylation and phosphorylation of histone tail residues are among
the most widely studied histone modifications and have important roles in DNAbased biological processes (see Table 1.1 and section 1.3). A nomenclature is used
to describe the large variety of histone modifications in order to unambiguously
identify the histone, the modified amino acid (symbol and position) and the level of
modification [Turner 05]. For example, the histone H3 trimethylated on its lysine 4
is noted H3K4me3. Here, the discussion is limited to acetylation and methylation,
which have been studied in this thesis.
Modifications

Residues modified

Functions regulated

Acetylation

K-ac

Transcription, Repair, Replication, Condensation

Methylation

K-me1, K-me2, K-me3

Transcription, Repair

Methylation

R-me1, R-me2a, R-me2s

Transcription

Phosphorylation

S-ph, T-ph

Transcription, Repair, Condensation

Ubiquitylation

K-ub

Transcription, Repair

Sumoylation

K-su

Transcription

ADP ribosylation

E-ar

Transcription

Deimination

R > Cit

Transcription

Proline isomerization

P-cis > P-trans

Transcription

Table 1.1: Classes of histone modifications.
Reprinted from [Kouzarides 07]

Histone-modifying enzymes
Histone post-translational modifications are mediated by enzymes that are well
characterized in the literature. Additions of modification are catalyzed by histonemodifying enzymes also referred to as writers. Chromatin marks being dynamic
and reversible, erasers enzymes have been identified to catalyze the removal of
histone modifications.
Writers

Acetylation has long been considered as a hallmark of transcriptionally active
chromatin but the direct link was only established with the identification of the
first Histone AcetylTransferases (HATs) in 1996 [Brownell 96b]. The acetylation
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involves the transfer of an acetyl group from the cofactor Acetyl-CoA to the lysine
residues (K) of histone amino tails [Allfrey 64]. Since then, numerous HATs enzymes have been identified and they are now classified with respect to their cellular
localization and substrate specificity. Type-A HATs are localized in the nucleus
and catalyze the acetylation of nucleosomal histones in the context of transcription
regulation. Conversely, Type-B HATs are localized in the cytoplasm and catalize
the acetylation of newly synthesized histones but don’t acetylate nucleosomal substrates already deposited into chromatin [Brownell 96a].
Histone methylation mainly occurs on lysine (K) and arginine (R) residues of
histone amino-tails. Lysine residues may be mono-, di- or trimethylated whereas
arginine residues may be mono- and dimethylated in a symmetric or asymmetric configuration [Bedford 09, Ng 09]. The first histone lysine methyltransferase
(KMT) identified in 2002 targets H3K9 [Rea 00] but numerous KMTs have been
identified so far. Almost all of them contain the so-called SET domain, a highly
evolutionary conserved domain of ~120 amino acid residues, catalyzing the transfer of a methyl group from the cofactor S-adenosylmethionine (SAM) to the lysine
residues (K) of histone amino tails [Tschiersch 94, Bannister 11]. Interestingly, the
lysine position and the level of methylation have different impact on the regulation
of the gene expression: methylation of H3K4 and H3K36 is generally associated
with gene activation, whereas methylation of H3K9, H3K27 and H4K20 are common sites for gene repression [Bernstein 07, Barski 07]. Methylation of arginine
residues is catalyzed by enzymes belonging to the Protein Arginine MethylTransferases family (PRMTs). Like the methylation of lysine, the arginine position
and the level of methylation have different impact on the regulation of the gene
expression: H4R3me2a, H3R2me2s, H3R17me2a and H3R26me2a are associated
with gene activation, whereas H3R2me2a, H3R8me2a, H3R8me2s and H4R3me2s
are associated with gene repression [Bedford 09, Blanc 17].
Erasers

Soon after the identification of HATs enzymes, Histone DeACetylases (HDACs)
were reported in the literature. As expected, their activity was related to transcriptional repression [Taunton 96]. There are four classes of HDACs based on
their function and homology with previously identified deacetylase complexes in
yeast [Holbert 05].
For many years, erasers of methylated histones were not known and this modification was considered stable and static. A first class of lysine demethylase (LysineSpecific Demethylase LSD) was identified but their mechanism of demethylation
was only compatible with mono- and dimethylated lysines [Shi 04]. Soon after,
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a second important class of demethylases was discovered, having certain enzymes
capable of demethylating trimethylated lysines. The latter possess all a highly
conserved catalytic Jumonji domain [Tsukada 06].

1.3 Functional consequences of histone
modifications
Two major modes of action have been described to explain the functional consequences of histone post-translational modifications: (i) histone modifications
influence the overall structure of the chromatin and organize chromatin environments, and (ii) histone modifications promote and stabilize the binding of chromatin factors (also referred to as ”readers”) and orchestrate DNA-based biological
processes.

1.3.1 Establishing global chromatin environments
From a chromatin structure point of view, eukariotic genomes can be roughly divided into two conformation states: euchromatin and heterochromatin. At the
cytological level, euchromatin is only condensed during mitosis, whereas heterochromatin remains condensed throughout the cell cycle. Both regions have also
been characterized at the molecular level: euchromatin is relatively relaxed and
comprises most of the active portion of the genome. Conversely, because of its
condensed organization, the heterochromatin is less accessible to the transcription
machinery and therefore considered inactive.
Heterochromatin
Heterochromatin can be in turn divided into two distinct environments referred to
as constitutive heterochromatin and facultative heterochromatin.
The first one defines genomic regions such as telomeres or centromeres and
contains permanently silenced genes. For example, constitutive heterochromatin
has been characterized by high level of trimethylated H3K9 and Heterochromatin
Protein 1 (HP1) [Li 07].
On the other hand, facultative heterochromatin is constituted of genes that
are expressed during the development and cellular differentiation and which then
become silenced. The best example illustrating facultative heterochromatin is
the inactivation of the X-chromosome in female mammals. The inactivated Xchromosome has been characterized by high level of H3K27me3 and Polycombgroup proteins (PcG). Polycomb repressive complex 2 (PRC2) can methylate
H3K27 through its catalytic subunit EZH2 domain. Interestingly, H3K27me3 also
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mediate PRC2 recruitment during DNA replication, thus maintaining facultative
heterochromatin and contributing to the inheritance of chromatin modifications
[Hansen 08].

Euchromatin
Euchromatin represents the majority of the genome regions (e.g. ~92% of the human genome). Euchromatin is much more relaxed than heterochromatin so DNA
has flexibility in the biological output (e.g. active or repressive gene expression).
Transcriptionally active euchromatin has been characterized with high levels of
acetylation and methylation at H3K4, H3K36 and H3K79. Conversely, inactive
euchromatin has been characterized with low level of acetylation and methylation.
However, it is important to note that one histone modification is not necessary
specific to one chromatin state. For example, the entire body of an active gene
is highly enriched in trimethylated H3K36, whereas H3K36me3 enrichment at the
promoter is a common feature among repressed genes. A similar observation was
made for methylation at H3K9 [Vakoc 05].

Histone modifications promote local and global structural perturbations
Interactions between adjacent nucleosomes or between histones and DNA may be
altered by histone modifications.
Acetylation of the lysine residues reduces the positive charge of the histones,
which ”unfolds” chromatin and results in a less compact structure accessible for
binding of transcription factors. Particularly, numerous lysine residues have the
potential to be acetylated (e.g. H3K9, H3K14, H3K18, H4K5, H4K8, H4K12...),
suggesting important effects on chromatin structure. Enhancers and promoters
of active genes are hyper-acetylated, indicating again that acetylation facilitates
accessibility [Wang 08]. This is difficult to observe in-vivo but, for example, it has
been shown in-vitro that acetylation of H4K16 prevents the formation of the 30 nm
fiber and higher order of chromatin organization [Shogren-Knaak 06]. Conversely,
hypoacetylation leads to a more compact chromatin structure, thus reducing the
DNA accessibility for transcription factors [Strahl 00].
Histone phosphorylation may also affect chromatin compaction by charge changes.
There are fewer potential sites for phosphorylation compared to acetylation, but
for example it has been established that genome-wide phosphorylation of H3S10
promotes chromatin condensation during mitosis [Wei 98].
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1.3.2 Regulation of DNA-based processes
Histone modifications are involved in various DNA-based processes by serving as
recognition sites for effector proteins capable of reading information and by stabilizing their binding to the chromatin. Numerous evolutionary highly conserved
proteins (”readers”) have been identified and characterized to specifically interact
with modified histones.
Bromodomain proteins recognized specifically acetylated lysines and such motif
is mainly found in HATs and chromatin remodeling complexes [Hassan 02].
On the other hand, methylated lysines are bound by chromodomain proteins
which can be associated with either active and repressive chromatin states. For
example, ATP-dependent remodeling proteins from the Chromo Helicase DNA
binding family (CHD) have been found to recruit transcription activating complexes through its binding to methylated H3K4 [Pray-Grant 05]. Conversely, chromodomains are also linked to inactive gene expression. For example, transcription
repression and condensed chromatin structure are associated with high levels of
H3K27me3 and di-, trimethylated H3K9. The latter histone modifications are
bound by Polycomb Group proteins (PcG) and Heterochromatin Protein 1 (HP1)
respectively, which mediate the maintenance of the overall structure of heterochromatin [Lachner 01, Cao 02].

1.3.3 Histone modifications interactions
As discussed in section 1.2.2, the large abundance of histone modifications enables
a tight control of chromatin structure and a great flexibility in the regulation of
DNA-based processes. However, this diversity leads to crosstalk between histones
that can be modified at different sites simultaneously. Histone modifications can
positively or negatively affect each other (Fig. 1.3.1). In addition, communication
between histone modifications also exists with other chromatin modifications such
as DNA methylation, which all participate to fine-tune the overall regulation of
the biological functions (Fig. 1.3.2) [Du 15].
Histone modifications crosstalk
Histones can be modified at different sites simultaneously. Communications between histone modifications may occur at different level: among different histones,
among different tails of the same histone, among the same histone tail or even
among the same site [Wang 08]. A set of positive and negative relations between
modifications among the same histone is depicted in Fig. 1.3.1.
Histone modifications can interact in various ways. The binding of a protein
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Figure 1.3.1: Histone modifications interactions.
Histone modifications can influence each other in a positive (arrowhead) or negative (flat head) effect. Reprinted from [Bannister 11]
might be impacted by adjacent modifications: for example phosphorylated H3S10
disturb the binding of HP1 to methylated H3K9 [Fischle 05], but on the other
hand, enhance the recognition of H3 lysines by acetyltransferases [Clements 03].
An antagonistic competition might also occur if mutually exclusive modifications
target the same site. The best example is the lysine residue, which might be
acetylated, methylated, ubiquitylated or even sumoylated [Kouzarides 07].
Interplay between histone modifications and DNA methylation
Histone modifications are not only influencing each other, they may also cooperate
with DNA methylation. Examples of interplay between DNA methylation and
histone modifications are shown in Fig. 1.3.2.
As previously discussed in sub-section 1.2.1, DNA methylation correlates with
gene repression. Methylated CpG dinucleotides can recruit MBD proteins (e.g.
MeCP2), which in turn recruit histone deacetylase complexes (HDACs), resulting in chromatin remodeling and potential methylation of H3K9 by histone lysine
methyltransferases [Nan 98]. An alternative pathway for direct methylation of
H3K9 involving a lysine methyltransferase associated with MeCP2 was also described in the literature [Fuks 03] (Fig. 1.3.2a). On the other hand, histone
modifications can direct DNA methylation. For instance, chromodomain proteins
can bind to methylated H3K9 and mediate DNA methylation through DNMTs
recruitment (Fig. 1.3.2b).
Interactions between histone modifications, as well as their interplay with DNA
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Figure 1.3.2: Interplay between DNA methylation and histone modifications.
(a) Proteins from the MBD family may recruit HDACs complexes
to deactylate histones and indirectly favor histone methylation via
HMTs. Alternatively, HMTs containing a MBD domain may also directly methylate histone tails. (b) Methylated histones may recruit
DNMTs via a chromodomain protein to methylate DNA.
MBD: Methyl-CpG Binding Domain protein family; HDAC: Histone
DeACetylase; HMT: Histone MethylTransferase; SET: catalytic domain involves in histone methylation; DNMT: DNa MethylTransferase. Adapted from [Zhang 01]
methylation suggest that one single chromatin modification doesn’t act on its own,
but a combination of modifications may function cooperatively to regulate cellular
biological functions.

1.4 Defining cell identity based on histone
modifications
1.4.1 Genome-wide mapping of histone modifications
Analysis of histone modifications mainly relies on Chromatin ImmunoPrecipitation
technique (ChIP), in which an antibody is used to enrich genomic regions carrying
a specific histone modification.
Originally, the presence or absence of a pre-defined regions in the immunoprecipitated DNA was determined by Polymerase Chain Reaction (PCR) but such studies
were limited in the number of loci interrogated. The method rapidly evolved by
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combining chromatin immunoprecipitation with DNA microarrays to profile chromatin modifications over large genomic regions (ChIP-chip). However this technique suffered from amplification bias and cross-hybridization. The emergence of
sequencing technologies (and later Next-Generation Sequencing) contributed to
the development of the Chromatin ImmunoPrecipitation followed by sequencing
technique (ChIP-seq). ChIP-seq overcomes previous limitations as fewer amplification of immunoprecipitated DNA is required for sequencing and sequencing reads
are directly aligned to the genome to create chromatin-state maps [Mikkelsen 07].
ChIP-seq is still considered today as the gold standard method for genome-wide
analysis of histone modifications.
Chromatin ImmunoPrecipitation followed by sequencing (ChIP-seq)
Briefly, chromatin is fragmented by microccocal nuclease (MNase). This enzyme
is particularly adapted as it preferentially cuts linker DNA, generating principally
mono-nucleosomes under optimized conditions. The fragmented chromatin is immunoprecipitated with an antibody specific for the histone mark of interest. Unbound chromatin is discarded, whereas immunoprecipitated DNA is purified and
amplified before sequencing. The sequenced fragments are aligned to the reference genome and yield genome-wide binding site maps. The number of sequencing
reads detected at a genomic region correlates with the modification level of the
region (see Fig. 1.4.1).
Alternatively, the enzymatic fragmentation of chromatin may be replaced by
mechanical fragmentation (e.g. sonication). In this latter approach, chromatin
is first crosslinked with formaldehyde and then sonicated. This second method
offers the possibility to profile not only histone modifications but more generally
DNA binding proteins and chromatin-modifying proteins. However, the crosslinking step may disrupt the target epitope, thus reducing the immunoprecipitation
efficiency.
The resolution of ChIP-seq is directly linked to the size of the chromatin fragments, as well as the sequencing depth. The optimization of chromatin digestion
conditions is essential to ensure that most of the sequenced fragments originate
from a single nucleosome [Barski 07].
Constraints of chromatin immunoprecipitation methods
Several constraints are inherent to the ChIP method and should be kept in mind
before any experiments [Kidder 11].
• Highly specific antibodies are essentials to generate good quality results.
Only well-characterized antibodies must be used to ensure high specificity
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and good sensitivity to the target epitope.
• Different method of chromatin fragmentation might lead to different results.
Both mechanical and enzymatic fragmentation introduce specific bias such
as fragment length or selective digestion. In addition, the number of cells,
the fixation conditions, the type of sonicator and sonicator settings are also
source of variation in ChIP-seq results. Therefore, technical and biological
replicates as well as input control (fraction of DNA not immunoprecipitated)
are valuable to generate reliable data.
• ChIP-seq was requiring large number of cells (106 to 108 cells per experiment), thus limiting the use of the technology to rare samples. Considerable
efforts have been made recently to reduce the number of starting cells from
millions down to tens cells [Ma 18]. However, the chromatin profiles obtained
remain an average snapshot of the modification status, which could contain
contributions from very heterogeneous modifications states of different cells.
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Figure 1.4.1: Genome-wide mapping of histone modifications by Chromatin ImmunoPrecipitation followed by sequencing (ChIPseq).
Chromatin is fragmented to generate preferentially mononucleosomes.
Nucleosomes bearing a histone modification of
interest are ”captured” by immunoprecipitation using an antibody
that is specific to this particular modification. DNA fragments
wound around those histones are purified, amplified and sequenced.
Sequenced DNA fragments are mapped to the reference genome to
generate genome-wide binding site maps in which peaks correlate
with regions carrying the target modification.
Adapted from
[Schones 08]
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1.4.2 Epigenomic signatures define cell-type identity
Systematic genome-wide mapping of histone modifications (also referred to as
epigenomic profiling) have revealed reproducible patterns in their distribution,
allowing predictions to be made about transcriptionally active or repressive chromatin states (see Fig. 1.4.2) [Bernstein 05, Barski 07, Ram 11].

Figure 1.4.2: Chromatin states define cell identity
Active chromatin states are associated with high level of H3K4me3 in
promoter regions and H3K27ac in enhancer regions. CpG islands are
demethylated. Conversely, repressive chromatin states are associated
with high level of H3K27me3 and H3K9me3. CpGs are methylated.
Histone-modifying enzymes (HATs: Histone AcetylTransferases;
HDAC: Histone DeACetylase; KMTs: Lysine MethylTransferase;
LSD: Lysine Specific Demethylase; KDMs: Lysine DeMethylase
containing Jumonji catalytic domain); DNMTs: DNa MethylTransferases; TETs: Ten-Eleven Translocation. Adapted from
[Flavahan 17]
A core set of histone modifications has been attributed to specific genomic regulatory elements and chromatin domains. Active chromatin states are associated
with high level of H3K4me3 in promoters, H3K4me1 and H3K27ac in enhancers
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and H3K36me3 in the body of transcribed genes. Conversely, transcriptionally inactive chromatin state including heterochromatin regions, have been characterized
with high levels of H3K27me3 and HK9me3 [Epigenomics 15].
These histone modifications contribute to the definition of epigenomic signatures within distinct chromatin states, which are highly indicative of cell type
and tissue identity. The genome-wide profiling of these marks can be leveraged
to understand the global landscape of genome regulation and then, for example,
distinguish epigenomic differences in the context of normal and disease cell states
[Epigenomics 15]. However the current state of the chromatin profiling technologies doesn’t allow studying cellular heterogeneity nor detect cell-to-cell variation
in chromatin states.
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Droplet-based microfluidics for
single-cell epigenomic profiling
Cellular heterogeneity is a universal property of multicellular organisms, which
contain diverse cell types originally classified on the basis of their phenotypic characteristics (location in the organism, morphology...). The definition of these cell
types has started to evolve with the investigation of molecular characteristics (such
as DNA, RNA, proteins, metabolites) but bulk analyses of tissues and cell populations only represent an average snapshot of the cellular components.
Recently, advances in cellular profiling has enabled the characterisation of the
molecular heterogeneity at single-cell resolution, revealing a large diversity of cell
”states” among similar phenotypes. Single-cell RNA-seq is at the forefront on
the development of single-cell methods and provides in-depth analysis of gene
expression profiles. However, quantifying gene expression in individual cells is
challenging and limited by technical issues (e.g. capture and amplification of low
amount of mRNA) as well as the stochasticity inherent in biological processes
[Elowitz 02, Li 11a].
In order to reduce the impact of the noise present in single-cell measurements,
two strategies have driven the technological development: (i) the increase of the
number of variables measured, and (ii) the increase of the number of cells profiled
[Prakadan 17]. The first strategy relies on the intuitive idea that the expression of a
single gene might not be reliable of a cell state, but the co-variation of a set of genes
is less impacted by noise. Similarly, increasing the number of cells contributes to
a more effective characterisation of cell subpopulations that compose the sample.
An illustration of the dramatic increase over the last decade in the number of
cells profiled per single-cell RNA-seq experiment is shown in Fig. 2.0.1 (for review
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[Angerer 17, Svensson 18]).

Figure 2.0.1: Evolution of the number of cells profiled in single-cell RNAseq experiments.
Sequencing the whole transcriptome of one single-cell was first described by Tang et al in 2009 [Tang 09]. The number of cells assayed
increased to ~100 with sample multiplexing, ~1,000 with the development of robotics and ~10,000 with the use of microfluidic devices.
Recently, combinatorial in-situ barcoding methods have been developed to simultaneously process ~100,000 single-cells. Reprinted from
[Svensson 18]
Tang et al sequenced for the first time in 2009 the whole transcriptome of a single cell [Tang 09]. In the following years, the method has been adapted on plate to
allow multiplexing and sequencing of hundreds cells [Islam 11] and thousands cells
with the use of robotics [Jaitin 14]. The development of microfluidic devices allowed a jump in throughput from hundreds [Brennecke 13] to thousands [Klein 15]
and tens of thousands cells [Macosko 15, Bose 15]. Recently, combinatorial in-situ
barcoding methods have been used to profiled hundred of thousands cells in parallel, opening doors for large scale studies [Cao 17, Rosenberg 18].
In this introductory chapter the scope of the discussion is limited to microfluidic
systems with a focus on the droplets format as a method of choice to profile
molecular states at single-cell resolution.
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Opportunities offered by the microfluidic systems for single-cell analysis
Microfluidics is by definition the study of flows in micrometric systems [Tabeling 05].
The manipulation of liquid at the micrometric scale is of great interest in biology
and offers the following advantages:
• Volumes: reduction by 106 -fold compared to conventional assays in tubes
(from milliliters to picoliters). Such volumes are on the same scale as individual mammalian cells.
• Compartmentalization: objects can be confined and isolated from each other
in micrometric compartments. In the case of single-cell analysis, cells are
captured, lysed and their components retained in the compartment for further processing.
• High-throughput: reduction in volume allows a massive increase in the number of experiments performed in parallel as illustrated in Fig. 2.0.1.
• Cost-efficiency: reduction of reagents, consumables and time [Agresti 10]
• Sensitivity: detection of small amount of analytes is enhanced due to their
high concentration in small volume [Najah 12]
Microfluidic confinement strategies for single-cell analysis
Three main types of microfluidic devices have been developed to isolate objects
and are used for single-cell analysis purposes: (i) valve-based microfluidic devices,
(ii) nano- and picowells and (iii) droplet-based microfluidic devices (see Fig. 2.1.1,
for review [Prakadan 17]).
Valve-based microfluidic devices are the first major method developed and probably the most sophisticated. Microfluidic channels are coupled with pressurecontrolled valves (see Fig. 2.1.1a; for review on operation of valve-based microfluidics [Unger 00, Thorsen 02, Hong 03]). Opening and closing of valves create walls
and isolate objects in nanoliter chambers. The channels and valves can be arrayed
and controlled simultaneously on microfluidic devices allowing a broad range of
operations such as adding and mixing reagents, incubation... [Fan 11]. The main
limitations are the throughput (hundred of cells in parallel) and the complex design/fabrication of the devices.
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Figure 2.1.1: Microfluidic confinement strategies for single-cell analysis.
(a) In valve-based microfluidics single-cells can be trapped by applying a pressure on channels perpendicular to the flow channel. The
pressure applied deforms the channels and creates reversible ”walls”
that confine single-cells in microfluidic chambers. (b) Cells can be isolated into nanoliter or picoliter wells by gravity, which can be sealed
with a glass slide. (c) Droplet-based microfluidics consist in isolating
single-cells in small aqueous droplets dispersed in a continuous oil
phase. Adapted from [Prakadan 17]

Arrays of tens of thousands microfabricated wells are a much simpler method to
isolate single-cells than valve-based microfluidic systems, whose wells volume can
range from nanoliter [Love 06, Gierahn 17] to picoliter [Bose 15] (see Fig. 2.1.1b).
Cells can be simply loaded into the wells by gravity, but must be diluted to avoid
multiple cells into the same well (see section 2.2.3 for loading occupancy and Poisson statistics). As a result, the number of cells processed in parallel can be scaled
up to ten thousands [Bose 15]. In addition to the simplicity, one major advantage
is the fixed spatial location of each well allowing multiplexed measurements and
kinetic studies.

Alternatively, individual cells can be isolated in small aqueous droplets dispersed
in a continuous oil phase (Fig. 2.1.1c). Droplets, whose volume span from nanoliters to femtoliters (10-9 to 10-15 litres), are stabilized by a surfactant and function
as independent biocompatible microreactor. Droplet-based microfluidics have been
utilized in this thesis, the opportunities and constraints offered by the droplets and
their utility in single-cell analysis are discussed in the following sections.
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2.2 Droplet-based microfluidics
Droplet-based microfluidics is a domain of microfluidics, in which aqueous droplets
dispersed in a continuous oil phase are used as independent microreactor (subsection 2.2.1). On-chip microfluidic modules allow droplets generation and manipulation at kHz frequencies and throughput can easily reach millions of drops
per hour (sub-section 2.2.2). Droplet microfluidics have been used in a broad
range of applications such as the high-throughput phenotypic screening of viruses
[Chaipan 17], bacteria [Baret 09], yeast [Agresti 10, Beneyton 17], filamentous
fungi [Beneyton 16] and mammalian cells [Clausell-Tormos 08], allowing for example highly efficient directed evolution [Agresti 10, Obexer 17] or the study of
immune response dynamics at the single-cell level [Eyer 17]. Recently, dropletbased microfluidic systems combined with DNA barcoding and Next-Generation
Sequencing (NGS) have enabled high-throughput single-cell genomics, transcriptomics and epigenomics analysis (discussed in section 2.3 of this introductory
Chapter).

2.2.1 Key features of droplet-based microfluidics
Quantitative measurement
An important feature of droplet-based microfluidics is the generation of highly
monodisperse droplets [Thorsen 01]. The initial concentration of each reagent is
similar between droplets and a slight variation can be directly related to the activity of the encapsulated compounds. For this purpose, fluorophores are available
and can be used in microfluidic workflows. For example, fluorogenic substrates are
used in enzymatic reactions to measure the catalytic activity of an enzyme as a
fluorescence readout. Production and analysis of droplets are generally operated
on dedicated microfluidic instruments: each droplet is scanned by a laser beam as
they pass in front of a detection point and the fluorescence signals are analysed in
real-time [Mazutis 13].
Biocompatibility
Micro-fabrication techniques, such as soft-lithography [Xia 98], contributed to the
development of prototype microfluidic device. Those microfluidic chips are easily
made of polydimethylsiloxane (PDMS) with micrometric channels imprinted and
bound on glass slides. PDMS is a material of choice for producing microfluidic chip
as it is inexpensive, optically transparent, gas permeable and importantly, inert
to chemical and biological reactions. In addition, oil and water can be injected in
the PDMS chips to generate droplets by the shearing of the aqueous phase by the
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oil phase [Anna 03].
The continuous oil phase is generally composed of perfluorinated oils which have
the advantage to be hydrophobic, lipophobic and inert to biochemical reactions.
Those properties are particularly important in droplet-based microfluidics as the
solubility of organic molecules is reduced, thus retaining biological compounds inside the droplets. In addition, the high gas solubility in perfluorinated oils enables
cellular respiration in droplets [Lowe 98, Mahler 15].
Finally, aqueous droplets are stable after production only if they are stabilized
by a surfactant (lowering interfacial tension at the surface of the droplets). Surfactants are organic compounds that are amphiphilic, meaning that they contain
both a hydrophilic group (head) and a hydrophobic group (tail). For this purpose,
biocompatible surfactants composed of fluorophile perfluoro-tails coupled to hydrophyilic PEG head groups have been developed which enable for example the
thermocycling of emulsions while preserving droplets integrity [Hindson 11].
High-throughput
Manipulating liquids at the micro-metric scale reduces the volume of reagents per
assay. Droplet-based microfluidics outperform the other categories of microfluidic
systems presented in 2.1 with respect to throughput. The frequency of the droplets
production and analysis depends on the channels geometry and flow conditions,
but a range from 0.1 to 30 kHz has been reported in the literature [Sciambi 15].

2.2.2 Manipulating droplets
Microfluidic devices allow the high-throughput generation of highly monodisperse
aqueous droplets. Those droplets can be manipulated using a broad range of
microfluidic modules, which can be assembled into fully integrated microfluidic
chips (examples of microfluidic modules for manipulating droplets are shown in
Fig. 2.2.1).
• Emulsions are made of an aqueous phase dispersed in an oil continuous
phase and stabilized by a surfactant. Droplets volume span from nanoliter [Zilionis 17] to femtoliter [Leman 15] and can be produced using different channel designs and geometries [Thorsen 01, Anna 03, Cramer 04,
Abate 09a, Li 11b, Li 15].
• Aqueous phases mix rapidly inside droplets by diffusion but microfluidic
modules can be added to speed up the mixing of two or more phases [Tice 03,
Bo Zheng 04].
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• Droplet populations can be merged passively [Tan 04, Niu 08], or actively using a triggered electric field [Mazutis 09b, Niu 09, Zagnoni 09a, Zagnoni 09b].
• Droplets can be incubated on-chip as a single-file in delay lines (seconds),
while preserving droplet order [Frenz 09]. Droplets can also be incubated
for longer time (minutes) or in stationary chambers but in this case droplets
order is not maintained [Courtois 08].
• Droplets fluorescence can be detected and measured in real-time as the
droplets passed a laser beam. [Baret 09].
• Droplets of interest can be sorted out based on their physical properties in
passive hydrodynamic selection [Chabert 08, Mazutis 09c]. Also, droplets
can be actively sorted using external forces such as dielectric forces [Ahn 06,
Sciambi 15] or acoustic waves [Franke 09].
• Droplets can be splitted symmetrically or asymmetrically in different ratios
depending on the microfluidic channels geometry [Link 04, Abate 11]. Active
splitting using a triggered electric field can also be used to divide droplets
into smaller ones [Link 06].
• Droplets can be collected and incubated off-chip before being re-injected into
a dedicated microfluidic device [Mazutis 09a].
The microfluidic modules illustrated in Fig. 2.2.1 are examples of high-throughput
operations that can be performed in droplet-based microfluidics. It is tempting to
combine these modules on integrated workflows and, for example, simultaneously
generate droplets, measure their fluorescence, and sort the droplets that display
the desired properties. However, the hydrodynamic resistance is inversely proportional to the volume of a rectangular microfluidic channel [Fuerstman 07]. Also,
multiplying the number of microfluidic modules on the same device increases the
hydrodynamic resistance and can make the device difficult to control.
Complex microfluidic workflows are usually performed using different microfluidic devices. However, emulsions are fragile and manipulating droplets in several
microfluidic chips implies the collection and re-injection of the droplets, which can
potentially induce coalescence. As a result, droplets might not be monodisperse
which is problematic to precisely control the droplets inside the channels but also
to compare them as identical independent microreactor. Again, the number of
microfluidic operations that can be performed sequentially is limited.
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Figure 2.2.1: Examples of microfluidic modules for manipulating droplets.
(a) droplet generation, (b) mixing two aqueous phases in droplets
after generation, (c) active fusion between two droplets by electrocoalescence, (d) incubating droplets (seconds) without loosing droplets
order, (e) incubating droplets (minutes to hours) or stationary storage, (f) measurement of droplet fluorescence, (g) fluorescence activated droplet sorting, (h) re-injection of droplets, (i) passive droplet
splitting, and (j) off-chip incubation of droplets. Reprinted from
[Kintses 10]
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2.2.3 Predicting cell compartmentalization
Compartmentalization of non-interacting discrete objects in droplets follows a
Poisson distribution [Shapiro 03], which describes the probability of finding a mean
number ⁄ of x objects per droplet (Fig. 2.2.2). The random encapsulation of cells
requires diluting the samples to ensure at most one cell per droplet, resulting in
a large majority of empty droplets [Köster 08, Clausell-Tormos 08, Huebner 08].
With a mean number of cell per droplet in the range of ⁄ = 0.1 - 0.3, 90% to 74%
of the droplets are empty. Some microfluidic devices were also developed to reduce the impact of the Poisson distribution, for example by sorting out empty
droplets or ordering the cells in the microfluidic channel before encapsulation
[Edd 08, Collins 15].

Figure 2.2.2: Predicting the number of cells per droplets. Distribution of
the number of cells per droplets for different ⁄ values. Reprinted
from [Mazutis 13]

2.3 Single-cell -omics in droplets
2.3.1 Droplets barcoding
Why barcoding?
Barcoding refers to the need of multiplexing and analyzing multiple cells at once.
RNA or DNA are present in minute amount in single cell and such quantities are by

CONFIDENTIAL

29

Chapter 2 Droplet-based microfluidics for single-cell epigenomic profiling
far too low to be sequenced without prior amplification [Tang 09]. Adaptors were
used to capture and drive amplification of nucleic acids from individual cell but
they rapidly evolved to incorporate unique sequence specific to each cell isolated
in well plates [Islam 11, Hashimshony 12, Jaitin 14]. With the emergence of highthroughput techniques such as the random encapsulation of cells in droplets, larger
barcode libraries were needed to avoid the barcoding of two distinct cells with the
same sequence.
General barcoding constraints
The barcoding strategy should be carefully designed to fullfil requirements and
specificity of each application, notably in terms of number of cells multiplexed
per assay. Two major methods have been described to generate large barcode libraries for single-cell analysis in droplets: (i) the combination of multiple barcode
sequences and (ii) the synthesis of random barcode sequences [Svensson 18].
Combinatorial synthesis method was first described for the solid-phase synthesis
of peptides in 1963 and immediately adopted to generate quickly large number of
compounds [Merrifield 63]. This approach was adapted to measure gene expression of thousands single hematopoietic cells in a microwell array in which beads
functionalized with oligonucleotide primers for mRNA capture were loaded in each
well [Fan 15]. The oligonucleotide primers comprised a DNA barcode generated
by combinatorial split-pool synthesis method. Briefly, beads were distributed into
a 96-well plate with each well containing a different short DNA barcode that is
added by ligation to the beads. The beads were then pooled and splitted again in
a second 96-well plate. By repeating this split-pool three times, a library of 963
combinations is created (884,736 possible barcodes).
Similarly, Klein et al developed the InDrop method [Klein 15] by using hydrogel
beads grafted with barcoded primers generated with 2 rounds of split-pool from
384-well plates. The diversity of the barcode library is reduced by a factor 6
resulting in 147,456 combinations. The authors estimated the maximum number
of cells that can be sequenced to limit to 1% the probability of having 2 cells with
the same barcode. They presented the problem as analogous to the ”birthday
paradox”, with the total number of barcodes assimilated to the days of the year
and the number of cells assimilated to the group of persons. In other words, the
problem is to sample, without replacement, n elements among N . They defined
the number of observed barcodes nobs when sampling n elements by the following
relation:
nobs = N (1 ≠ e≠n/N )
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Considering that the barcoding error is the fraction of cells with the same barcode:
nobs
n
In practice, the number of encapsulated cells is much smaller than the total
number of barcode combinations (n << N). The equation can be simplified:
error ¥ 1 ≠

n
(2.3.1)
2N
Applying the equation (2.3.1) to limit to 1% the probability of having 2 cells
with the same barcode:
error ¥

ncells = 0.01 x 2 x 3842 = 2, 949 cells
Increasing the length of the barcode or the number of split-pool cycles would
automatically increase the number of cells than can be multiplexed. Alternatively,
a second method consisting of split-pool single-based DNA synthesis on beads has
been used to dramatically increase the diversity of the barcode library (12 splitpool rounds generating 412 ~16.7 million combinations). Such method has been
reported in Drop-seq [Macosko 15] to explore mouse retinal tissues and identify
~40 transcriptionally distinct cell populations from ~44k cells.
How delivering barcodes in droplets?
In Drop-seq [Macosko 15] and InDrop [Klein 15] methods, barcodes are delivered
in droplets by co-encapsulation of cells and barcoded beads. However, in Drop-seq,
barcoded beads are small microparticles that follow a distinct Poisson distribution
compared to the cells. As a result, the probability to find both one cell and one
bead in the same droplet is defined by the product of the probability of finding one
cell and the probability of finding one bead. Considering a typical mean number
of cell per droplet of ⁄ = 0.3 (22.2% of single cell), the mean number of bead
should also be ⁄ = 0.3 to ensure at most one bead per droplet (22.2% of single
bead), resulting in only ~5% of droplets containing both one cell and one bead.
The majority of the cells (~4/5) won’t be co-encapsulated with a barcoded bead,
leading to important loss of information which might be an issue when processing
limited cell numbers.
Klein et al used hydrogel beads instead of solid microparticles in InDrop method.
Hydrogel beads have the particularity to be deformable [Kim 07] and can be closely
packed in a single-file as they approach the droplet generation junction. By synchronizing the regular flow of hydrogel beads with the periodicity of the droplets
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formation, Abate et al demonstrated nearly 100% hydrogel droplet occupancy
[Abate 09b]. As droplets must contain one cell and one bead to produce a sequencing library, Klein et al limited cell loss with the use of those hydrogel beads.
In other applications requiring enzymatic DNA digestion such as in single-cell
epigenomics studies, barcodes can’t be loaded directly with the cells in droplets
and as to be delivered a posteriori. For this purpose, alternative strategies have
been developed. Droplet-based libraries of oligonucleotide barcodes have been first
described by Rotem et al for single-cell RNA-seq [Rotem 15b] and later adapted
for single-cell ChIP-seq [Rotem 15a]. Oligonucleotides are directly emulsified from
2 x 384-well plates and collected through a single output. The barcode-containing
droplets are then fused with cell-containing droplets. The low complexity of the
barcode library (1,152 possible barcode combinations) limits the collection of ~100
cells to ensure 95% of the barcodes are unique to a single-cell. This issue can
be mitigated by collecting multiple samples and adding a second sample-specific
barcode during sequencing library preparation.
To overcome this limitation, single-molecule amplification in droplets [Zhang 12]
has been used to generate droplet-based libraries of barcodes [Lan 16, Lan 17]. The
barcodes are generated by diluting oligonucleotides in accordance with Poisson
statistics so that ~1 in 10 droplets contains a single molecule. Oligonucleotides
are encapsulated with PCR reagents in droplets for amplification and generating a
clonal population of the single molecule. This method is efficient to generate large
libraries of million combinations but leads to a majority of empty droplets due to
the Poisson distribution as previously described.

2.3.2 State of the art in single-cell -omics using droplet-based
microfluidics workflows
Single-cell analysis is a rapidly evolving field of research and development. The
flexibility of the droplets format can be leveraged to investigate different molecular
layers of individual cells (and hence cell identity and function). Striking examples
with respect to genomic, transcriptomic and epigenomic profiling of single cells
using droplet-based workflows are discussed in this sub-section.
Interrogating genome complexity at single-cell resolution
The development of single-cell genomics in droplet microfluidics is hampered by
technical challenges in isolating, purifying and amplifying genomic DNA from
single-cells and by the high read coverage necessary to cover the entire genome.
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Consequently, most of the single-cell genomics studies still rely on valve-based microfluidics systems, in which the number of cells is de-facto limited.
Fu et al and later Hosokawa et al overcame part of the technical issues regarding
Whole Genome Amplification (WGA) quality by adapting mulitple-displacement
amplification in droplets [Fu 15, Hosokawa 17]. The method has been used to
detect Copy Number Variation (CNV) and call Single Nucleotide Polymorphism
(SNP) in ovarian cancer cell lines revealing distinct populations of cells with multiple CNVs and chromosomal abberations [Leung 16].
Quantifying gene expression at single-cell resolution
Study of the gene expression at the single-cell level is already having an important
impact in exploring tissue heterogeneity, developmental processes or identifying
gene regulatory mechanisms. Two major methods pioneered the development of
single-cell RNA-seq using droplet-based microfluidics: (i) InDrop by Klein et al
[Klein 15] and (ii) Drop-seq by Macosko et al [Macosko 15]. Both methods rely
on the co-compartmentalization of cells in droplets with a bead carrying barcoded
polydT primers for mRNAs capture and initiation of the reverse transcription. In
Drop-seq, mRNA are captured on beads and the reverse transcription is taking
place in bulk, while in InDrop, the reverse transcription occurs in droplet before
breaking the emulsion. They showed similar technical performance with >95% cell
specificity and 5k to 10k recovered genes per cell. A slight advantage in terms of
sensitivity for the Drop-seq method with ~12% RNA capture (~7% for InDrop).
The commercialization of both methods has ”democratized” the use of single-cell
RNA-seq, making it available to a larger public: 1CellBio Inc. is commercializing
the InDrop method, Drop-seq is available via Dolomite Bio, Illumina and BioRad
have started a collaboration to develop the ddSEQ Single-Cell Isolator platform
and 10x Genomics is providing a popular hybrid method between InDrop and
Drop-seq.
This popularity has led to the recent development of alternative methods:
The requirement for tissue dissociation and the preparation of single-cell suspension in single-cell RNA-seq can be difficult to achieve with clinical samples
or fragile tissues such as brain samples. To overcome this limitation, Habib et
al introduced last year DroNc-seq for massively parallel single-nucleus RNA-seq
[Habib 17]. They combined previous low-throughput single-nuclei RNA-seq methods [Grindberg 13, Habib 16, Lake 16, Lacar 16] with Drop-seq to profile ~40k
nuclei from mouse and human brains revealing most of the known brain cell types.
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Single-cell RNA-seq doesn’t provide phenotypic information and measuring simultaneously gene expression and proteins in single-cells remained limited in scale
to few genes and proteins in parallel [Ståhlberg 12, Frei 16, Albayrak 16]. Recent
studies overcome in part those limitations by pairing transcriptome sequencing
with cell surface protein markers of thousands cells using droplet-based microfluidics [Shahi 17, Stoeckius 17, Peterson 17]. For this purpose, cells were pre-labeled
before compartmentalization in droplets with antibodies conjugated to DNA tags
that can be captured and amplified as mRNAs by the oligo-dT primers on the
barcoded beads. Using this method, Peterson et al quantified up to 82 proteins
to characterize the activation of naïve CD8+ T-cells isolated from the blood of 3
donors when treated with agonist monoclonal antibodies to CD27. They found 16
differentially expressed proteins across the 3 individuals and showed that the gene
expression level and the protein abundance were not always correlated, suggesting
a better stability of the proteins compared to mRNAs. Alternatively, antibodies
can be replaced by aptamers probes to allow multiplexing and avoid the use of
expensive antibody-tag compounds [Delley 18].
More specific applications also emerged such as the high-throughput sequencing
of immune repertoires (for review [Georgiou 14, Chattopadhyay 14, Friedensohn 17]).
Methods for recovery of VH /VL antibody coding sequences have been described
[DeKosky 13, McDaniel 16], as well as the pairing of – and — chains of T-cells
receptors [Grigaityte 17].
Profiling chromatin states at single-cell resolution
Chromatin accessibility has been investigated at single-cell resolution but not
adapted to the droplet format yet (single-cell ATAC-seq). These methods were
developed using Fluidigm C1 system with a limited thoughput of hundred cells
[Buenrostro 15] or by combinatorial indexing of fragmented DNA [Cusanovich 15].
However, new studies based on droplet microfluidics could take advantage of the
announcement made by 10x Genomics during the AGBT 2018 conference (Advances in Genome Biology and Technology). 10x Genomics is about to release in
2018 a new single-cell ATAC-seq product to interrogate chromatin accessibility of
thousands cells at single-cell resolution. As proof of concept, researchers from 10x
Genomics profiled 1,000 PBMCs and the data analysis revealed all the major cell
types present in the human blood with a genomic coverage profile similar to bulk
ATAC-seq assay (unpublished, data available on 10x Genomics website).
Single-cell profiling of chromatin landscapes is largely uncharted and only one
method has been reported in the literature for the mapping of histone modifications

34

CONFIDENTIAL

2.4 Mapping histone modifications at single-cell resolution
by single-cell Chromatin ImmunoPrecipitation followed by sequencing (scChIPseq) [Rotem 15a]. This method is detailled in the following section 2.4.

2.4 Mapping histone modifications at single-cell
resolution
Constraints specific to single-cell epigenomics assay
Optimizations of ChIP-seq protocols in terms of immunoprecipitation conditions
and amplification procedures have reduced input material from millions to hundreds cells without loosing resolution in the identification of enriched or depleted
regions [Adli 10, Brind’Amour 15, van Galen 16, Ma 18]. However, achieving singlecell resolution in epigenomics studies implies additional constraints and requires
careful consideration in analysis as the presence or absence of sequencing read is
the primary readout of the method:
1. ChIP-seq is an indirect chromatin profiling method in which antibodies
are used to enrich target loci (see introductory Chapter 1, section 1.4.1).
Background noise arises from non-specific antibody pull-down which tends
to increase as the amount of target epitope decreases [Schwartzman 15,
Rotem 15a, Clark 16].
2. Most of the sequencing reads are non-specific and there is no direct way to
distinguish true reads from false positives at single-cell resolution [Clark 16].
3. Single-cell epigenomics libraries might have low mappability rates and high
proportion of duplicates reads (e.g. as reported in single-cell bisulfite sequencing [Smallwood 14]).
4. Estimation and control of technical sources of variation is challenging. Unlike
single-cell RNA-seq in which spike-in standards can be used to assess the
level of technical noise, such strategy can’t be applied in single-cell ChIP-seq
assay.
5. Single-cell epigenomics data are sparse as hundreds reads are typically recovered per individual cell.
For those reasons, cell-to-cell variation in histone post-translational modifications
remains largely uncharted. Only one method has been reported so far in the
literature and is detailled below.
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Drop-ChIP
Rotem et al published in 2015 the Drop-ChIP method to perform ChIP-seq at
single-cell resolution by combining droplet-based microfluidics, DNA barcoding
and Next-Generation Sequencing (see the procedure in Fig. 2.4.1) [Rotem 15a].
The use of droplet microfluidics can mitigate the limitation associated with nonspecific noise in low-input experiment by indexing chromatin from thousands cells
isolated in droplets and combining the content of all droplets before immunoprecipitation.
The authors developed the Drop-ChIP method with the following characteristics:
• Barcode-containing droplets are generated from 2 x 384-well plates as previously described in sub-section 2.3.1 and reported by Rotem et al [Rotem 15b].
The diversity of the barcode library is low (only 1,152 possible combinations)
thus limiting the collection of ~100 cells to ensure that 95% of the barcodes
are unique to a single-cell. To increase the throughput, the authors collected
and processed multiple fractions of ~100 cells in parallel and added a sample
specific barcode before sequencing to allow multiplexing.
• Cells are compartmentalized in droplets, lysed and incubated off-chip for
chromatin digestion by microccocal nuclease enzyme (MNase).
• Nucleosomes-containing droplets and barcode-containing droplets are paired
and fused in addition with ligation reagents in a three-point merger device
(Fig. 2.4.1a). The rationale behind the separate encapsulation of cells and
beads is to prevent the barcodes digestion by MNase. To inactivate the
enzymatic activity, EGTA is injected with the ligation reagents in order to
chelate Ca2+ ions which are necessary for MNase activity.
• After fusion, droplets are incubated off-chip to allow ligation of the barcodes
to the nucleosomes. Barcodes are ligated to both ends of the nucleosomes
allowing the attribution of each sequencing read to its originating cell.
• Barcoded-nucleosomes from ~100 cells are combined and mixed with chromatin carrier from a different specie for chromatin immunoprecipitation. Enriched DNA is then amplified by PCR using primers complementary to a
universal sequence on the barcode (Fig. 2.4.1b).
• Sequencing reads are aligned to the reference genome and deconvoluted based
on their barcode sequence. Clustering of the single-cell data highlights subpopulations whose chromatin profiles can be reconstructed by aggregating
reads from all the cells present in the given subpopulations (Fig. 2.4.1c).
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Figure 2.4.1: Overview of Drop-ChIP procedure developed by Rotem et
al.
(a) Cells are compartmentalized in droplets with the lysis buffer and
the microccocal nuclease enzyme (MNase) for chromatin digestion.
Nucleosomes-containing droplets are re-injected in a microfluidic device and merged one-to-one with droplets containing DNA barcodes
to allow nucleosomes barcoding at single-cell resolution. (b) Barcoded nucleosomes are combined and mixed with carrier chromatin
for immuno-precipitation. Enriched DNA is amplified and sequenced.
(c) Sequencing reads are deconvoluted by their barcode sequence to
generate single-cell binding site maps. Single-cell profiles are clustered and reads are aggregated to generate chromatin profiles specific
to each sub-populations. Reprinted from [Rotem 15a]
The authors demonstrated the performance of Drop-ChIP by profiling H3K4me3
of a mixture composed of mouse embryonic stem cells (ES), mouse embryonic fibroblasts (MEF) and erythroid myeloid lymphoid cells (EML, hematopoietic cell
line). Despite the sparsity of the data (only hundreds reads per cell), they showed
that 95% of the cells were correctly clustered indicating that single-cell data were
sufficient to distinguish cell types based on their epigenetic profiles.
In a second step, they used Drop-ChIP to distinguish variation in H3K4me2
chromatin states in mouse embryonic stem cells cultured in serum completed with
Leukemia Inhibitory Factor (LIF). Initial unsupervised clustering didn’t reveal
subpopulations but they defined a set of 91 ”signatures” derived from combination of published ChIP-seq datasets for histone modifications, transcription factor
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and chromatin regulators binding sites... and performed a signature-based clustering. This second approach revealed 3 subpopulations with distinct chromatin
patterns over Polycomb and pluripotency-related signatures, suggesting different
stages of cellular differentiation among ES cells.
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Chapter 3

Studying epigenetic intratumoral
heterogeneity to better understand
the emergence of therapeutic
resistance
Genetic alterations such as mutations, gene rearrangement and copy number variation are the traditional molecular hallmark of cancer. Tumors are composed of
highly heterogeneous cell subpopulations, which are universally associated with
aberrant gene expression, abnormal cell growth and plasticity to internal and external stimuli. However genetic intratumoral heterogeneity can’t explain solely
the large diversity in morphological and physiological properties of tumor cells. It
might not be just a coincidence that most of the genetic mutations are located on
genes encoding regulators of the epigenome, indicating that changes in epigenetic
states also profoundly affect initiation and cancer progression [Shen 13].
Several studies have shown that the response to therapy of tumor-derived cell
lines led to the emergence and survival of rare subpopulations with distinct drugtolerant states. Interestingly, the phenotype of these ”persister” cells is reversible,
in other words, the cells are able to restore their original phenotype after removal of
the drug and reacquire a drug-tolerant state after re-exposure to treatment. This
reversibility suggests that non-mutational mechanisms (i.e epigenetic mechanisms)
and cell-to-cell variability may also drive the therapeutic response and give rise to
drug resistance [Sharma 10, Knoechel 14].
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3.1 Epigenetic abnormalities in tumors
Cancer is historically considered as a genetic disease but cancer cells also exhibit
profound alteration of their epigenome. Nearly all epigenetic mechanisms play
important role in cancer initiation, as well as in the progression of the disease or
in response to therapeutic treatment. This section focuses on functional consequences of the deregulation of covalent chromatin modifications in tumor cells and
introduces examples of chromatin-mediated drug resistance.

3.1.1 Chromatin modifications are disrupted in malignant cells
Epigenetic abnormalities can disrupt genome integrity on a global scale (e.g complete loss of heterochromatin structure), but also alter specific gene expression
programs notably through aberrant regulation of tumor suppressor genes and overexpression of oncogenes (see Table 3.1).

Epigenetic mark
DNA methylation

Histone modifications

Alteration

Functional consequences

Hypermethylation

Transciption repression

Hypomethylation

Transcription activation

Repeats hypomethylation

Transposition, recombinant
genomic instability

Loss of H3 and H4 acetylation

Transciption repression

Loss of H3K4me3

Transciption repression

Loss of H4K20me3

Loss of heterochromatic
structure

Gain of H3K9me and H3K27me3

Transciption repression

Table 3.1: Functional consequences of altered chromatin modifications in
cancer.
Reprinted from [Portela 10]
DNA methylation level is globaly reduced in malignant cells compared to normal
cells, with 20% to 60% loss of methylation in CpG islands depending on the cancer
type. Global genome-wide hypomethylation has been associated with chromosomal
instability, which have the potential to induce tumor initiation as reported in the
formation of T-cell lymphomas in mice [Gaudet 03]. In addition, hypomethylation
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has been associated with transcription activation of oncogenes and with loss of
imprinting in several cancer types [Ito 08].
Conversely, hypermethylation of normally unmethylated CpG islands have been
well characterized in several cancer types so that some discrete hypermethylated
loci have been proposed as new biomarkers in tumor diagnostic and prognosis (for
review [Li 09b, Kelly 10]). Unsurprisingly, the latter hypermethylated CpG islands
have been found on promoter regions of tumor suppressor genes, DNA repair genes,
cell cycle control genes or apoptosis-associated genes (for review [Esteller 07]).
As discussed in Chapter 1 section 1.3, histone modifications play important
role in the maintenance of chromatin structure and in cellular processes including
transcription and DNA repair. Consequently, alterations in histone modification
patterns have been extensively related to tumor initiation and progression, both
at the global scale and at specific loci. Histone modifying and reading enzymes
(writers, erasers and readers) are frequently mutated in tumors [Shen 13], as reported with the overexpression of HDACs resulting in a global loss of histone
acetylation and transcription repression in different cancer types [Fraga 05]. Similarly, gain and loss of histone methylation are mainly due to aberrant expression
of methylases and demethylases. An important example is the overexpression of
the methyltransferase EZH2, a subunit of the Polycomb Repressive Complex 2
(PRC2), which is notably responsible for the methylation of H3K27 leading to
genes silencing [Zhou 02].

3.1.2 Epigenetic intratumoral heterogeneity contributes to
therapeutic resistance
Chemotherapy is a standard method of treatment for cancer but the effectiveness
is often reduced by drug resistance. An important challenge in cancer research is
to understand the origin of such therapeutic failure. Drug resistance might arise
due to the selection and expansion of rare pre-existing sub-clones (intrinsic resistance) or by the development of new resistant sub-clones (acquired resistance)
[Almendro 14]. Unfortunately, the mechanisms of resistance remain poorly understood, in part due to the lack of methods that can resolve cell-to-cell variability
and characterize rare subpopulations.
A striking example of therapeutic resistance driven by epigenetic intratumoral
heterogeneity was reported in the testing of “-secretase inhibitor (GSI) in T-cell
Acute Lymphoblastic Leukemia (T-ALL). Knoechel et al identified a pre-existing
subpopulation of GSI-tolerant ”persister” cells that were able to expand during
GSI treatment [Knoechel 14]. The reversibility of their phenotype seemed to in-
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dicate that the heterogeneity is driven by epigenetic rewiring rather than genetic
alterations. This hypothesis was highlighted experimentally by a more condensed
chromatin structure associated with elevated level of repressive histone modifications and Heterochromatin Protein 1 (HP1). In addition, the authors demonstrated the dependency of the persister cells to BRD4, a bromodomain protein
reader of histone acetylation. Interestingly, the combination of GSI and JQ1 (inhibitor of bromodomain proteins) led to a significant prolonged survival in vivo
using patient-derived xenograft models of T-ALL.
Similarly, Sharma et al identified a rare drug-tolerant subpopulation in non-small
cell lung cancer-derived cell lines. The phenotype of these persister cells was also
reversible, suggesting an epigenetic-mediated mechanism of therapeutic resistance.
Like Knoechel et al, the authors also combined chromatin modifying agents (inhibitors of histone deacetylase and histone demethylase) with classical anticancer
agents to dramatically reduce the survival and the proliferation of the persister
cells [Sharma 10].
These findings established an important role for epigenetic intratumoral heterogeneity in the emergence of therapeutic resistance. Combined therapeutics (e.g.
GSI + JQ1 in T-ALL) offer exciting new possibilities for cancer treatment via the
incorporation of epigenetic modulators with more conventional anticancer agents.
Altogether, these results also highlight the limitations with profiling bulk tumor
samples. Such measurements yield averaged ”snapshots” of epigenetic landscapes,
which are not representative of the sample heterogeneity. To get a systematic
understanding of the epigenetic intratumoral heterogeneity and gain insight in
tumor evolution / response to treatment, single-cell epigenomic technologies are
required.

3.2 Deciphering intratumoral heterogeneity at the
single-cell level
Conventional methods applied to tumor samples are facing important limitations
due to the extensive heterogeneity of tumor cells. Those methods yield average
read-out, principally driven by the dominant tumor cell population. Consequently,
signals from rare subpopulations such as drug-tolerant persister cells are masked,
making them undetectable. The recent progress in single-cell technologies have
provided valuable insight about genomic and transcriptomic heterogeneity in tumors, but little is known about epigenomic landscapes at the single-cell level.
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Single-cell sequencing approaches can be leveraged in two ways in cancer studies: (i) the decomposition of intratumoral heterogeneity with the characterization
of tumor cell subpopulations as well as their interactions with the tumor microenvironment, and (ii) the analysis of rare cell subpopulations such as drug-tolerant
persister cells, Circulating Tumor Cells (CTCs) or Cancer Stem Cells (CSCs).
Originally, single-cell genomic studies were carried out to infer genetic intratumoral heterogeneity through the identification of somatic mutations and copy
number variations occuring during tumor evolution [Navin 11, Wang 14]. Transcriptomic studies now complement genomics as part of an indirect readout of
intratumoral epigenetic states. Indeed, massively parallel single-cell RNA-seq
has proven its utility in identifying and characterizing unknown subpopulations
(e.g. haematopoietic lineages [Jaitin 14, Villani 17]). Patel et al used scRNA-seq
to investigate intratumoral heterogeneity in glioblastoma, revealing new expression subtypes compared to bulk-derived classification. Importantly, they showed
that a higher intratumoral heterogeneity might lead to a decreased patient survival, highlighting again the importance of such studies at single-cell resolution
[Patel 14]. Single-cell RNA-seq has also been used to profile malignant cells taking into account their spatial context including the surrounding microenvironment.
Depending on their location, tumor cells can be associated with distinct gene expression signatures related to either stress, hypoxia, cell cycle or drug resistance
[Tirosh 16, Puram 17].
The technological development of single-cell epigenomics is not as advanced as
single-cell transcriptomic, mainly due to technical constraints. Particularly, singlecell epigenomics applied to cancer research is almost nonexistent, except for few
studies, nonetheless limited to cancer cell lines.
Several studies, all measuring chromatin accessibility and cell-to-cell variation in
transcription factor binding sites within cancer cell lines, have been reported in the
literature [Buenrostro 15, Cusanovich 15]. Datasets are sparse but still sufficient
to distinguish cell types and evolution of functional regulatory elements during
progression of Acute Myeloid Leukemia (AML) [Corces 16]. Interestingly, Corces
et al suggested that accessible chromatin states defined by single-cell ATAC-seq
could more precisely reflect cell identity and disease evolution trajectory than
transcriptomic profiles obtained by single-cell RNA-seq. Single-cell ATAC-seq is
becoming a method of choice for mapping chromatin landscapes and efforts have
been recently made to make the technology more widely applicable with the use
of primary tissues [Preissl 18].
DNA methylation has been extensively studied in bulk tumor samples following
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the development of Whole Genome Bisulfite Sequencing method. WGBS provides
a high coverage with ~90% of ~28.7 million CpGs in the human genome. Its adaptation to single-cell is not straightforward as it requires few nanograms of DNA and
the harsh chemical reactions necessary to transform 5mC also degrade DNA. As a
result, the coverage per cell is relatively sparse and the resolution is too low to reliably identify cell-to-cell variation in methylated CpGs [Farlik 15, Smallwood 14].
Like scATAC-seq, single-cell methylome techniques are being optimized, applied to
primary tissues [Luo 17] and might become a valuable tool to profile DNA methylation patterns across individual cells.
Single-cell sequencing approaches have the potential to assess the complexity
of tumors. Genomic, transcriptomic and epigenomic measurements at single-cell
resolution can provide valuable insight about multiple facets of cancer biology
including intratumoral heterogeneity, subpopulation characterization, disease progression and outcome prediction, emergence of drug resistance...

3.3 Scope of the thesis
Histone post-translational modifications play important role in structuring the
chromatin inside the nucleus, as well as in DNA-based processes including the
regulation of genetic expression. Epigenomic profiling has been applied to create
genome-wide histone modifications maps and define cell-type specific chromatin
states. However, current methods are insensitive to cell-to-cell variability and only
yield averaged profiles, limiting its application to heterogeneous samples. Yet, only
one system has been reported in the literature to profile histone modifications at
single-cell resolution. Rotem et al used Drop-ChIP to reveal distinct chromatin
states within a population of embryonic stem cells (see introductory Chapter 2,
section 2.4) [Rotem 15a]. However the number of enriched loci detected per cell
is limited to few hundreds, which doesn’t provide sufficient information to reliably decompose intratumoral heterogeneity nor differentiate rare cell types such
as drug-resistant cells from tumor samples.
For this purpose, we imagined and conceived an alternative single-cell ChIP-seq
platform combining droplet-based microfluidics with DNA barcoding technique
and Next-Generation Sequencing technology. The method relies on the compartmentalization of single cells and chromatin indexing in droplets. After barcoding,
the content of all droplets is combined for immunoprecipitation and enriched fragments are amplified prior sequencing. Chapter 4 on page 49 is centred around the
development of the microfluidic workflow towards the generation of reliable and
high quality single-cell chromatin profiles.
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We next sought to determine whether the single-cell chromatin profiles generated enabled the precise identification of distinct cell types. For this purpose, we
benchmarked the scChIP-seq platform in a serie of model experiments and confirmed that the single-cell chromatin profiles recapitulate cell type-specific chromatin states with high accuracy. Importantly, the final cell coverage increased
by 5 to 10-fold as compared to previously reported Drop-ChIP method, enabling
to distinguish patterns of cell-to-cell variation in complex heterogeneous samples.
The proof of concept study is discussed in Chapter 5 on page 83.
These promising results led us to collaborate with Dr. Céline Vallot’s group at
Institut Curie. In patient-derived xenograft (PDX) models of breast cancer with
acquired resistance, scChIP-seq identified rare populations of cells in untreated
drug-sensitive tumor with a chromatin landscape similar to the resistance cells after treatment. The outcome of the study is presented in the final part of Chapter 5
on page 97 in the form of a publication manuscript [Grosselin et al, in preparation].
This PhD thesis is part of a collaboration between the Laboratory of BioChemistry at ESPCI Paris and HiFiBiO Therapeutics. It has been supervised by Prof.
Andrew Griffiths, director of LBC, and Dr. Annabelle Gérard, director of external
partnership at HiFiBiO Therapeutics. The LBC has pionereed the development
of droplet-based microfluidics and is applying such technologies in a wide range
of applications, from high-thoughput screening to evolutionary biology. HiFiBiO
is an antibody drug discovery company which has notably developed innovative
single-cell approaches for deep-mining of immune repertoires [Gérard et al, submitted].
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Chromatin states defined in part by histone post-translational modifications
are highly indicative of cell type and tissue identity. Genome-wide mapping of
histone modifications have revealed patterns in their distributions, allowing predictions to be made about transcriptionally permissive or repressive chromatin
states [Bernstein 05, Barski 07]. However, these chromatin maps are insensitive
to cell-to-cell variation. Rare cell subpopulations (e.g drug-tolerant tumor cells)
with dictinct epigenomic signatures can not be detected and can potentially initiate drug resistance and relapse. Single-cell technologies have the potential to
interrogate cellular heterogeneity at different molecular layers. Such technologies
can be leveraged in epigenomic studies to generate chromatin maps at single-cell
resolution and highlight epigenomic differences in the context of normal and disease cell states [Epigenomics 15].
The diagram accompanying the cover page of Chapter 4 illustrates the single-cell
ChIP-seq platform established during this thesis. Starting from a cell suspension,
the end result is the identification and the epigenetic characterization of the subpopulations that compose the input sample. For this purpose, the scChIP-seq
platform is built around 3 main elements: a droplet-based microfluidic workflow, a
Chromatin ImmunoPrecipitation workflow and an analytical workflow. All these
three parts are connected to each other and evolved concurrently throughout the
thesis. Nonetheless, the development of the single-cell ChIP-seq platform has
raised paramount questions inherent to all single-cell technologies: What is limiting the amount of information recovered per cell? How can we optimize the system
to retrieve as much information as possible per cell? Is cell-to-cell variation originating from true biological differences rather than technical artefacts?
We reasoned that most of the limiting factors and sources of variation reside in
the droplet-microfluidic workflow. This Chapter 4 is centred around the building
blocks of the droplet-microfluidic workflow with respect to chromatin barcoding
in droplets, namely the fine-tuning of enzymatic activities and the design of DNA
barcodes. Also, Chapter 4 aims to provide answers (ideally), or at least review
possible lines of action, which would lead to the generation of reliable and high
quality single-cell epigenetic profiles.
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4.1 Introduction to the droplet-microfluidic
workflow
Genome-wide mapping of histone modifications with traditional ChIP-seq method
requires a large number of cells to generate high quality binding site profiles (see
introductory Chapter 1, section 1.4.1 on page 14 for description of the ChIP-seq
technique). Several studies have shown optimized ChIP-seq protocols to reduce
input material from millions to hundreds of cells without loosing resolution in the
detection of enriched or depleted regions [Adli 10, Brind’Amour 15, Ma 18]. However, these methods only yield an averaged snapshot of the modification status,
without providing insight into the epigenetic heterogeneity.
Profiling histone modifications at single-cell resolution remains challenging, in
part because the level of noise associated with non-specific binding during the
immunoprecipitation tends to increase with low quantity of starting material. Immunoprecipitating chromatin from one single cell is technically feasible, but would
lead to highly variable results.
To overcome this issue, chromatin from isolated single-cells can be ”indexed” beforehand with a specific and unique DNA sequence (aka DNA barcode), and then
combined with indexed chromatin from thousands of cells to perform immunoprecipitation in bulk as in a traditional ChIP-seq protocol. This method circumvents
the issue associated with high experimental noise in the immunoprecipitation of
low input material, while retaining the single-cell information. Indeed, barcodes
being specific of one cell, each read can be attributed to its originating cell after sequencing. However, like other single-cell technologies in which molecular indexing
is involved, only indexed nucleosomes (barcoded nucleosomes) have the potential
to be amplified and sequenced. The single-cell coverage is directly linked to the
number of indexed nucleosomes, making it clear that chromatin indexing is one
central problem to be overcome.
Rotem et al employed chromatin indexing method adapted to droplet-based microfluidics to profile histone modifications of thousands of cells at single-cell resolution [Rotem 15a]. The droplet format provides a versatile tool for performing
single-cell assays (see introductory Chapter 2). Briefly, cells were compartmentalized in droplets, lysed and their chromatin fragmented by microccocal nuclease
(MNase). The droplets were then merged one-to-one with a second population of
droplets containing DNA barcodes, allowing chromatin indexing at the single-cell
level. This system is the only one reported in the literature so far (see introductory
Chapter 2, section 2.4 on page 36 for complete description of Drop-ChIP).
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Limitations of Drop-ChIP [Rotem 15a]
Although Drop-ChIP was used to reveal distinct chromatin states within a population of embryonic stem cells, the single-cell information was limited to as few as
hundreds of unique enriched loci detected per cell. As mentioned above, a low cell
coverage may be related to a low chromatin indexing efficacy or a poor recovery
of indexed nucleosomes from droplets. In addition, this study was carried out on
in-vitro cultured cell lines, suggesting that the cell coverage and the capability
to detect variation in chromatin patterns may be even lower with more complex
biological samples (e.g tumor specimens). Notably, we reasoned that Drop-ChIP
suffers from two major limitations, which may negatively impact the amount of
information recovered per cell:
• Only symmetrically indexed nucleosomes can be amplified and are part of the
sequencing library. This requirement dramatically increases the stringency
of the system and imposes a strong selection on the nucleosomes (i.e. only
those with both ends ligated to a barcode are amplified).
• Amplification of indexed nucleosomes relies on numerous cycles of Polymerase Chain Reaction (PCR), which increases the probablity to introduce
amplification bias and errors.
Also, from a practical point of view:
• The complexity of the microfluidic workflow and the lack of real-time monitoring of droplet operations can be a source of loss of material and variability
between single-cells and/or across experiments.
• The low complexity of the barcode library (only 1,152 possible barcode combinations) restricts the collection of maximum 100 cells to ensure at least
95% of the barcodes are unique to a single-cell. This issue can be mitigated
by collecting multiple independent fractions and by adding a second fractionspecific barcode during the sequencing library preparation. Nevertheless, the
immunoprecipitation is only performed on 100 barcoded cells (and eventually chromatin carrier) and multiplied by the number of fractions collected,
again increasing the risk of loosing material and introducing bias between
fractions.
Constraints on the development of a droplet-based microfluidic workflow for
high-throughput chromatin indexing
For these reasons, we sought to develop an alternative droplet-based microfluidic
workflow, which should ideally have the following characteristics:
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1. Like Rotem et al, we reasoned that indexing chromatin with DNA barcodes in
droplets and combining their content for immunoprecipitation is the easiest
route to achieve single-cell resolution while limiting experimental noise.
2. Unfortunately, cells and DNA barcodes can’t be loaded simultaneously in
the same droplets as MNase would digest equally either nuclear DNA or
barcodes. Therefore, cells and barcodes have to be encapsulated separately
and later merged to inactivate MNase and allow chromatin indexing.
3. Cell emulsion (also referred to as ”nucleosomes-containing droplets”): chromatin from single-cells should be efficiently released in droplets to get cleaved
by microccocal nuclease. Lysis buffer composition, MNase activity and incubation time should be precisely calibrated.
4. The barcoding strategy is an essential feature of the technology. The barcode design should allow amplification of nucleosomes for which only one
end is ligated to a barcode. Conveniently, the number of possible barcode
combinations should be large enough to allow multiplexing of thousands of
cells in a single assay.
5. Barcode emulsion (also referred to as ”barcodes-containing droplets”): for
practical reasons, DNA barcodes and all reagents necessary for MNase inactivation and barcode-nucleosome ligation should be present in these droplets.
Doing so, the microfluidic workflow would comprise one less droplet operation as compared to Rotem et al, which would make the microfluidic device
easier to control (droplet fusion in a merger device). Also, enzymatic activity (MNase inactivation and ligation efficiency) should be calibrated towards
the generation of high coverage single-cell profiles.
6. Finally, all microfluidic operations should be monitored in real-time to ensure robustness and reproducibility of the experiments. In particular, the
monitoring of the fusion step is important as it determines the number of
cells co-encapsulated with a barcoded bead, which would later contribute to
the single-cell libraries. Discrepancies in the number of different barcodes
identified between the droplet count and the sequencing data would indicate
elevated level of noise, or on the other hand, low overall efficacy of the system
(high loss of material).
Taking into account the main features listed above and the limitations observed
with Drop-ChIP, we conceived an alternative droplet-microfluidic workflow whose
principles of operation are illustrated in Fig. 4.1.1 on page 55.
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As imposed by ChIP assay (see features #1 & #2 listed above), droplets containing cells and droplets containing barcodes are separately produced before being re-injected and merged one-to-one in a dedicated microfluidic fusion device
(Fig. 4.1.1a). One major difference is the use of an alternative barcoding strategy. We replaced soluble barcodes emulsified from microtitre plates containing
oligonucleotides by hydrogel beads carrying an average of ~5◊107 copies of the
same and unique DNA sequence (see introductory Chapter 2, section 2.3.1 on
page 29). These barcodes are synthesized directly on beads by combinatorial synthesis using a split-pool method from 3◊96 well plates, resulting in 963 ~8.8◊105
possible combinations (i.e up to 18k cells can be multiplexed in a single assay while
limiting to 1% the probability of finding 2 cells with the same barcode). An important improvement over Drop-ChIP lies in the design of the barcode structure,
which allows linear amplification of all barcoded nucleosomes (and not only symmetrically barcoded nucleosomes on both ends, see feature #4 listed above). The
barcodes are then released from the beads within fused droplets by photocleavage
for nucleosomes barcoding in droplets (Fig. 4.1.1b). Finally barcoded-nucleosomes
from all droplets are combined, immunoprecipitated and the enriched fragments
linearly amplified. The deconvolution of the barcodes-associated sequencing reads
attributes all sequences to their originating cells, thus generating genome-wide
single-cell chromatin profiles.
In addition and as suggested by feature #6 listed above, all microfluidic operations (droplets production and fusion) can be precisely monitored in real time by
scanning each droplet when crossing a laser beam at a detection point (Fig. 4.1.1a).
Then, the number of fused droplets containing both a cell and a barcoded-bead can
be accurately counted. This information is valuable as these droplets determine
the final number of different barcodes expected in the sequencing data.
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Figure 4.1.1: Schematic illustrating the microfluidic workflow of the single-cell ChIP-seq procedure.
(a) Cells are compartmentalized in 45 pl droplets with the reagents necessary for cell lysis and chromatin fragmentation. In parallel, hydrogel beads carrying DNA barcodes are encapsulated in 100 pl
droplets with ligation reagents and MNase inhibitor. The two emulsions are re-injected in a fusion
device, the barcode-containing droplets (100 pl) and the nucleosome-containing droplets (45 pl) are
paired asymmetrically and merged by electro-coalescence triggered by an electric field. Fused droplets
are scanned one-by-one with a laser beam to analyze the composition of each droplet in real time.
(b) Emulsion of fused droplets is collected and incubated off-chip for nucleosomes barcoding in droplets.
Barcodes are released from the beads by photo-cleavage and ligated to the nucleosomes. After indexing, the content of droplets is combined, immunoprecipitated and the enriched DNA is sequenced
[ChIP workflow]. The deconvolution of the barcode-associated reads attributes all sequences to their
originating cell to generate genome-wide single-cell chromatin profiles [Analytical workflow].

4.1 Introduction to the droplet-microfluidic workflow
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4.2 Synchronizing & pausing chromatin
fragmentation in droplets
Analysis of histone modifications relies on Chromatin ImmunoPrecipitation technique (ChIP), in which an antibody is used to enrich genomic regions carrying the
histone modification of interest. For this purpose, chromatin is first fragmented
into nucleosomes, either by enzymatic or mechanical cleavage of linker DNA (e.g.
by sonication). In the second approach, the chromatin is crosslinked beforehand
with formaldehyde and then sonicated (see introductory Chapter 1, section 1.4.1
on page 14 for the description of the technique).
To achieve single-cell resolution, cells are compartmentalized in picolitre volume
droplets. We hypothesized that the mechanical fragmentation approach is not
compatible with the droplet format as the sonication might destroy the integrity
of the droplets. In addition, the crosslinking step might also disrupt the target epitope, thus reducing the immunoprecipitation efficacy. For these reasons, we opted
for the enzymatic digestion of nuclear DNA by microccocal nuclease (MNase).
Cells are compartmentalized in 45 picolitre droplets with a digestion mix comprising the lysis buffer and the MNase (see schematic of the microfluidic workflow,
Fig. 4.1.1 on the preceding page). After complete cell lysis, chromatin is released
into the droplets and accessible to get cleaved by the MNase. This section presents
a typical calibration of MNase activity in droplets in order to yield preferentially
fragments of the size of a nucleosome. However, performing enzymatic assays in
droplets might be challenging as cells are processed individually with different
time scales. Consequently, fine-tuning enzymatic activity is necessary to avoid
chromatin digestion discrepancy between droplets and single-cells.

4.2.1 Compartmentalization of cells in droplets
Monitoring cells encapsulation
The number of cells per droplet follows a Poisson distribution, which describes the
probability of finding a mean number ⁄ of x cells per droplet (see introductory
Chapter 2, section 2.2.3 on page 29). In single-cell ChIP-seq experiment, we adjusted cell density to encapsulate ⁄ = 0.1 cells in 45 pl droplets, resulting in 90.5%
of empty droplets, 9% of droplets containing one single cell, 0.5% containing two
cells and 0.015% containing more than two cells.
To monitor in real-time the compartmentalization of cells in droplets, cells were
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pre-labeled with Calcein AM, a cell-permeant dye usually used for testing cellular
viability. Calcein AM is the non-fluorescent derivative of calcein but the -AM
group (AcetoMethoxy group) gets cleaved by intracellular esterases of living cells,
releasing a strong green fluorescence (excitation/emission: 495/515nm). The fluorescence is acquired as the droplets crossed the laser beam at the detection point,
enabling the counting of the number of cells encapsulated (Fig. 4.2.1).

Figure 4.2.1: Monitoring cell encapsulation in 45 pl droplets.
(a) Experimental time trace recorded for droplets analyzed at 1.8
kHz. Orange fluorescence is present in all droplets and used to control
for the size of the drops (drop-code). Green fluorescence indicates the
presence of a cell in a droplet (cell-code).
(b) Plot of cell-code intensity (green) vs drop-code intensity (orange)
in each droplet. Droplets containing a cell have a high green cellcode fluorescence allowing the counting of encapsulated cells via the
definition of a cell-gate above the noise level. A cell density adjusted
to ⁄ = 0.1 results in ~9% of the droplets that contain one single cell.

Droplets collection
Droplets were collected in a collection tube on ice until the end of the encapsulation, typically 10 min to 20 min depending on the number of starting cells. After
encapsulation, droplets were incubated off-chip at 37°C for MNase digestion.
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4.2.2 MNase calibration in droplets
At the end of the encapsulation, droplets were incubated off-chip for single-cell
chromatin fragmentation. Cells were lysed in droplets, making their nuclear DNA
accessible for MNase enzyme. The kinetic of the digestion is particularly important
to yield preferentially mono-nucleosomes, which are then retained in the droplet.
The ideal incubation time is defined as the time necessary to get 100% of nuclear
DNA fragmented into mono-nucleosomes.
The digestion conditions including lysis buffer composition, MNase concentration and incubation time were precisely calibrated beforehand for each sample by
performing a time-course study. The calibration was carried out as follows: 45 pl
droplets containing cells, lysis buffer and MNase were produced, collected in a collection tube and placed at 37°C for different incubation time. At each time point,
a fraction of droplets were broken and MNase immediatly inactivated by addition of EGTA. DNA fragments were then purified and analyzed by electrophoresis
(an example of a time-course MNase fragmentation in droplets for human Jurkat
T-lymphocyte cell line is shown in Fig. 4.2.2).
Controlling for proper cell lysis
For effective MNase digestion and to limit loss of information, chromatin has to be
efficiently released inside the droplets from the nucleus. After breaking the emulsion, DNA fragments in the soluble fraction were separated by centrifugation from
the insoluble fraction composed in part of cellular debris and sometimes insoluble pelleted chromatin with tightly associated proteins. The pellet was recovered,
purified and processed in parallel of the soluble fraction. If a non-negligible proportion of DNA remains in the pellet rather than in the soluble fraction, it might
be necessary to adjust the cell lysis buffer composition. This is particularly true
for heterochromatic histone modification studies such as H3K27me3 or H3K9me3.
Here, electrophoresis of DNA fragments reveals minute amount of material remaining in the pellet (~1%), suggesting appropriate lysis buffer composition (see lane
”Pellet” on Fig. 4.2.2a).
Nucleosome ladder
The calibration of MNase fragmentation in droplets for Jurkat cells (human Tlymphocyte cell line) is shown in Fig. 4.2.2a. From 15 min to 30 min of incubation, the bands on the electropherogram show a classical MNase digestion profile
(sometimes referred as ”nucleosome ladder”) with expected size of mono-, di-, trinucleosomes... Intuitively, the proportion of mono-nucleosomes increases over time
as longer DNA fragments get cleaved.
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(a) Time-course MNase digestion in droplets

(b) Fraction of nucleosomal fragments at
each time point

Figure 4.2.2: Calibration of MNase activity in droplets.
(a) Electrophoresis of DNA fragments after MNase fragmentation in
droplets shown at different time point of incubation. First lane is the
DNA ladder. The proportion of mono-nucleosomes (band at ~160
bp) increases with time as longer DNA fragments get cleaved. The
lane ”Pellet” shows that cells are properly lysed and no material will
be lost at this stage. t = 25min is selected as incubation time for
this particular cell type.
(b) Chromatin digestion by MNase generates a mix of mono-, di- and
tri-nucleosomes. The fraction of each nucleosomal fragments is calculated for each time point based on electrophoresis profiles as shown
in panel (a). Data points are duplicates and trend lines are plotted
with a 95% confidence interval. Average size of mono-nucleosomes is
also indicated above corresponding points. At t = 25min, ~75% of
the nuclear DNA is fragmented into mono-nucleosomes with a mean
size of 165 bp. Long DNA fragments (higher than tri-nucleosomes)
represent less than 5% of the original DNA and originate mostly from
tightly packed chromatin.
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The proportion of each nucleosomal fragments is extracted from electropherograms for each time point and plotted in Fig. 4.2.2b. After 25 min of incubation,
chromatin had been digested in mainly mono-nucleosomes (~75% with a mean size
of 165 bp) and di-, tri-nucleosomes (15% and 6% with a mean size of 352 bp and
534 bp respectively). A small fraction (< 5%) of original DNA remains longer
than trinucleosomes and can be associated with tightly packed chromatin.
The choice of the incubation time is a balance between having the highest proportion of mono-nucleosomes but, in the same time, preventing nucleosomal DNA
to be overdigested. Indeed, we hypothesized that DNA protruding from the nucleosome should be long enough to enable an efficient ligation of the barcodes in
the subsequent steps of the procedure (hypothesis not confirmed experimentally).

4.2.3 Controlling MNase activity in droplets
Performing enzymatic assays on individual cells in droplets is challenging as cells
are processed sequentially with different time scales. For example, the duration of
encapsulation is about 20 min, in other words, in the same order of magnitude as
MNase incubation time (see MNase calibration subsection 4.2.2 on page 58). Intuitively, cells encapsulated at the beginning will be longer in contact with MNase
than the cells encapsulated at the end of the droplets production. Similar observation can be made regarding the re-injection of the droplets in the fusion device
(see schematic of the microfluidic workflow, Fig. 4.1.1 on page 55). Indeed, the
fusion of the two emulsions can last between 1h to 4h depending on the design of
the experiment, meaning that some droplets containing fragmented DNA ”wait”
for hours before being fused and the MNase inactivated by EGTA. Consequently,
synchronizing and pausing enzymatic activity are critical in order to avoid the
introduction of chromatin digestion variation between individual cells.
We hypothesized that collecting the droplets on ice upon cells encapsulation
may prevent MNase activity. To confirm this hypothesis, we performed a similar
digestion control experiment in droplets as detailled in the MNase calibration subsection on page 58.
We validated our hypothesis that collecting the droplets on ice actually prevented MNase activity. The time point ”t = 0 min” on Fig. 4.2.3, which corresponds to a fraction of droplets taken at the end of the droplets production but just
before incubation, indicates that nuclear DNA were not digested yet by MNase.
Therefore, we confirmed that chromatin digestion was not occuring upon droplets
production but started immediately with incubation at 37°C (see time point ”t =
5 min” on Fig. 4.2.3).
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Figure 4.2.3: Synchronizing & pausing MNase activity between droplets.
Gel electrophoresis of DNA fragments at different time point of
MNase incubation. At t = 0 min, DNA is not fragmented yet, confirming that MNase activity is synchronized upon droplets collection
on ice. Time point t = 12 min + 1h ice shows similar digestion profile as after 12 min of incubation, confirming that MNase activity is
paused when droplets are stored on ice.
In conventional bulk ChIP-seq assays, the inactivation of MNase occurs immediately after MNase incubation with the addition of EGTA. Conversely, in
single-cell ChIP-seq assays, EGTA can’t be added immediately within the droplets
and MNase is only inactivated after fusion with the barcodes-containing droplets
(also containing EGTA, see schematic of the microfluidic workflow, Fig. 4.1.1 on
page 55). Also, we hypothesized that placing the droplets on ice after incubation
and upon re-injection in the fusion device may ”pause” MNase activity and limit
cell-to-cell variation in chromatin digestion.
For this purpose, two droplet fractions were taken after 12 min of MNase incubation: one fraction was immediately processed to control for digestion, while
the second fraction was stored beforehand for 1h on ice, then processed similarly.
Both time points show similar fragmentation profiles, confirming that the MNase
is no longer active in the fraction stored on ice (as compared with ”t = 20 min”
time point, see Fig. 4.2.3). Consequently, storing droplets on ice ”pauses” MNase
activity, thus preventing again variation in chromatin digestion between droplets1 .
1

Control also confirmed with a 4h incubation on ice (data not shown).
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4.3 DNA barcoding strategy for efficient chromatin
indexing at single-cell resolution
Barcoding refers to the need of analyzing multiple cells at once. Single-cell genomic, transcriptomic or epigenomic technologies require a way to index molecules
of interest in order to first drives amplification of the target molecules and to be
later used as a ”barcode” sequence specific to the cell of origin. One possible solution is to use multiple copies of a unique nucleic acid sequence to index DNA
or RNA molecules from individual cells with the same sequence. Bioinformatic
analysis of the sequencing data and the deconvolution of the barcode-associated
reads attributes each sequence to one barcode (i.e to one cell). Recent improvements in single-cell RNA-seq technology have stimulated the development of such
barcoding methods in droplets allowing analysis of thousands of cells in parallel
[Macosko 15, Klein 15, Zilionis 17]. Such methods can be adapted to single-cell
epigenomic studies to improve the throughput and efficiency of the methods (see introductory Chapter 2, section 2.3.1 on page 29 for complete description of droplets
barcoding).
In our scChIP-seq platform, chromatin from single-cells are indexed in droplets
before being combined for the immunoprecipitation and subsequent sequencing library preparation steps. Section 4.1 on page 51 of this Chapter already introduced
the importance of the chromatin indexing on the overall efficacy of the technology,
in which DNA barcodes are a core component. The following parts of this section
outline the barcoding strategy utilized as well as the optimization made on the
barcode structure to ensure efficient and reliable chromatin indexing in droplets.

4.3.1 Introduction to the DNA barcoding strategy
In Drop-ChIP, Rotem et al took advantage of the droplet-based libraries of oligonucleotide barcodes previously reported by Rotem himself for single-cell RNA-seq
purposes [Rotem 15b]. Briefly, oligonucleotides were directly emulsified from microtitre well plates and collected through a single output. One advantage of the
method was the presence of soluble barcodes at high concentration in droplets (up
to 109 molecules per droplet). However, the complexity of the microfluidic workflow
used to generate the droplets and the low diversity in the total number of possible
barcode combinations hamper the use of this method for high-throughput singlecell chromatin barcoding (see Limitations of Drop-ChIP, section 4.1 on page 51 of
this Chapter).
To overcome Drop-ChIP limitations, we centred our chromatin indexing strat-
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egy on DNA barcodes bound to hydrogel beads as later reported by Klein et al for
single-cell RNA-seq [Klein 15, Zilionis 17]. Highly monodisperse hydrogel beads
composed of a polymerized network of Streptavidin and PolyEthylene Glycol DiAcrylate (PEG-DA) are produced in a microfluidic device. Hydrogel beads are
porous and deformable beads of 18 pl in volume (33 µm in diameter), which are
used as solid supports for DNA barcodes synthesis by combinatorial synthesis using a split-pool method.
DNA barcodes are grafted to the hydrogel beads via a streptavidin-biotin linkage
and a photo-cleavable moiety enabling release from the beads after exposure to
UV light. The synthesis of the barcodes consists in distributing the beads in a
microtitre well plate containing ligation reagents and 96 combinations of a 20 bp
oligonucleotide (later referred to as Index 1). Index 1 are ligated to the beads
and the latter are pooled before being distributed again in a second microtitre
plate containing 96 new combinations of a 20 bp oligo (later referred to as Index
2). By repeating 3 times this split-pool cycle, a library of 963 possible barcode
combinations is easily generated (i.e 884,736 combinations). The production of the
hydrogel beads and the synthesis of the barcodes on beads are further detailled in
Appendix A on page 141.
Quality controls of barcoded hydrogel beads
Barcoded beads are one of the core reagents of the scChIP-seq technology, their
quality has been systematically controlled to ensure that cell-to-cell variations originate from true biological differences in their histone modification patterns rather
than technical artefacts.
We first controlled that the majority of the barcodes on the beads were complete after synthesis. Electrophoresis profile of DNA barcodes released from the
beads revealed that >75% were full length (larger peak at 146 bp), as well as the
presence of intermediates that failed to be completed (Fig. 4.3.1a). In average,
the number of full-length barcodes was estimated to ~5◊107 copies per barcoded
hydrogel bead.
As the recovery of barcoded-nucleosomes is directly linked to the final cell coverage, the barcodes must be efficiently released from the hydrogel beads. In addition,
Klein et al showed that the efficiency of droplet-based scRNA-seq procedure was
enhanced when barcoded primers were released within the droplets before the
capture of mRNAs and the reverse transcription reaction [Klein 15]. Similarly,
we hypothesized that chromatin indexing would also benefit from early release of

CONFIDENTIAL

63

Chapter 4 Development of a single-cell ChIP-seq platform for the mapping of
histone post-translational modifications at the single-cell level

Figure 4.3.1: Quality controls of barcoded hydrogel beads.
(a) Tapestation profile of DNA barcodes after photo-cleavage from
hydrogel beads showing the presence of full-length barcodes (larger
peak at 146 bp), as well as intermediates that failed to be completed
(peaks at 72 bp, 94 bp and 119 bp).
(b) Imaging of hydrogel beads in droplets using epifluorescence microscopy. From left to right: (i) bright field image; (ii) imaging after
hybridization of a DNA probe complementary to the Illumina sequencing adaptor onto the barcodes; (iii) same as (ii) after release of
the barcodes in droplets by photo-cleavage. Scale bars are 35 µm.
(c) Single-bead deep sequencing results showing the fraction of the
first-two most abundant barcodes of 16 beads. In average, 97.7% of
the barcodes present on a bead match to the same sequence while
the second most abundant barcode represents only 0.17% of all sequencing reads.
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DNA barcodes before the incubation for ligation reaction rather than keeping the
barcodes bound on the beads. To validate the release of the barcodes from the
hydrogel beads, complementary DNA probes were hybridized to the barcodes onto
the beads. The latter were then encapsulated in 100 pl droplets and collected
off-chip as in a scChIP-seq experiment. We re-injected part of the droplets as
a single file into a micrometric chamber as reported by Eyer et al [Eyer 17] and
imaged the beads by epifluorescence microscopy. As expected, the fluorescence
was localized on the beads (see second image on Fig. 4.3.1b). A second fraction
of beads-containing droplets were exposed to UV light to initiate barcodes release
and loaded into the micrometric chamber as described above. Epifluorescence
microscopy of bead-containing droplets after photo-cleavage revealed a uniform
distribution of the fluorescence in the droplets, suggesting complete barcode release (see third image on Fig. 4.3.1b). We didn’t quantify the kinetic of release
into the droplets but we visually confirmed the speed of diffusion as only few minutes elapsed between UV exposure and imaging.
Lastly, we performed single-bead sequencing on every new batch of barcodedbeads produced. Single-beads were isolated by limiting dilution in a 384-well
plate. Only wells containing one bead were selected by imaging for amplification
and sequencing of the barcodes. Hundred thousands of different barcodes were
identified per bead but, in average, the most abundant barcode represented 97.7%
of the sequencing reads. The second most abundant barcode took on average as
few as 0.17% of the reads, suggesting that all the other barcodes were negligeable
(see Fig. 4.3.1c).

4.3.2 Precise DNA barcode design improved chromatin
indexing in droplets
In Drop-ChIP, the structure of the barcodes was probably one of the main limitation in the final single-cell coverage (hundreds of unique loci detected per cell).
Indeed, their structure imposed a strong selection as only symmetrically indexed
nucleosomes on both ends had the potential to be amplified by PCR (see Limitations of Drop-ChIP, section 4.1 on page 51 of this Chapter). We reasoned that
indexing nucleosomes from only one end would increase the single-cell coverage
and ultimately the capacity of the system to distinguish more subtle variations
between single-cell chromatin profiles.
As previously mentioned, barcodes are bound to the beads via streptavidinbiotin linkages, which are in turn separated from the 5’-end of the oligonucleotide
by photo-cleavable entities. The latters are composed of the photo-cleavable group
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as well as an alkyl spacer that minimize steric interactions (the all entity is referred to as PC-linker). The first biotinylated and PC-linker oligonucleotide is
common to all barcodes and comprises a T7 promoter sequence and an Illumina
sequencing adaptor. The T7 promoter sequence serves as a recognition site for
the T7 RNA polymerase to initiate the linear amplification of enriched barcodednucleosomes post-immunoprecipitation in an in-vitro transcription reaction (IVT).
This amplification strategy is widely adopted for unbiased, sensitive and reproducible amplification of cDNAs post-reverse transcription in single-cell RNA-seq
protocols [Hashimshony 12]. In a second step, the Illumina sequencing adaptor
serves as PCR handle to complete the preparation of the sequencing library. Also,
this adaptor is necessary for the Next Generation Sequencing of the samples as
the primer that initiates the reading of the barcode sequence (see Appendix B,
section B.2 on page 150). The beads grafted with this first common oligonucleotide are then used for barcode synthesis with successive ligation of the 3 index
as previously described and reported in Appendix A on page 141. A schematic
representation of the structure is illustrated in Fig. 4.3.2a.

(a) Scheme of barcode structure v1

Barcode structure v1
Correct barcodes

37.71%

Only index 1

18.08%

Only index 1-2

24.31%

Barcode in Read #1

8.7%

Other

11.2%

(b) Proportion of correct and rejected barcode reads

Figure 4.3.2: The original barcode design yields low proportion of reads
with a correct structure.
(a) The first version of the barcode comprises the T7 promoter, the
Illumina Read #2 sequencing primer and the 3 index barcode.
(b) Only 37.7% of the reads were identified with a correct barcode
structure. Analysis of rejected reads revealed that 42.4% of the raw
reads were associated with barcodes missing 1 or 2 index.
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Unfortunately, the analysis of one of our first single-cell ChIP-seq dataset revealed that only few reads (~38%) were having a complete and correct barcode
structure (see Fig. 4.3.2b). We investigated for common patterns among rejected
reads and found that:
• 42.4% of raw reads (68% of rejected reads) had a non-complete barcode
structure missing the 2nd or the 3rd index. Among those, 18.08% had only
the first index and 24.31% had the first two index. Barcodes missing all three
index can’t be rigorously identified but they may be part of the ”Other”
rejection flag on Fig. 4.3.2b.
• 8.7% of raw reads (14% of rejected reads) had a barcode with only the first
index identified in Read #1 instead of Read #2, indicating the presence of
barcode concatemers.
The high proportion of reads within each rejection flags suggested that we didn’t
anticipate 2 major issues in the first version of the barcode structure:
1. The barcodes are bound to the beads via a streptavidin-biotin linkage and
the biotin is separated from the 5’-end of the oligo by a photo-cleavable
linker. Under exposure to UV light, this PC-linker is cleaved, releasing a
5’-phosphorylated oligonucleotide:
a) The retainment of the 5’-phosphate makes the barcode suitable for selfligation and formation of concatemers.
b) As our barcode design is not symmetric, nucleosomes ligated to the
released 5’ side of the barcodes won’t be amplified.
2. As revealed by the Tapestation profile of Fig. 4.3.1a, all the barcodes on
the beads are not complete (75% are full-length barcodes). Obviously, reads
associated with non-full length barcodes can’t be attributed to their originating cells, introducing experimental noise and higher proportion of unusable
reads after sequencing.
Taking into account previous results, we proposed an optimized structure allowing
the digestion of barcode concatemers as well as reducing the ligation of non-full
length barcodes. A schematic representation of this optimized structure is illustrated in Fig. 4.3.3a.
1. Barcodes are framed with one half of Pac1 restriction site, which is only
reconstructed in case of formation of concatemers. Those are digested after
the immunoprecipitation but before the linear amplification to clean-up the
library.
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2. Barcodes photo-cleaved side is modified with the incorporation of a 3’ C3spacer. This modification introduces a spacer arm at the 3’ hydroxyl group
of the 3’ base and blocks the ligation. With the addition of the spacer group,
the direction of the ligation is enforced from the 3’ end of the barcodes to
the nucleosomes.
3. Non full-length barcodes are completed with a ”block” oligonucleotide sequence comprising a 3’ C3-spacer and a 5’ inverted dideoxy-T base. Again,
both modifications aim at limiting unwanted ligation events.
These optimizations improved the proportion of reads with a correct barcode
structure (see Fig. 4.3.3b). A quarter of the reads are still associated with non-full
length barcodes suggesting that some of them are not blocked. It is not surprising
as the ”block” sequence is added by ligation, which is also limited by the efficiency
of the ligation. As an alternative, we have also considered digesting the nonfull length barcodes rather than blocking them. This other possibility relied on
the modification of the last adaptor with the introduction of two phosphorothioate
bonds in Pac1 half restriction site. Phosphorothioate bonds subsitute sulfur atoms
for oxygen in the phosphate backbone of an oligo and are generally introduced to
inhibit exonuclease degradation. In our scenario, only full-length barcodes would
be protected from exonuclease treatment. We didn’t continue with this solution
as the first experimental tests were not convincing and we were concerned that
the efficiency of the digestion of barcode concatemers by Pac1 would have been
impacted by the presence of phosphorothioate bonds in the backbone of Pac1
restriction site2 .

2

Including phosphorothioate bonds in the oligo reduces activity of nucleases [Putney 81]
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(a) Scheme of barcode structure v2

Barcode structure v1 Barcode structure v2
Correct barcodes

37.71%

73.57%

Only index 1

18.08%

7.49%

Only index 1-2

24.31%

10.08%

Barcode in Read #1

8.7%

5.4%

Other

11.2%

3.46%

(b) Proportion of correct and rejected barcode reads

Figure 4.3.3: Optimizing the barcode structure greatly enhanced the
quality of the sequencing data.
(a) The new structure enables digestion of barcode concatemers by
addition of one half of Pac1 restriction site on both ends of the barcodes. A C3-spacer at the 3’ end of the bottom strand is also added
to enforce the direction of the ligation. Non-full length barcodes are
completed with a ”block” adaptor containing modified bases modifications that prevent unwanted ligation.
(b) The v2 structure greatly improved the quality of the sequencing
data. The proportion of correct barcodes is doubled between the
first version and the second version of the barcodes. Similarly, the
proportion of non-full length barcodes is reduced by a factor 2.5.
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4.4 Nucleosomes barcoding in droplets
In all single-cell technologies, the ability to identify and characterize subpopulations relies on the final number of sequencing reads obtained per cell (also referred
to as ”cell coverage”). In Drop-ChIP, Rotem et al obtained as few as hundreds of
reads per single-cell but they demonstrated that this coverage was still sufficient
to identify distinct chromatin profiles from in-vitro cultured cell lines using a supervised clustering approach (see introductory Chapter 2, section 2.4 on page 36
for Drop-ChIP description) [Rotem 15a]. However, such coverage is a hurdle to
reliably identify subpopulations from tumor samples. As discussed in the introductory section 4.1 on page 51 of this Chapter, chromatin indexing in droplets
is one of the limiting step of the scChIP-seq procedure. Indeed, the efficacy of
the barcoding is directly linked to the number of reads per cell obtained after
sequencing as only barcoded-nucleosomes are amplified in the preparation of the
sequencing library.
As imposed by ChIP assays, cells can’t be encapsulated with DNA barcodes
at the first place due to the risk of barcodes digestion by MNase. Chromatin
indexing is only taking place after the delivery of DNA barcodes into nucleosomescontaining droplets. This section presents a typical droplets fusion monitoring
in order to precisely count the number of cells co-encapsulated with a barcoded
bead. This is an excellent proxy to estimate the overall performances of the platform by comparison with the number of detected barcodes in the sequencing data.
Again, important questions related to enzymatic activity in droplets arise and are
discussed in the following parts of this section: is MNase fully inactivated upon
droplets fusion to prevent barcodes digestion? Can we estimate the efficacy of the
ligation of the barcodes to the nucleosomes as a probable cause of the final number
of loci detected per cell?

4.4.1 Delivering DNA barcodes into nucleosomes-containing
droplets
Encapsulation of barcoded beads in droplets
Loading discrete objects such as hydrogel beads into droplets can be estimated by
a Poisson distribution. As discussed in the introductory Chapter 2 section 2.2.3
on page 29, the random loading of beads would yield a majority of empty droplets
that would be useless if later fused with a nucleosomes-containing droplet.
The best-case scenario would be to ”beat the Poisson statistics” by loading
hydrogel beads one-by-one into the droplets. This can be achieved by taking ad-
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vantage of the physical properties of the beads. Indeed, they are highly deformable
and they can be squeezed in a close-packed organization without clogging the microfluidic device. The synchronization of the periodic flow of hydrogel beads with
the frequency of the droplet production results in a regular loading of the beads
into the droplets (see How delivering barcodes in droplets, introductory Chapter
2, section 2.3.1 on page 31) [Abate 09b].

Figure 4.4.1: Monitoring hydrogel beads loading in 100 pl droplets.
(a) Experimental time trace recorded for 100 pl droplets analyzed at
650 Hz. Orange fluorescence is present in all droplets and used as
a drop-code to control for the size of the droplets. Red fluorescence
indicates the presence of a hydrogel bead in a droplet (bead-code).
(b) Plot of bead-code intensity (red) versus drop-code intensity (orange) in each droplet. By using a close-packed ordering of the beads,
65% to 75% of the droplets contain one bead.

In the same way as the encapsulation of the cells, the loading of the beads is
monitored in real time as the droplets crossed the laser beam at the detection point.
The beads are pre-labeled with biotin coupled to a Cy5 dye (excitation/emission:
650/670 nm) that bind free streptavidin sites available on the beads. The fluorescence intensity allows counting the number of droplets containing at least one
bead (see Fig. 4.4.1). In single-cell ChIP-seq experiment, we typically achieved
between 65% to 75% of droplets that contained a barcoded hydrogel bead.
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Merging nucleosomes-containing droplets with barcodes-containing droplets
Cells and DNA barcodes are separately encapsulated to prevent barcodes digestion by MNase. To index chromatin at the single-cell level, DNA barcodes have
to be delivered in a second microfluidic step into nucleosomes-containing droplets.
This is achieved by active fusion of the two droplets populations in a dedicated
microfluidic fusion device using a triggered electric field.
Droplets from the ”cell emulsion” and droplets from the ”barcode emulsion”
are re-injected as a single-file in the microfluidic fusion device. Achieving proper
electro-coalescence requires one-to-one pairing of the droplets from the two emulsions. Hydrodynamic forces enable the faster smaller 45 pl droplets (”cell emulsion”) to catch up and come in contact with the 100 pl droplets (”barcode emulsion”), as contact is necessary for the two droplets to fuse [Mazutis 09b]. Similarly
to droplet production, fluorescence intensity of fused droplets is acquired as they
crossed the laser beam at the detection point (see schematic of the microfluidic
workflow, Fig. 4.1.1 on page 55 of this Chapter).
Fig. 4.4.2a depicts an experimental time trace of possible fusion events. For
clarity, droplets are numbered from the left to the right:
• droplet #1 contained a cell as revealed by the high ”cell-code” green fluorescence. Unfortunately, no bead was present in this droplet, in other word,
the chromatin profile of this particular cell is lost.
• droplets #2 and #5 both contained a bead (high ”bead-code” red fluorescence) but no cell (low ”cell-code” green fluorescence).
• droplet #3 was an empty droplet which did not contain any bead nor cell.
• droplet #4 contained both a bead and a cell as revealed by the high ”beadcode” red fluorescence and the high ”cell-code” green fluorescence. Chromatin from this cell was indexed and part of the sequencing library.
In addition to the common ”drop-code” (orange) and the ”cell-code” (green),
droplets from the ”cell emulsion” also contain blue fluorescence which is specific
for this emulsion (referred to as ”drop-code cell” in Fig. 4.4.2). By plotting the
”drop-code cell” signal intensity (blue) versus ”drop-code” signal intensity (orange) in each droplet, four main droplets populations are highlighted, allowing to
determine the overall efficacy of the fusion (populations labeled (A), (B), (C) and
(D) on Fig. 4.4.2b):
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Figure 4.4.2: Monitoring droplets fusion.
(a) Experimental time trace recorded for droplets after fusion at 150
Hz. Orange fluorescence is present in all droplets and used as a dropcode to control for the size of the fused drops. Green fluorescence
indicates the presence of a cell and the red fluorescence indicates the
presence of a hydrogel bead. Blue fluorescence is a drop-code specific
of the cell emulsion.
(b) Plot of drop-code ”cell” intensity versus drop-code intensity in
each droplet defining 4 main populations of droplets after fusion.
The main population in the middle represents droplets correctly
paired and fused (70% to 80%). Unpaired droplets from the beademulsion are in the bottom population and unpaired droplets from
the cell-emulsion with a high blue-fluorescence intensity are in the
top-left population. The last population (top right) is associated
with incorrectly-paired droplets containing 2 cell-droplets fused with
one bead-droplet.
(c) Plotting cell-code intensity versus bead-code intensity in each
droplet enables precise counting of useable drops (those containing
one cell and one bead). Droplets from the time trace in panel (a) are
indicated as example of the different populations.
CONFIDENTIAL
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(A) Unpaired droplets from the ”cell emulsion”. Smaller size compared to other
population and higher blue signal intensity (”drop-code cell”). Typically, this
population represented 5% to 10% of the droplets after fusion.
(B) Unpaired droplets from the ”barcode emulsion”. These droplets have a
background level of blue intensity (”drop-code cell”). Typically, this population
represented 5% to 10% of the droplets after fusion.
(C) Correctly paired droplets. Typically, this population represented 70% to
80% of the fused droplets, which defined the efficacy of the fusion.
(D) Incorrectly paired and fused droplets. The high droplet width and blue fluorescence intensity suggest that one droplet from the ”barcode emulsion” was fused
with 2 droplets from the ”cell emulsion”. Typically, this population represented
5% to 10% of the fused droplets and was more likely to increase when the pairing
rate was dropping.
Scanning each droplet enables to precisely count the number of cells that are
co-encapsulated with a barcoded bead. This information is valuable as only these
cells are indexed and amplified in the subsequent sequencing library preparation
procedure. Differences in the number of barcodes identified in the sequencing data
and the number of droplets counted on the microfluidic station would indicate
elevated level of noise or low overall efficacy of the system (high loss of material).
Secondly, by plotting the ”cell-code” signal intensity (green) versus the ”beadcode” signal intensity (red) for each droplet, we can identify 4 main populations
(Fig. 4.4.2c). The droplets numbered from 1 to 5 in Fig. 4.4.2a are indicated as
example of each subpopulation of droplets.
• Droplets alongside the x-axis only contained barcoded hydrogel beads (e.g
droplet #2 & droplet #5).
• Droplets alongside the y-axis contained a cell but no barcoded hydrogel bead
(e.g droplet #1). These cells were ”missed”, meaning that their nucleosomes
were noy indexed nor amplified in the sequencing libary preparation steps.
• Droplets without fluorescence in green and red were empty droplets (e.g
droplet #3).
• Droplets with positive signal in both green and red contained a cell and a
bead (e.g droplet #4). The number of droplets counted in this area corresponds to the expected number of barcodes that we should obtain after
sequencing.
In terms of performance, 40% ± 5% of input cells are co-encapsulated with a barcoded hydrogel beads and contribute to the final sequencing library. The remaining
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proportion of input cells constitutes ”missed cells” that failed to be co-encapsulated
with a barcoded hydrogel beads. Two factors can explain the high proportion of
”missed cells”: the loading of the barcoded beads in 100 pl droplets (70% ± 5%
of the droplets contain a barcoded bead) and the fusion efficacy (75% ± 5% of
the droplets are correctly fused). By further optimizing these two steps of the
droplet-microfluidic workflow, we assume that the performance of the system in
terms of proportion of cells interrogated would be enhanced.

4.4.2 Inactivating MNase in droplets
Micrococcal nuclease is an endo-exonuclease that can digest single-stranded, doublestranded, circular and linear nucleic acids. As MNase activity is strictly dependent
on Ca2+ , the enzyme is easily inactivated by addition of tri-Ethylene Glycol diamine Tetraacetic Acid (EGTA) that quench the calcium ions.
In conventional bulk ChIP-seq assays, MNase inactivation occurs immediately
after incubation time is over by addition of EGTA. Conversely, in the single-cell
ChIP-seq assays, MNase is only inactivated after fusion with the ”barcode emulsion”, in which EGTA is present. Section 4.2 on page 56 of this Chapter already
demonstrated that MNase activity can be synchronized and paused, limiting variations in chromatin digestion between droplets. Here, we sought to determine
whether the MNase is completely inactivated after droplets fusion and over long
incubation time (i.e ligation of barcodes to the nucleosomes). Indeed, even a residual enzymatic activity would lead to the digestion of all nucleic acids present in
the droplets, including DNA barcodes.
The MNase inactivation in droplets including the final concentration of EGTA
was calibrated by performing a simple model experiment. The latter was carried
out as follows: 145 pl droplets (i.e volume of droplets after fusion) were produced,
collected in a collection tube and incubated overnight. Each droplet contained all
the reagents of a single-cell ChIP-seq assay excepting cells and barcoded hydrogel
beads, replaced by 5◊107 copies of a 70 bp oligonucleotide mimicking the quantity
of nucleic acids normally present in droplets after fusion. To assess the impact of
the concentration of EGTA on MNase activity, three emulsions were produced with
varying final concentration of EGTA: 0 mM (digestion positive control), 13 mM
and 26 mM. A digestion negative control consisting of droplets that did not contain MNase was used as a reference for estimating the proportion of non-digested
oligonucleotide. After incubation, droplets were broken and oligonucleotides were
then purified and analyzed by electrophoresis on a TapeStation instrument.
The calibration of the concentration of EGTA necessary to fully inactivate
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Figure 4.4.3: MNase inactivation in droplets.
Droplets containing 5◊107 copies of a 70 bp oligonucleotide were
incubated overnight with various concentration of EGTA (0 mM, 13
mM and 26 mM final concentration) and all reagents used in a singlecell ChIP-seq experiment. The fraction of oligonucleotide remaining
after incubation was measured by TapeStation and normalized to
the digestion negative control (i.e droplets without MNase). 26 mM
final concentration of EGTA fully inactivated MNase in droplets.
Barplot shows the mean fraction of non-digested oligonucleotides for
duplicates and the error bars correspond to the standard deviation.
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MNase activity in droplets is shown in Fig. 4.4.3 on the preceding page. The
quantity of remaining oligonucleotides in each emulsion was measured by electrophoresis on a TapeStation instrument and normalized by the negative control.
As expected and without addition of EGTA, oligonucleotides were completely digested in the positive control. A final concentration of 26 mM EGTA per droplet
fully inactivated MNase as the proportion of remaining oligonucleotides was similar to the negative control and to the initial amount of 5◊107 copies per droplet.
Conversely, only one half of the original quantity of oligonucleotides was remaining
with a final concentration of 13 mM EGTA per droplet.
In this manuscript, if not otherwise stated, all single-cell ChIP-seq experiments
were performed with 30 mM EGTA final concentration per droplet.

4.4.3 Assessing barcode-nucleosome ligation efficacy in
droplets
Nucleosome barcoding in droplets is critical to achieve high coverage single-cell
chromatin profiles. Only nucleosomes ligated to a barcode are amplified during
the sequencing library preparation while information carried by all other nucleosomes is lost. In order to estimate the performance of the system and the potential
oss of information, it is important to estimate and optimize the efficiency of the
ligation in droplets.
Estimating the ligation efficiency directly from a single-cell ChIP-seq experiment is challenging due to the complexity in terms of molecular diversity obtained
after breaking droplets. The quantification of barcoded-nucleosomes from a mixture containing free barcodes ; barcode concatemers ; barcoded and non-barcoded
mono-, di-, trinucleosomes... is almost impossible. To overcome this situation, we
sought to design a simplified model experiment allowing an estimation of ligation
efficiency in droplets. We also used this model in a second time to define the ligation incubation time that would maximize the proportion of barcoded-nucleosomes.
We reasoned that all variables that would make the interpretation of the results
complicated should be eliminated. Therefore, we imagined a model experiment
which principles are illustrated in Fig. 4.4.4. The experiment was carried out
as follows: 145 pl droplets (i.e volume of droplets after fusion) were produced,
collected in a collection tube and incubated off-chip for different incubation time.
Each droplet contained all the reagents of a single-cell ChIP-seq assay excepting
cells and barcoded hydrogel beads, replaced by 2 synthetic oligonucleotides:
• 5◊107 copies of a 70 bp oligonucleotide mimicking the barcodes (equivalent
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to the mean number of barcodes delivered per droplet). This oligo is framed
with half of the restriction site of Pac1, allowing digestion and removal of
barcodes concatemers which would artifically increase the ligation efficacy.
• 107 copies of a 138 bp oligonucleotide mimicking the nucleosomes (based on
an estimation of the number of nucleosomes in a human cell.).
After incubation for ligation, emulsion was broken and treated with Pac1 for barcode concatemers digestion that would artificially increase the proportion of ligated product. The use of synthetic oligonucleotides had the major advantage that
we could design qPCR primers to quantify the number of ligated product. We
used two couples of primers: primers #1 (in blue) amplified only ligated products
while the primers #2 (in red) amplify both ligated and non-ligated ”nucleosomelike oligo”. The ligation efficiency is then defined as the proportion of the ligated
product over the total amount of ”nucleosome-like oligo”. We also used the electrophoresis profiles obtained by Tapestation as a second measurement method.

Longer incubation time (from 2h to overnight) leads to a 10% increase in the
proportion of ligated product, as seen in Fig. 4.4.5. From the two measurement
methods we can estimate that one half of nucleosome-like oligonucleotides are ligated with a barcode-like oligo.
Obviously, the results shown in Fig. 4.4.5 are not representative of the reality.
The simplicity of the model experiment doesn’t take into account important factors that might negatively impact the efficacy of the ligation of the barcodes to
the nucleosomes. For example: this model is based on simple and homogeneous
oligonucleotides rather than varying size of DNA/proteins complexes (i.e nucleosomes) or DNA barcodes released from hydrogel beads. To overcome in part
these limitations, the ”nucleosome-like oligo” were replaced by nucleosomes from
human T-lymphocytes cell line and processed as previously mentioned. The fraction of ligated nucleosomes was only estimated from electrophoresis profiles on a
Tapestation instrument but was similar to the ~50% obtained with the synthetic
oligonucleotide (see ”T-cell nucleosomes” on Fig. 4.4.5).
In this manuscript, if not otherwise stated, all single-cell ChIP-seq experiments
were performed with an overnight incubation for nucleosome barcoding in droplets.
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Figure 4.4.4: Schematic drawing illustrating the model experiment used
to assess ligation efficacy in droplets.
(a) 145 pl droplets containing 5◊107 copies of a ”barcode-like oligo”
and 107 copies of a ”nucleosome-like oligo” were incubated overnight
with all the reagents used in a single-cell ChIP-seq experiment (excepting cells and barcoded hydrogel beads).
(b) After incubation, droplets were broken and the aqueous phase was
treated with Pac1 restriction enzyme to digest self-ligated product of
the ”barcode-like oligo”. The ligation efficiency was then calculated
either from TapeStation profiles or by qPCR. Primers #1 (in blue)
amplified only ligated products while primers #2 (in red) amplified
both ligated and non-ligated ”nucleosome-like oligo”. Ligation efficacy is defined as the proportion of the ligated product over the total
amount of ”nucleosome-like oligo”.
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Figure 4.4.5: Estimation of the ligation efficiency in droplets.
The fraction of ligated product was measured either by analysis of
TapeStation profiles or by qPCR as described in Fig. 4.4.4. The
ligation was performed for 2h, 4h and overnight incubation. Both
measurement methods gave similar estimation of the fraction of ligated product and a significant increase in efficiency was observed
after an overnight incubation (~10%). Nucleosomes from human
T-lymphocytes cell line was also used instead of the ”nucleosomelike oligo” and confirmed similar results compared to the synthetic
oligonucleotides (~50% ligation). Barplot shows the mean fraction
of ligated oligonucleotides for duplicates (experiments performed on
two different days) and the error bars correspond to the standard
deviation.
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4.5 Conclusion & perspectives on the
droplet-microfluidic workflow
This chapter was centred around the building blocks of the droplet-microfluidic
workflow with respect to chromatin barcoding in droplets.
First, we investigated potential sources of technical variability among single-cells
and across single-cell ChIP-seq experiments. This led us to anticipate variability
in MNase activity between droplets, notably upon single-cell encapsulation. We
found that collecting and storing droplets on ice actually synchronized and paused
MNase activity in droplets, thus preventing cell-to-cell differences in chromatin
digestion.
Secondly, DNA barcodes are core components of the technology and their structure considerably impacted the efficacy of chromatin indexing in droplets. We developed an optimized barcode design allowing linear amplification of all barcodednucleosomes without distinction (e.g not only symmetrically barcoded nucleosomes
on both ends as in Drop-ChIP). By modeling the ligation in droplets, we evaluated
to one half the number of nucleosomes that may be ligated in our experimental
conditions.
Finally, our droplet-microfluidic workflow enables precise monitoring of each operation, which provides valuable information about the overall performances of the
system. For example, differences between the number of cells co-encapsulated with
barcoded hydrogel beads and the number of barcodes identified in the sequencing
data would indicate elevated level of noise, or on the other hand, low efficacy of
the system (high loss of material).
A patent application related to this droplet-microfluidic workflow has been filed.
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Chromatin states are highly indicative of cell type and tissue identity. The
power to identify cell type-specific chromatin states relies on measuring coherent
variations between single-cell profiles. A high single-cell coverage is a must-have
in order to reveal rich biological information and distinguish underlying patterns
of variability in complex heterogeneous samples (e.g tumor specimens).
Previous Chapter 4 introduced the single-cell ChIP-seq platform developed during this thesis, with a main focus on the droplet-microfluidic workflow. It already
discussed several lines of action with respect to chromatin barcoding in droplets
towards the generation of reproducible and high quality single-cell chromatin profiles. For examples, the fine-tuning of enzymatic activities and the design of the
DNA barcodes were determined to play important role in the final single-cell coverage.
On the other hand, a high single-cell coverage doesn’t necessarily guarantee
the identification of coherent variations across single-cell chromatin profiles, nor
the validity of the classification of single-cells into subpopulations. In particular,
the single-cell profiles can be highly sensitive to technical attributes and poorly
specific to their initial chromatin states. The latter scenario has raised important
questions with regard to the validation of the technological approach: Is single-cell
information retained throughout the procedure? How specific are the single-cell
profiles? How accurate is the classification of distinct cell types on the basis of
their single-cell chromatin profiles?
This Chapter 5 outlines the framework established to unambiguously distinguish cell type-specific chromatin states from single-cell ChIP-seq profiles with
nearly 100% accuracy. In light with the promising results obtained in this proofof-concept, we initiated a collaboration with Dr. Céline Vallot’s group at Institut
Curie to investigate patterns of variability in the context of drug-sensitive and
drug-resistant cell states in patient-derived xenograft models of breast cancer.
The outcome of this study is part of a paper manuscript included in section 5.2
at the end of this Chapter.
Grosselin K., Durand A., Poitou A., Marangoni E., Nemati F., Dahmani A.,
Reyal F., Frenoy O., Pousse Y., Reichen M., Woolfe A., Brenan C., Griffiths A.
D.*, Vallot C.*, Gérard A.* Single-cell chromatin profiling reveals heterogeneity
of chromatin states in breast cancer. In preparation.
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5.1 Reconstructing cell type-specific chromatin
states from single-cell ChIP-seq profiles
A central question coming with the conception of the scChIP-seq procedure is to
determine whether the single-cell chromatin profiles can reveal distinct subpopulations and characterize cell type-specific chromatin states with high accuracy.
Following this direction, we conceived a proof of concept study relying on the
prior knowledge of the initial composition of the input sample and on the expected outcome. Doing so, we were able to support the robustness and validity of
the technological approach.
This section presents the three main stages of the proof of concept study, each
stage has been built with an increasing level of complexity compared to the previous one. First, we sought to measure the level of cross-contamination and confirm
that the single-cell information was retained during the entire procedure. Then,
we asked whether the classification of the single-cells into subpopulations was related to coherent variations in their chromatin profiles or to technical attributes.
Doing so, we were able to evaluate the accuracy of the clustering. Finally, we
demonstrated the capability of the system to resolve distinct cell types from a
heterogeneous cell suspension.
The results of the proof of concept study are also part of the paper manuscript
presented in section 5.2 of this Chapter (included in Fig. 1 & fig S2-6 of the paper
manuscript). For clarity and to avoid repetition, only the reasoning behind the
construction of the study as well as the striking results are detailed in this section.

5.1.1 Maintaining single-cell resolution throughout the
scChIP-seq procedure
Identification of distinct cell types based on their patterns of histone modifications
is only possible by achieving a single-cell resolution. For this purpose, nucleosomes
from single-cells are indexed in droplets with DNA barcodes unique to a cell, before
being combined for the immunoprecipitation and sequencing library preparation.
The deconvolution of the barcode sequencing reads attributes each sequence to
its cell of origin, thus generating genome-wide single-cell chromatin maps of the
position of the modified histones. The single-cell resolution is achievable providing
that barcodes are not mixing during the microfluidic workflow (e.g droplet coalescence after fusion or during incubation for nucleosome-barcode ligation) nor after
combining droplets content for immunoprecipitation (at that time of the process,
barcoded-nucleosomes are not purified yet).
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We sought to determine if the system was actually maintaining the single-cell
resolution by measuring the level of inter-specie cross-contamination. For this purpose, we carried out a specie-mixing experiment in which the scChIP-seq procedure
was applied to barcode a mixed cell suspension of mouse and human cells (initial
proportion 1/3rd mouse and 2/3rd human cells). We collected 3,000 droplets containing a cell co-encapsulated with a barcoded bead as calculated from fluorescent
monitoring of droplet composition, performed chromatin immunoprecipitation targeting H3K27me3 and sequenced the library.

Figure 5.1.1: Sequencing a mix of human and mouse cells reveals speciespecific mapping and single-cell resolution.
(a) Scatter plot depicting the number of reads per barcode aligning on
the mouse versus human reference genome. Barcodes are attributed
to one specie if more than 95% of their reads are specific to this
specie. Points are colored by specie and mixed barcodes are represented by black crosses.
(b) Barplot showing the number of barcodes identified for each
specie after sequencing in comparison with the number of cells coencapsulated with a barcoded bead calculated from fluorescent monitoring on the microfluidic station (light grey bars).
Sequencing reads associated with barcodes (i.e read #2) were processed as described in the Material and Methods of the paper manuscript (Appendix A) and
in Appendix B. In parallel, sequencing reads associated with the nucleosomal sequence (i.e read #1) were aligned successively on both mouse and human genome.
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For each identified barcode, the number of reads aligning the mouse genome was
plotted versus the number of reads aligning the human genome. We observed
that 96.5% of the barcodes had at least 95% of their reads mapping to either
mouse or human genome (Fig. 5.1.1a). Importantly, among these barcodes, the
proportion assigned to mouse (27.3%) and human (72.7%) species as well as the
number of barcodes (824 and 2,194 respectively) closely matched with the initial
proportion and the number of droplets containing a cell and a barcoded bead as
calculated from fluorescent monitoring of the droplets on the microfluidic station
(Fig. 5.1.1b).
The conclusions of this specie-mixing experiment are particularly important as
they validate part of the technological development. First, barcodes are unique to
a single-cell confirming that droplets remained independent throughout the entire
microfluidic workflow. In addition, combining content from thousands of droplets
for the immunoprecipitation step doesn’t lead to non-specific nucleosome barcoding which would have been misleading in the reconstruction of cell type-specific
chromatin profiles. Second, the robustness of the process is also supported by
the striking correlation between the number of different barcodes identified by the
droplet count and the sequencing data. The live monitoring of droplet-microfluidic
operations is valuable to assess the level of noise and ensure reproducibility across
experiments.

5.1.2 Accurate clustering of cell type-specific chromatin states
A high specificity and accuracy of the scChIP-seq procedure are essential to distinguish coherent patterns of variability in complex heterogeneous samples and to
classify single-cells according to their distinctive chromatin landscapes. We conceived a second proof of concept experiment enabling to simultaneously measure
the specificity and the accuracy of the procedure.
Experimental model applied to distinguish single-cells from the same specie
The design of the proof of concept is the following: human T lymphocytes and
human B lymphocytes were separately encapsulated and successively indexed using two distinct barcodes Sets. These Sets of barcodes were slightly adapted to
comprise the 3 index part of the single-cell barcodes, as well as an additional 15
bp sequence specific for each cell type (i.e common to all the single-cells of one
cell type). To demonstrate the versatility of the scChIP-seq platform in profiling
distinct chromatin states, we performed chromatin immunoprecipitation targeting
histone modifications associated with either active transcription (H3K4me3) or
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repressed gene expression (H3K27me3) (see Fig. 5.1.2a).
Each sequencing read associated with the DNA barcode would carry a double
information: (i) the single-cell barcode sequence, which is used to assign the read
to its cell of origin and (ii) the cell type-specific sequence, which is used to assign
the read to one of the two cell type (B or T-cells). Ideally, the clustering of the
single-cell profiles would separate the barcodes into two groups, which identity
would be then confirmed by the cell type-specific sequence (see Fig. 5.1.2b).
From these two groups, the accuracy of the scChIP-seq procedure can be calculated by counting the number of mis-classified cells within each cluster (identified
from the cell type-specific sequence). In turn, the specificity can be determined
by comparing cumulative single-cell profiles with bulk ChIP-seq profiles and by
computing genome-wide correlation between the two datasets.

Figure 5.1.2: Proof of concept study and expected outcome.
(a) Human B and T lymphocytes were separately encapsulated and
specifically indexed in droplets. Indexed chromatin from the two
emulsions were then combined for scChIP-seq targeting histone modifications associated with distinct chromatin states (H3K4me3: active
transcription; H3K27me3: repressed gene expression).
(b) Expected outcome of the study. Data analysis would group cells
into two clusters using an unsupervised clustering approach. The
correct clustering of B and T-cells based on their single-cell profiles
would then be confirmed by the cell type-specific barcode sequence.
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Appropriate precautions were considered to ensure the validity of the separate
barcoding of B-cells and T-cells in droplets:
1. Specie-mixing experiment confirmed the independence of each droplet and
the maintenance of single-cell resolution throughout the entire procedure.
2. After nucleosomes barcoding in droplets, indexed chromatin from B-cells and
T-cells were combined for the immunoprecipitation and sequencing library
preparation. Doing so, no bias between the two cell types were introduced
at these stages (”batch effect”).
3. The droplet microfluidic workflow of the scChIP-seq procedure is reproducible as showed by the high correlation across technical replicates suggesting that separate barcoding didn’t introduce technical variability between
the two cell types (Pearson correlation scores: 0.96, 0.95 and 0.97 with pvalue < 10-15 across 3 technical replicates, see supplementary fig. S7D of the
paper manuscript)
The scChIP-seq dataset generated in this proof of concept experiment has also contributed significantly to the development of the bioinformatic pipeline. If not otherwise stated, all the results presented in this section were obtained from H3K27me3
scChIP-seq sample (results for H3K4me3 scChIP-seq sample are available in the
paper manuscript).
Deconvolution of single-cell barcodes and cell type-specific sequences
Sequencing reads #2 were processed as described in the Material and Methods of
the paper manuscript (Appendix A) and in Appendix Bwith a modification in the
barcode extraction step to also take into account the cell-type specific sequences.
The distribution of the number of reads per barcode provided a first insight about
the quality of the dataset and was used as a proxy for eliminating background noise
(Fig. 5.1.3a). The distribution can be fitted as a sum of two normal distributions:
the first one containing barcodes with few reads (less than few hundreds) was
associated with background; the second one grouping barcodes having more than
500 reads was assumed to originate from single-cells. A threshold was set between
the two distributions and the barcodes with few reads were discarded (dotted line
at 500 reads per barcode on Fig. 5.1.3a). We hypothesized that the split-pool
synthesis and the ”purity” of the barcodes bound on beads underlied the presence
of low read count barcodes in the sequencing data. Indeed, the quality controls
of the barcoded beads and notably the single bead sequencing revealed that in
average 97.7% of the barcodes on a bead were matching to the same sequence
whereas the second most abundant sequence was only representing 0.17% of all
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sequencing reads (see Chapter 4, section 4.3 & Fig. 4.3.1 on page 64). As a result,
an average of 2.8% of the barcodes bound on a bead were completely different
which might lead to low read count barcodes after sequencing.

Figure 5.1.3: Deconvolution of single-cell barcodes associated with cell
type-specific sequences.
(a) Histogram showing the distribution of the number of reads per
barcode. Barcodes with few reads (< 500 reads) were associated
with background, whereas barcodes with more than 500 reads were
assumed to originate from single-cells. A threshold set at 500 reads
(dotted black line) was used as a cutoff to eliminate noise.
(b) Scatter plot depicting for each barcode the number of raw reads
aligned on the B-cell specific sequence versus aligned on the T-cell
specific sequence. Points are colored by cell type-specific sequence
and mixed barcodes are represented by black crosses. Barcodes were
highly specific to one cell type.
In this particular proof of concept experiment, human T-cells and B-cells were
separately encapsulated and indexed in droplets using two distinct barcode Sets.
Both Sets comprised the single-cell barcodes, as well as a sequence specific of
each cell type. For each barcode surviving the threshold as defined in Fig. 5.1.3a,
the number of reads bearing the T-cell specific sequence was plotted versus the
number of reads bearing the B-cell specific sequence. As expected, the vast majority of the barcodes (99.3%) were highly specific as having at least 95% of their
reads matching one of the two Set. Similarly to the specie-mixing experiment,
this result was suggesting again that combining indexed chromatin from thousands of cells for immunoprecipitation and sequencing library preparation didn’t
lead to non-specific nucleosome-barcoding (Fig. 5.1.3b). On the other hand, few
barcodes (0.7%) were sharing reads aligned on both Sets. We hypothesized that
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these barcodes were originating from barcoding errors with two cells sharing the
same barcode sequence (see introductory Chapter 2, section 2.3.1 or [Klein 15] for
original description of the calculation).
The distribution presented in Fig. 5.1.3a is related to raw sequencing reads per
barcode. After selection of barcodes above the noise threshold, duplicate reads and
reads possibly originating from the same nucleosome were discarded for further
analysis. For the two histone marks, we achieved an average coverage of 1,630
uniquely mapped reads per cell (see Fig. 1B of the paper manuscript).
Mark

H3K4me4

H3K27me3

# of raw

Average # of raw

reads

reads per cell

~6,000

65 million

~11,000

[Grosselin et al, in preparation]

~2,300

322 million

~140,000

[Rotem 15a]

~4,300

250 million

~58,000

[Rotem 15a]

~4,500

72 million

~14,400

[Grosselin et al, in preparation]

# of cells

Reference

Table 5.1: Sequencing performance (1/2).
The table compares the number of expected cells per sequencing library,
the number of raw sequencing reads as well as the average number of
raw reads per cell in Drop-ChIP and in our scChIP-seq system. #:
number

Mark

H3K4me4

H3K27me3

# of cells

Average # of

used in

reads per cell

analysis

after QC

6,134

3,112

1,630

1,716

1,020

381

[Rotem 15a]

1,279

376

544

[Rotem 15a]

4,470

2,232

1,637

# of cells post
sequencing

Reference

[Grosselin et al, in preparation]

[Grosselin et al, in preparation]

Table 5.2: Sequencing performance (2/2).
The table compares the number of cells identified after sequencing, the
final number of cells used in analysis after QC and the average number
of useable reads per cell after QC in Drop-ChIP and in our scChIP-seq
system. #: number ; QC: Quality Control.
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In terms of performance, the final coverage obtained with our system is already
3 to 5-fold higher than the coverage obtained with previously reported Drop-ChIP
method [Rotem 15a]. Importantly, our sequencing libraries were not sequenced at
saturation and we anticipate an increase of the coverage with higher sequencing
depth (see comparison of performances between the 2 systems in Table 5.1 and
Table 5.2).
Unsupervised clustering of single-cell chromatin profiles
Unlike single-cell RNA-seq data analysis, in which sequencing reads are associated
to genes used as comparison units, reads from single-cell ChIP-seq data are distributed along the entire genome. One possible way to overcome this situation is
to align the reads on a set of regions known to be enriched or conversely depleted
for a particular histone modification. However, this type of supervised analysis
is based on prior knowledge of the composition of the sample to be analyzed. A
second possibility is to perform an unsupervised analysis to identify cell-to-cell
variation without prior information about their chromatin profiles.
For this purpose, reads from each single-cell were binned in non-overlapping
regions spanning the genome, representing each cell as a vector. The latter was
aggregated in a m x n coverage matrix, with m rows corresponding to the genomic
bins and n columns corresponding to the single-cells. Matrix value cij corresponded
to the number of reads for barcode j aligned in region i. The bioinformatic tools
used to generate the coverage matrix from raw sequencing reads have been developed during this thesis and are further described in the Material and Methods of
the paper manuscript (Appendix A) and in Appendix B. The resulting coverage
matrix was then used as a starting point for downstream analysis specific to each
experiment.
Unsupervised analysis and clustering of single-cell H3K4me3 and H3K27me3
profiles for this particular proof of concept experiment are both presented on Fig.
1C of the paper manuscript. For the two histone modification marks, barcodes
were grouped by consensus clustering into two well separated clusters, which identity was confirmed by the cell type-specific sequence (H3K4me3: 99.3% accuracy;
H3K27me3: 99% accuracy).
H3K4me3 is known to accumulate around promoters of transcriptionally active
genes whereas H3K27me3 accumulates in broad domain of facultative heterochromatin. Aggregation of single-cell profiles within each cluster enabled to reconstruct
T-cell specific and B-cell specific chromatin states with high accuracy as compared
to bulk ChIP-seq profiles. Snapshots of differentially enriched loci with cumulative
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single-cell profiles for each identified cluster and bulk profiles are illustrated in Fig.
1D of the paper manuscript. For example, single-cells profiles within the T-cell
cluster are enriched in H3K4me3 around CD3 genes (a T-cell specific gene) and
depleted around CD22 gene (a B-cell specific gene). Conversely, H3K27me3 is a
chromatin mark associated with inactive transcription, meaning that enrichment
is inversely correlated with H3K4me3 profiles. As expected, single-cells profiles
within the T-cell cluster reveal H3K27me3 enrichment around CD22 gene (a Bcell specific gene) and H3K27me3 depletion around CD3 genes (a T-cell specific
gene).
H3K4me3 and H3K27me3 profiles around both CD3 and CD22 loci highlight the
local specificity of the aggregated profiles obtained with our scChIP-seq procedure.
By computing genome-wide correlation between aggregated single-cell profiles and
bulk profiles, we confirmed the specificity of the data at a global scale (Pearson
correlation scores: 0.93 [H3K4me3] and 0.97 [H3K27me3] with p-value < 10-15 .
See Fig. 1E of the paper manuscript).

5.1.3 In silico simulation of detection limit
The ideal dataset generated in this proof of concept was used to measure accuracy
and specificity of single-cell chromatin profiles, but it can be adapted to simulate
in-silico the sensitivity to detect rare cell populations. For this purpose, 500 T-cell
profiles were randomly subsampled from the dataset and a decreasing proportion
of randomly selected B-cell profiles were spiked-in with the selected T-cell profiles.
To control the impact of the cell coverage, the random selection process was repeated with a minimum of 500, 1,000 and 2,000 uniquely mapped reads per cell
(reads corrected for duplicates). The artificially created datasets were then processed using an unsupervised clustering approach as previously described.
The visualization of the clustering results on t-SNE plots confirms the intuitive
idea that increasing the cell coverage tends to increase the sensitivity (Fig. 5.1.4).
With a coverage of 500 uniquely mapped reads per cell, all the B-cells are mixed
within the T-cells population highlighting again the importance of high cell coverage. Conversely, with a coverage of 2,000 uniquely mapped reads per cell, a
subpopulation representing 5% of the dataset can still be unambiguously identified from the dominant cell type. The sensitivity would be further enhanced with
higher cell coverage.
Other parameters might improve the sensitivity of the system in the detection of rare cell populations. For example, increasing the total number of cells
also contributes to lower the detection limit (data not shown in the manuscript).
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Figure 5.1.4: Increasing cell coverage lowers detection limit of rare cell
populations.
t-SNE plots representing H3K27me3 scChIP-seq dataset in in-silico
simulation of detection limit with varying proportion of spiked-in Bcells in T-cells profiles (from top to bottom) and varying thresholds
of uniquely mapped reads per barcode (from left to right). Points
are colored according to the cell type-specific sequence.
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This is a growing trend in single-cell RNA-seq study in which sequencing large
number of cells at low depth is prefered to low cell number with high coverage in order to characterize transcriptomic heterogeneity at single-cell resolution
[Cao 17, Rosenberg 18].

5.1.4 Distinguishing subpopulations from heterogeneous cell
suspension
Single-cell chromatin profiles generated by our scChIP-seq platform allowed a precise identification of cell type-specific chromatin states. However, these results
were obtained from ideal datasets, with different cell types being separately processed in the microfluidic workflow and indexed with distinct cell type-specific
barcodes. Those ideal scenarios don’t reflect the complexity of the samples we
wish to analyse with our system (in terms of sample heterogeneity, purity or subpopulation scarcity).
Going back to the mouse/human specie-mixing experiment (see subsection 5.1.1
on page 85 of this Chapter), a simple alignement on both reference genomes revealed that 96.5% of the barcodes were unambiguously attributed to one of the
two species. In addition, the initial proportion of starting cells was also preserved
(Fig. 5.1.5a; 3,000 cells co-encapsulated with a barcoded bead; initial proportion
33% mouse and 66% human cells). Human cells were actually composed of a 1:1
mixture of B and T lymphocytes cells. To demonstrate the capability of the system in identifying cell types from heterogeneous sample, only the human barcodes
were selected and processed in an unsupervised clustering approach as previously
described.
Unsupervised clustering of selected human barcodes revealed two well separated
clusters independent from cell coverage and containing 1,063 (58%) and 760 (42%)
single-cells respectively (Fig. 5.1.5b). In order to characterize cluster identity,
single-cell data were aggregated to generate cluster-specific chromatin profiles.
Doing so, pattern of H3K27me3 enrichment around CD3 genes (a T-cell specific
gene) was comparable between C1 and Bulk B-cells ChIP-seq, suggesting repressed
expression of CD3 genes in C1. Conversely, pattern of H3K27me3 around CD22
gene was comparable between C2 and Bulk T-cells ChIP-seq, suggesting in turn
repressed expression in C2 (Fig. 5.1.5c).
The number of single-cells comprising each cluster was closely related to the
initial number cells from each cell type, echoing previous statement about the
robustness of the system. From the initial cellular suspension containing equiva-
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lent numbers of mouse cells, human B-cells and human T-cells, 3,000 cells were
co-encapsulated with a barcoded bead. After sequencing data analysis, 2,647 barcodes (88%) were unambiguously assigned to one of the three cell type. Among
them, 824 barcodes were assigned as mouse cells (31%), 1,063 barcodes were assigned as human B-cells (40%) and 760 barcodes were assigned as human T-cells
(29%). We assumed that the sample was not sequenced at saturation and increasing the number of reads would bring the number of identified barcodes closer to
the expectation.

Figure 5.1.5: Deciphering chromatin states from heterogeneous samples.
(a) Top: scatter plot as shown in Fig. 5.1.1a from specie-mixing
scChIP-seq experiment (1/3rd mouse cells; 2/3rd human cells). Human cells were composed of 1:1 mixture of B and T lymphocytes.
Bottom: barplot showing the expected number of barcodes in comparison with droplets count.
(b) Clustering of human barcodes reveals two well separated populations independent from cell coverage as shown on t-SNE plots. The
number of cells per cluster closely matched with expected number of
each human cell type from the original mixture.
(c) Single-cell profiles within each cluster were aggregated to generate population chromatin profiles. Examples shown around a T-cells
specific gene (CD3 genes) and a B-cells specific gene (CD22 gene)
confirmed the identity of C1 (B-cells) and C2 (T-cells) clusters.
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5.1.5 Conclusion & perspectives
This proof of concept study validates our scChIP-seq procedure as a robust method
to profile chromatin landscape at single-cell resolution and distinguish patterns of
variability in heterogeneous sample. Single-cells are classified with a high accuracy and their profiles specifically recapitulate cell type-specific chromatin states
with high fidelity. These results also highlight the importance of our technological
development towards the generation of high coverage single-cell profiles. Indeed,
the sensitivity of the system to detect rare cell populations is directly related to
the single-cell coverage.
Altogether, the single-cell ChIP-seq method developed during the thesis outperforms previously reported Drop-ChIP method and opens new avenues for epigenomic studies at single-cell resolution. In light with these promising results, we
initiated a collaboration with Dr. Céline Vallot’s group at Institut Curie to investigate the heterogeneity of chromatin modifications in the context of drug-sensitive
and drug-resistant cell states within patient-derived xenograft models of breast
cancer. This study is part of a paper manuscript included in the following section.
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Abstract:
The dynamic nature of chromatin and transcriptional features play a critical role in normal
differentiation and are expected to participate to tumor evolution. Studying the heterogeneity
of chromatin alterations with single-cell resolution is mandatory to understand the
contribution of epigenetic plasticity to tumor evolution. Here, we describe a droplet
microfluidics system that enables the profiling of chromatin marks in several thousand single
cells, with a coverage of up to 10,000 loci per cell. In patient-derived xenograft (PDX)
models of breast cancer with acquired drug resistance, scChIP-seq revealed that untreated,
drug-sensitive, tumors contain a rare population of cells with chromatin traits similar to that
of all resistant cells. Our results highlight the potential of chromatin traits as biomarkers of
response and resistance to cancer therapy.

One Sentence Summary:
scChIP-seq discloses rare populations of cancer cells with distinct chromatin traits,
characteristic of resistant tumor cells.
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Genetic, transcriptional and epigenetic changes contribute to tumor evolution. Understanding
both the intra-tumor heterogeneity and the selection dynamics of these molecular alterations
is critical to determine their potential as therapeutic targets and design effective treatment
rationales. The extensive modeling of clonal dynamics of genetic alterations, thanks to deep
sequencing and single-cell approaches, have revealed the key contribution of genetic intratumor heterogeneity to the emergence of populations of cancer cells with drug resistance
capacities (1, 2). Resistance can arise from a sub-population of cells bearing a key mutation,
decisive for the resistance process (3). However, while a number of genetic mechanisms
driving metastatic or resistance processes has been discovered, it also appears that in many
cases genetic mechanisms driving these processes cannot be found. Increasing efforts
concentrate on non-genetic aberrations, particularly transcriptional and chromatin alterations,
that may account for the adaptability of the cancer cells to cancer therapies (4–7).
Development of single-cell RNA-seq has opened avenue for deep understanding of
transcriptional heterogeneity within tumor samples and have revealed the emergence of
transcriptional sub-clones in tumors upon treatment (8–10). So far, only few studies have
tackled the clonal evolution of epigenetic alterations mostly looking at DNA methylation
(11–13). The heterogeneity and evolution of chromatin-based alterations remain largely
unknown, partly due to the lack of single-cell techniques interrogating the distribution of
chromatin marks at the single-cell level within complex biological samples. Recently, our
understanding of epigenetic in individual cells has been advanced by the development of
single-cell epigenomics to analyze, for example, DNA methylation (14–16), chromatin
accessibility (17–19), chromosome conformation (20) and DNA-proteins interactions (21).
Yet, these methods yield low coverage per single-cell, preventing the analysis of complex
samples, such as tumor specimens.
Here we describe a high throughput single-cell ChIP-seq (scChIP-seq) approach combining
droplet microfluidics to the high depth of single-cell DNA barcoding technologies (fig. S1),
to profile histone post-translational modifications at single-cell resolution with an
unprecedented coverage of 103 to 104 unique loci per cell. Our scChIP-seq approach relies on
a microfluidic system with live monitoring of droplets, which enables in three steps the
controlled production of 145 ± 10 pl droplets containing both nucleosomes from individual
cells and a hydrogel bead with barcodes (Fig. 1A, fig. S2 and movies S1 & S2). Each
hydrogel beads carries ~5 × 107 copies of unique DNA barcode generated by split-and-pool
synthesis (fig. S3). We monitor at each step the incorporation of cells and hydrogel beads

Grosselin et al, in preparation
CONFIDENTIAL

2

within droplets, through the addition of fluorophores and measurement in real time of the
fluorescence within droplets (Fig. 1A and fig. S4). Off the microfluidic system, droplets are
then incubated to allow the ligation of the nucleosomes to the single-cell barcodes released
from the hydrogel beads by photo-cleavage. The content of merged droplets is used for
immunoprecipitation of nucleosomes with post-translational histone modification of interest
and the barcoded immuno-precipitated DNA is amplified and sequenced (fig. S5).
We first validated the efficiency and accuracy of our scChIP-seq procedure using cell lines.
To evaluate the accuracy of our microfluidic workflow to produce chromatin profiles at the
single-cell resolution, we profiled the distribution of H3K27me3 within a mixed population
of mouse and human cells, by equally mixing one mouse and two human lymphoid cell lines
(mouse M300.19 cells, human Ramos B cells and human Jurkat T cells). Post-sequencing, we
confirmed that 96.5% of the identified barcodes were unambiguously assigned to a single
species, indicating that the microfluidic system produced droplets with a single cell (fig.
S6A). The total number of cells identified post-sequencing (3,018) fitted the number of cells
co-encapsulated with barcoded hydrogel beads calculated from fluorescent monitoring of
microfluidic operations (~3,000), validating the robustness of our procedure (fig. S6B). In
addition, the proportion of cells for each species (824 mouse cells [27.3%], 2,194 human
cells [72.7%]) was in close agreement with the initial proportion of cells from each species
(1/3 mouse vs 2/3 human). To validate the specificity of our scChIP-seq procedure to classify
single cells according to their distinctive chromatin landscape, we profiled in two cell lines,
human Ramos B and Jurkat T cells, the distribution of two histone modifications with
different binding profiles: H3K4me3, known to accumulate in narrow peaks around
promoters and enhancers respectively, and H3K27me3, shown to accumulate in broad
domain of facultative heterochromatin. To control for accuracy of our classification, we
separately barcoded human Ramos B cell line and human Jurkat T cell line using two
independent sets of barcodes. For the two histone marks, we achieved an average coverage of
1,630 uniquely mapped reads per cell (Fig. 1B) and a high correlation across technical and
biological replicates (fig. S7D-E, r = 0.96 and 0.98 with p < 10-15 respectively). For both
single-cell chromatin profiling, we identified by consensus clustering two stable clusters
corresponding to each cell line (Fig. 1C and fig. S7F), with a specificity over 99.3% and
99.0% respectively for H3K4me3 and H3K27me3 profiles as attested by the cell-type
specific barcodes. Aggregated single-cell profiles recapitulated the bulk ChIP-seq profiles
with high accuracy (Fig. 1D-E, r = 0.93 and 0.97 with p < 10-15 for H3K4me3 and
H3K27me3 respectively). Through differential analysis of H3K4me3 and H3K27me3
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chromatin traits between Ramos and Jurkat cells, we identified concordant lineage-specific
sets of genes as being enriched for H3K4me3 or H3K27me3 (fig. S7G-H). Altogether these
results confirm our scChIP-seq procedure as a robust method to detect chromatin landscapes
at the single-cell level, to classify single cells with a high accuracy according to their
chromatin state and to identify discriminating chromatin traits between cell populations.

Fig. 1. Reconstructing cell type specific chromatin states from single-cell ChIP-seq
profiles. (A) Overview of the microfluidic single-cell ChIP-seq workflow. Cells are
compartmentalized in 45 pl droplets, lysed and their chromatin is fragmented by MNase.
Hydrogel beads carrying single-cell barcodes are loaded in 100 pl droplets and electro
coalesced one-to-one with droplets containing the digested chromatin. Droplet content is
scanned after fusion to precisely measure the number of captured cells. Barcoded DNA
adaptors are released by photo-cleavage and ligated to the nucleosomes in droplets. (B - E)
Unsupervised analysis of H3K4me3 and H3K27me3 scChIP-seq data from human B and T
lymphocytes separately indexed in droplets using single-cell cell-type specific barcodes. (B)
Histograms of the distribution of uniquely mapped reads per cell, average coverage is
indicated with a dotted line. (C) t-SNE plots representing H3K4me3 and H3K27me3 scChIPseq data sets, points are colored according to cell type specific barcode sequence. (D)
Snapshots of differentially enriched loci (fig. S7) with cumulative single-cell profiles for each
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cell type and bulk profiles. Differentially bound regions identified by Wilcoxon signed-rank
test are indicated in grey with the corresponding adjusted p-value and log2 fold change. (E)
Scatter plots displaying log2 enrichments in cumulative single-cell versus bulk ChIP-seq
data, calculated based on the count per million of mapped reads in 5 kb genomic bins for
H3K4me3 and 50 kb for H3K27me3. Pearson correlation scores and p-values are computed
genome-wide.

We then applied our scChIP-seq procedure to interrogate the heterogeneity of chromatin
traits within breast tumor models of acquired resistance to cancer therapy. We profiled the
H3K27me3 landscape at single-cell resolution of two pairs of patient-derived xenografts
(PDX). In parallel, we also performed scRNA-seq to evaluate transcriptional heterogeneity
within the same cell populations. We first studied a pair of triple-negative PDX samples (Fig.
2A): HBCx-95, responsive to Capecitabine treatment (22), and HBCx-95-CapaR, a tumor
derivative with ex vivo acquired resistance to Capecitabine (fig. S8A).
We started by studying the diversity of chromatin traits within stromal cells originating from
HBCx-95 and HBCx-95-CapaR, by isolating mouse sequences from both datasets (n = 1,766
cells with >1000 unique chromatin traits, average coverage of 3,535 reads per cell).
Cumulative single-cell chromatin profiles matched bulk ChIP-seq profiles (fig. S8C, r = 0.89
with p < 10-15), with a smaller amplitude of signal (fig. S8D, fold-change of 1.89). By
unsupervised analysis, we could group cells independently of coverage starting 1,600 unique
reads per cell (fig. S9A-E), threshold which was kept for all subsequent analysis (see
Material & Methods). Consensus clustering approaches (fig. S9F-G) showed that stromal
cells stably grouped in three ‘chromatin-based’ populations according to H3K27me3
chromatin profiling, Chrom_c1, c2 and c3, irrespectively of the PDX sample of origin (Fig.
2B). By comparing chromatin traits between groups of cells (fig. S10A), we identified loci
with specific H3K27me3 enrichment and absence for Chrom_c2 and c3 populations (n =
2,933 and n = 2,550 respectively with q-value < 0.01 and |log2FC| > 1), and to a lesser extent
for cluster Chrom_c1 (n = 232).
In parallel scRNA-seq analysis revealed four populations of stromal cells (Fig. 2C and fig.
S11): two groups of cells of fibroblast origin (with specific markers Col12a1 and Efemp1),
endothelial cells (Pecam-1) and macrophage cells (Ms4a7). To further compare the identity
of populations inferred from both approaches, we focused on genes with a transcription start
site located within 1 kb of chromatin traits specific of Chrom_c1, c2 and c3. Relying on
genes with lineage-specific expression pattern, e.g. Ptk2 and Il10ra, scChIP-seq and scRNAGrosselin et al, in preparation
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seq data together indirectly suggested that Chrom_c2 might correspond to cells of fibroblast
lineage and Chrom_c3 to cells of immune origin (Fig. 2D-E and fig. S10B). In addition, we
performed pathway analysis (fig. S10A), which showed that loci devoid of H3K27me3,
specifically in Chrom_c2, were located in the vicinity of genes involved in the epithelial to
mesenchymal transition (q-value = 1.5 × 10-03) or apical junction (q-value = 3.0 × 10-02),
confirming the potential fibroblast origin of cells within this cluster. We could not identify
relevant genes or related pathways associated to the few chromatin traits characteristic of
Chrom_c1, suggesting that this cluster of cells shared chromatin traits with both Chrom_c2
and c3. It indeed appears for example that half of cells from this cluster share with immunelike cells an H3K27me3 enrichment for Ptk2 (Fig. 2D).

Fig. 2. Single-cell ChIP-seq profiling of mouse stromal cells reveals cell identities from
H3K27me3 chromatin traits. (A) Cells from sensitive and Capecitabine-resistant breast
cancer patient-derived xenografts were processed in parallel to profile H3K27me3 chromatin
and transcriptional features at single-cell resolution. (B) t-SNE representation of scChIP-seq
datasets, colored according to tumor of origin (sensitive or resistant, left panel) or consensus
clustering results (fig. S9H). (C) t-SNE representation of scRNA-seq datasets, colored
according to tumor of origin (sensitive or resistant, left panel) or consensus clustering results
(fig. S10B). Marker genes identified by differential expression analysis are indicated for each
subpopulation (fig. S10C). (D-E) Left panels: snapshots of differentially enriched loci for
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Chrom_c3 (Ptk2) and Chrom_c2 (Il10ra) versus others, with cumulative single-cell profiles
for each cell type and cluster. Differentially bound regions identified by Wilcoxon signedrank test are indicated in grey with the corresponding adjusted p-value and log2 fold change,
calculated in respect to Chrom_c2 for both loci. Middle panel: t-SNE representation of
scChIP-seq datasets, points are colored according to H3K27me3 enrichment signals in each
cell for Ptk2 and Il10ra loci. Right panels: t-SNE representation of scRNA-seq datasets,
points are colored according to expression signal for Ptk2 and Il10ra in each cell.

Next, we studied the heterogeneity of chromatin traits among tumor cells from the pair of
triple-negative PDX samples. We removed from our analysis loci affected by copy-number
variations, as identified from bulk DNA profiles, to focus on potential chromatin-related
variations between cells (fig. S12A). Regarding their chromatin and transcriptomic profiles,
cells grouped according to their tumor of origin, sensitive or resistant counterpart (Fig. 3A-C
and fig. S12B-C), suggesting that the epigenome and transcriptome of resistant cells might
have been reprogrammed following exposure to Capecitabine. We could identify distinct
chromatin sub-clones within resistant cells (Fig. 3A), suggesting that heterogeneous
populations of resistant cells, with distinct chromatin features, might have emerged.
Interestingly, consensus clustering (Fig. 3D) shows that 13 cells from the untreated tumor
robustly classify with resistant cells of Chrom_c2, suggesting they might share chromatin
traits with these cells. When comparing chromatin traits between Chrom_c2 and Chrom_c1,
we identified 2,352 depleted loci, among which IGF2BP3 (q-value = 1.1 × 10-20), a gene
known to promote resistance to chemotherapy (23) (Fig. 3E-G). A fraction of loci with a loss
of H3K27me3 enrichment by HBCx-95-CapaR were not associated to a detection of RNA
within the locus (COL4A1, HOXD cluster, fig. S12D), either due to the absence of
transcription activation or the sensitivity of the scRNA-seq procedure.
If no cells from untreated tumor classified with resistant cells according to global
transcriptome features, a subgroup of cells from cluster RNA_c1 (Fig. 3A) show a distinct
correlative pattern with resistant cells. Altogether, cells within the untreated tumor display
non-genetic traits similar to these of all resistant cells.
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Fig. 3. Single-cell ChIP-seq distinguishes between sensitive and drug-resistance specific
H3K27me3 chromatin states. (A) Hierarchical clustering and corresponding heatmap of cell
to cell Pearson correlation scores. Sample of origin is indicated in green for HBCx-95 and
pink for HBCx-95-CapaR, unique read count is indicated above heatmap. (B-C) t-SNE
representation of scChIP-seq and scRNA-seq datasets, cells colored according to sample of
origin and identified cluster (fig. S12C). (D) Consensus score of membership to identified
clusters, in respect to Chrom_c2. A score of 1 corresponds to a cell as highly representative
of Chrom_c2 cluster. (E) Volcano plot representing adjusted p-values (Wilcoxon rank’s test)
versus fold-changes for differential analysis comparing chromatin traits between Chrom_c2
and c1 (thresholds of 0.01 for q-value and 1 for |log2FC|). (F - G) Left panels: aggregated
H3K27me3 chromatin profiles for each cluster are shown for two top significant loci depleted
and enriched in Chrom_c2 (IGF2BP3 [q-value = 1.1 × 10-20] and TFAP2B [q-value = 1.7 ×
10-04]). Right panels: t-SNE plots representing scRNA-seq datasets, points are colored
according to cell expression signal for IGF2BP3 and TFAP2B.

In addition, we profiled a pair of luminal ER+ breast PDX: HBCx-22, responsive to
Tamoxifen and HBCx-22-TamR, a tumor derivative with acquired resistance to Tamoxifen
(24) (n = 822 tumor cells with >1000 unique chromatin traits, average coverage of 10,228
reads per cell). Tumor cells display two major chromatin profiles related to their tumor of
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origin, yet 16% (n = 41 out of 255) of cells within sensitive tumor share chromatin traits of
all resistant cells (Fig. 4A-D and fig. S13). Differential analysis revealed a massive
reshuffling of chromatin states in resistant-like (Chrom_c2) cells versus sensitive-like
(Chrom_c1) cells (Fig.4E, n = 408 loci with q-value < 0.01 and |log2FC| > 1), in agreement
with previous reports of chromatin plasticity induced by endocrine therapies (5, 25). One of
the top significant chromatin trait lost by resistant-like cells overlaps EGFR (q-value = 6.6 ×
10-05), a gene known to be implicated in resistance to Tamoxifen (26). We observed that
EGFR is expressed in resistant cells versus sensitive ones, but also within in a transcriptional
sub-clone of HBCx-22 (RNA_c6, q-value = 1.1 × 10-05, Fig. 4C,G-H), suggesting that
chromatin and transcriptional traits common to all resistant cells are already found in the
sensitive tumor, and could have been selected for by Tamoxifen treatment.

Fig. 4. Single-cell ChIP-seq reveals, within sensitive tumor, a rare population sharing
H3K27me3 chromatin traits with resistant cells. (A) Hierarchical clustering and
corresponding heatmap of cell to cell Pearson correlation scores. Sample of origin is
indicated in green for HBCx-22 and pink for HBCx-22-TamR, unique read count is indicated
above heatmap. (B - C) t-SNE representation of scChIP-seq and scRNA-seq datasets, cells
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colored according to sample of origin and identified cluster (fig. S13D). (D) Consensus score
of membership to identified clusters, in respect to Chrom_c2. A score of 1 corresponds to a
cell as highly representative of Chrom_c2 cluster. (E) Volcano plot representing adjusted pvalues (Wilcoxon rank’s test) versus fold-changes for differential analysis comparing
chromatin traits between Chrom_c2 and c1 (thresholds of 0.01 for q-value and 1 for
|log2FC|). (F) Snapshots for EGFR locus of aggregated H3K27me3 chromatin profiles for
each cluster. For each window, log2 fold-change and adjusted p-value are indicated. (G) tSNE plots representing scRNA-seq datasets, points are colored according to cell expression
signal for EGFR. (H) Barplot displaying the average log2 fold-change in EGFR expression
level for cells in each cluster versus all remaining cells. The percentage of cells, within each
cluster, with detectable EGFR expression is indicated above barplot. Sample of origin (green
for HBCx-22 and pink for HBCx-22-TamR) is indicated below.

Profiling a chromatin mark at the single-cell level with high coverage was instrumental to
reveal the presence of ‘epigenetic’ clones within complex tumor samples. scChIP-seq
represents a unique opportunity to grasp the selection process of chromatin traits and
potential epigenetic plasticity (27) during tumor evolution. Our parallel study of H3K27me3
layout and transcription points out that ‘epigenetic’ sub-clones, defined by common
H3K27me3 genomic distribution, dot not necessarily fully match ‘transcriptional’ sub-clones.
Loss of such repressive chromatin traits is changing the chromatin to a permissive state,
where transcription can happen, and could in this line correspond to a priming event. In the
future, combining RNA to chromatin profiling will be decisive to dismantle chromatin from
transcriptional plasticity not only in tumors but also during normal differentiation.
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Fig. S1. Overview of the single-cell ChIP-seq procedure. (A) The single-cell ChIP-seq
procedure is divided into 3 workflows including a droplet-microfluidic workflow, a ChIP-seq
workflow and an analytical workflow. Key steps of each workflow are indicated in the black
boxes. (B) Single-cell ChIP-seq timeline. The entire process from the cell harvesting to the
NGS takes 5 days.
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Fig. S2. Design of microfluidic devices. (A) Device used to compartmentalize cells in 45 pl
droplets. (B) Device used to produce 9 pl droplets to make hydrogel beads. (C) Device used
for compartmentalization of hydrogel beads in 100 pl droplets. (D) Device used to merge
nucleosome-containing droplets with hydrogel barcoded bead-containing droplets. Potential
and ground electrodes are indicated with the ‘+’ and the ‘-’ marks, respectively. Scale bars are
2 mm.
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Fig. S3. Barcoded beads production and quality control. (A) Beads were produced in a 2inlets microfluidic device by dispersing a mixture comprising PolyEthylene Glycol DiAcrydrite (PEG-DA), Streptavidin Acrylamide and the photo-initiator. Flow rates were
adjusted to produce 9 pl droplets, immediately exposed to UV light for polymerization of the
hydrogel network (see Material and Methods). Scale bar is 25 µm (B) Split-and-pool synthesis
principle. (C) Barcodes were synthesized by successive ligation of double-stranded indexes
containing 5’ overhang of 4 base pairs by three rounds of split-and-pool synthesis using 96
Index 1, 96 Index 2 and 96 Index 3. Barcodes were flanked at one end by common sequences
comprising ½ Pac1 restriction site, the T7 promoter and the Illumina Read #2 sequencing
primer, which were bound to the beads via a photocleavable linker (PC-linker). A 3’ C3-spacer
was added to the 3’end of the photocleaved site for directed ligation to the other end of the
barcode comprising a second common sequence with ½ Pac1 restriction site ligated to the index
3. (D) Barcodes that failed in one of the three split-pool rounds were completed with a “block”
oligonucleotide comprising a 5’ C3-spacer and a 3’ Inverted ddT to prevent ligation. (E)
Single-bead sequencing results showing the fraction of the first two most abundant barcodes
of 16 beads. In average, 97.7% of the barcodes corresponded to the same sequence and the
second most abundant barcode represented 0.17% of all sequences.
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Fig. S4. Live monitoring of cells and barcoded hydrogel beads co-encapsulation in droplet
microfluidic system. Droplets were scanned after fusion as they crossed a laser beam and their
fluorescence intensity analyzed in real time. Sulforhodamine B (orange fluorescent dye) was
used as common marker (drop-code) and Dye-405 was used as marker of the nucleosomecontaining droplets (drop-code cell). Cells and beads were labeled with calcein AM cellpermeant dye (green fluorescence) and biotin-Cy5 (red fluorescence) respectively. (A) Time
traces of 5 droplets showing all possible fusion events. Droplets #4 contained both one cell
plus one bead, resulting in nucleosomes barcoding. (B) Scatter plot showing cell fluorescence
intensity (green) versus bead fluorescence intensity (red) in each droplet allows precise
counting of the number of cells co-encapsulated with a barcoded bead. Droplets from panel
(A) are indicated as examples of the different droplet populations.
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Fig. S5. Sequencing library preparation. (A) Enriched barcoded nucleosomes were linearly
amplified in in-vitro transcription reaction. The amplified RNA were reverse transcribed into
cDNA by random priming, appending the reverse complement of Illumina Read #1 sequencing
primer. cDNA were amplified by PCR, appending the Illumina P7 and P5 sequences. (B)
Schematic of the final sequencing product with size in bp of each element” constituting the
sequence. (C) Electropherogram showing the size distribution of the final sequencing library.
The smear ranging from 300 bp to 700 bp and corresponds to barcoded nucleosomes (profile
obtained by Tapestation). (D) Single-cell ChIP-seq libraries were sequenced as follows: 50 bp
were assigned to read the nucléosomal sequence and 100 bp were assigned to read the barcode.

Grosselin et al, in preparation
Supplementary figures
CONFIDENTIAL

6

Fig. S6. Specie mixing experiment reveals specific mapping and single-cell resolution. (A)
Scatter plot of number of reads per barcode aligning to the mouse versus human reference
genome showing that 96.5% of the barcodes are specific to one specie (at least 95% of the
reads mapping to one of the two specie). (B) Barplot showing the number of barcodes identified
for each specie in comparison with the expected number of cells counted on the microfluidic
station (3,000 in total from a mixture comprising 1/3 mouse cells and 2/3 of human cells).

Grosselin et al, in preparation
Supplementary figures
CONFIDENTIAL

7

Fig. S7. Quality controls of single-cell ChIP-seq data. (A) Histograms of the distribution of
scChIP-seq raw sequencing reads per cell in H3K4me3 and H3K27me3 single-cell ChIP-seq
datasets. A threshold of 500 reads (dotted line) was applied to eliminate low read count
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barcodes. (B) Scatter plot showing the number of raw reads aligned on B-cell specific barcode
set versus T-cell specific barcode set. (C) Barplot showing the total number of cells and the
number of cells co-encapsulated with a barcoded hydrogel bead detected by fluorescence on
the microfluidic station in H3K4me3 and H3K27me3 single-cell ChIP-seq experiments.
Analysis of sequencing data showed a number of identified barcodes closely related to the
number of droplets containing both a cell and a bead counted on the microfluidic station,
suggesting high overall efficacy of the system. (D) Technical replicates corresponded to three
independent fractions of the same emulsion collected and processed in parallel. Correlation
between replicates is calculated based on the cumulative count per million reads in 5 kb
genomic bins across single-cells. Pearson correlation scores and p-values are computed
genome-wide. (E) Biological replicates corresponded to two emulsions collected from
different cell culture flasks and processed with different batches of barcoded hydrogel beads.
Correlation between replicates is calculated based on the cumulative count per million reads in
50 kb genomic bins across single-cells. Pearson correlation score and p-value are computed
genome-wide. (F) Hierarchical clustering and corresponding heatmap of cell to cell consensus
clustering score for H3K4me3 (top panel) and H3K27me3 (bottom panel) scChIP-seq datasets.
Consensus score ranges from 0 (white: never clustered together) to 1 (dark blue: always
clustered together). Cluster membership is color coded and indicated between the heatmap and
the dendrogram. (G) Volcano plot representing adjusted p-values (Wilcoxon rank’s test) versus
fold-changes for differential analysis comparing chromatin traits between B-cells and T-cells
(thresholds of 0.01 for q-value and 1 for |log2FC|) for H3K4me3 (top panel) and H3K27me3
(bottom panel) scChIP-seq datasets. (H) Barplot displaying the log10 of adjusted p-values from
pathway analysis in relation to B-cells in H3K4me3 scChIP-seq dataset. Most significant gene
sets are indicated below the barplot.
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Fig. S8. Breast tumor model of acquired resistance to Capecitabine. (A) PDX mice
responsive to Capecitabine (HBCx-95) were treated continuously for 50 days. Tumor relapses
were treatment again with Capecitabine and mice that failed to respond were selected for the
study (HBCx-95-CapaR). (B) Histograms of the distribution of scChIP-seq raw sequencing
reads per cell in untreated HBCx-95 and Capecitabine-resistant HBCx-95-CapaR PDX. A
threshold of 1,000 reads (dotted line) was applied to eliminate low read count barcodes. (C)
Scatter plot displaying the log2 enrichments in cumulative single-cell versus bulk H3K27me3
ChIP-seq data, calculated based on the count per million of mapped reads in 50 kb genomic
bins. Pearson correlation score and p-value are computed genome-wide. (D) Distribution of the
log2 enrichments in 50 kb genomic bins for cumulative single-cell and bulk H3K27me3 ChIPseq data.
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Fig. S9. Reliable identification of subpopulation is directly related to single-cell coverage.
(A) PCA plots with varying minimum number of unique mapped reads per cell showing that
PCA were mainly driven by cell coverage up to 1,600 reads per cell. (B - D) Correlation matrix
of 949 mouse stromal cells with a minimum coverage of 1,600 unique mapped reads and based
on their H3K27me3 profiles. Correlation-based clustering and the distribution of intra-cluster
correlation score revealed a population of non-correlated cells (light grey cluster). These cells
were characterized with lower cell coverage compared to other clusters. (B) Hierarchical
clustering and corresponding heatmap of cell to cell Pearson correlation scores. Cluster
membership from hierarchical clustering, sample of origin (green for HBCx-95 and pink for
HBCx-95-CapaR) and unique read count are indicated above heatmap. (C) Distribution of the
intra-cluster correlation scores for each cluster identified by hierarchical clustering. (D)
Distribution of the number of reads per cluster identified by hierarchical clustering. (E) t-SNE
plots representing scChIP-seq datasets, points are colored according to cell coverage and
cluster membership. Non-correlated cells (light grey) are uniformly distributed within all stable
clusters and removed for analysis. (F) Left: mean of all pairwise correlation score between
cluster’s members is plotted for k clusters ranging from 2 to 10. Right: mean intra-cluster
correlation score for k clusters ranging from 2 to 10. At k = 3 clusters, the intra-cluster
correlation is maximized. (G) Hierarchical clustering and corresponding heatmap of cell to cell
consensus clustering score for scChIP-seq stromal cells. Consensus score ranges from 0 (white:
never clustered together) to 1 (dark blue: always clustered together). Cluster membership is
color coded above heatmap.
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Fig. S10. Supervised analysis of single-cell ChIP-seq H3K27me3 profiles of mouse stromal
cells. (A) Left: differentially bound regions identified by Wilcoxon signed-rank test. Genomic
regions were considered enriched (red) or depleted (green) if the adjusted p-values were lower
than 0.01 and the fold change greater than 2. Right: barplot displaying the log10 of adjusted pvalues from pathway analysis in relation to Chrom_c2. (B - C) Left panels: snapshots of
differentially enriched loci for Chrom_c3 (Bacr1) and Chrom_c2 (Nrros) versus others, with
cumulative single-cell profiles for each cell type and cluster. Differentially bound regions
identified by Wilcoxon signed-rank test are indicated in grey with the corresponding adjusted
p-value and log2 fold change, calculated in respect to Chrom_c2 for both loci. Middle panel:
t-SNE representation of scChIP-seq datasets, points are colored according to H3K27me3
enrichment signals in each cell for Bcar1 and Nrros loci. Right panels: t-SNE representation
of scRNA-seq datasets, points are colored according to expression signal for Bcar1 and Nrros
in each cell.

Grosselin et al, in preparation
Supplementary figures
CONFIDENTIAL

13

Fig. S11. Supervised analysis of single-cell RNA-seq of mouse stromal cells. (A)
Hierarchical clustering and corresponding heatmap of cell to cell Pearson correlation scores.
Cluster membership from consensus clustering, sample of origin (green for HBCx-95 and pink
for HBCx-95-CapaR) and unique read count are indicated above heatmap. (B) Hierarchical
clustering and corresponding heatmap of cell to cell consensus clustering score for scRNA-seq
stromal cells. Consensus score ranges from 0 (white: never clustered together) to 1 (dark blue:
always clustered together). Cluster membership is color coded above heatmap. (C) t-SNE plots
showing expression signal of marker genes for each cell types identified by differential gene
expression analysis.
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Fig. S12. Clustering of single-cell ChIP-seq profiles of human tumor cells (HBCx-95 and
HBCx-95-CapaR PDXs). (A) Left: Copy number in 0.5 Mb non-overlapping regions plotted
for bulk DNA profiles of Capecitabine-resistant PDX (HBCx-95-CapaR) versus untreated
PDX (HBCx-95). Right: snapshots of loci affected by copy number variation for bulk DNA
profiles of Capecitabine-resistance PDX and untreated PDX indicated in grey. (B) Left: mean
Grosselin et al, in preparation
Supplementary figures
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of all pairwise correlation score between cluster’s members is plotted for k clusters ranging
from 2 to 10. Right: mean intra-cluster correlation score for k clusters ranging from 2 to 10. At
k = 2 clusters, the intra-cluster correlation is maximized. (C) Hierarchical clustering and
corresponding heatmap of cell to cell consensus clustering score for scChIP-seq and scRNAseq tumor cells (HBCx-95 and HBCx-95-CapaR PDXs). Consensus score ranges from 0
(white: never clustered together) to 1 (dark blue: always clustered together). Cluster
membership is color coded above heatmap. (D) Aggregated H3K27me3 chromatin profiles for
Chrom_c1 and Chrom_c2 are shown for top significant loci identified by differential analysis.
For each window indicated in grey, log2 fold-change and adjusted p-value are indicated.
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Fig. S13. Clustering of single-cell ChIP-seq profiles of human tumor cells (HBCx-22 and
HBCx-22-TamR PDXs). (A) Histograms of the distribution of scChIP-seq raw sequencing
reads per cell in untreated HBCx-22 and Tamoxifen-resistant HBCx-22-TamR PDX. A
threshold of 1,000 reads (dotted line) was applied to eliminate low read count barcodes. (B)
Copy number in 0.5 Mb non-overlapping regions plotted for bulk DNA profiles of Tamoxifenresistant PDX (HBCx-22-TamR) versus untreated PDX (HBCx-22). No aberrant variation in
copy number were identified in this xenograft model. (C) Left: mean of all pairwise correlation
score between cluster’s members is plotted for k clusters ranging from 2 to 10. Right: mean
intra-cluster correlation score for k clusters ranging from 2 to 10. At k = 2 clusters, the intracluster correlation is maximized. (D) Hierarchical clustering and corresponding heatmap of
cell to cell consensus clustering score for scChIP-seq and scRNA-seq tumor cells (HBCx-22
and HBCx-22-TamR PDXs). Consensus score ranges from 0 (white: never clustered together)
to 1 (dark blue: always clustered together). Cluster membership is color coded above heatmap.

Grosselin et al, in preparation
Supplementary figures
CONFIDENTIAL

17

Table. S1. Oligonucleotide sequences used for single-cell DNA barcode synthesis on
hydrogel beads and sequencing library preparation.
Single-cell DNA barcode synthesis
SEQ1 top
/5PCBio/TTAAGAATTTAATACGACTCACTATAGGGAGAGTGA
CTGGAGTTCAGACGTGTGCTCTTCCGATCT
bottom
5P/CGAAAGATCGGAAGAGCACACGTCTGAACTCCAGTCACTC
TCCCTATAGTGAGTCGTATTAAATTCTTAA/C3Spacer
SEQ2 top
/5Phos/CAACGTGATTGCTTGTGACTTAA
bottom
/5Phos/TTAAGTCACAAGCAATCAC
SEQ3 Top
/5Phos/-linker-GATACCGTCGAC/3C6/
bottom
/5InvddT/GTCGACGGTATC
Sequencing library preparation
SEQ4 RT primer
TACACGACGCTCTTCCGATCTNNNNNN
SEQ5 forward PCR AATGATACGGCGACCACCGAGATCTACACTCTTTCCCTACAC
primer
GACGCTCTTCCGATCT
reverse PCR CAAGCAGAAGACGGCATACGAGAT-indexprimer
GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT
linker = index linker sequence (TTCG, TGAC or TCCC)
index = Illumina indexed primer
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Discussion

Chromatin modifications play a central role in the regulation of gene expression
and cell-type specific functions. Genome-wide mapping of histone modification
patterns have already revealed altered chromatin states in tumor cells through
which therapeutic resistance might emerge. However, comprehensive profiling of
histone modifications in the context of normal and disease cell states is hampered
by heterogeneity in chromatin states. Current profiling methods only yield averaged ”snapshots” of the distribution of histone marks, principally driven by the
dominant cell type. Studying the heterogeneity of chromatin alterations at the
single-cell level is mandatory to understand their contribution to the tumor evolution. Such measurements at single-cell resolution have the potential to assess
multiple facets of cancer biology including intratumoral heterogeneity, subpopulation characterisation, response to therapeutic treatment and the emergence of
drug resistance.
Single-cell chromatin profiles recapitulate cell-type specific chromatin states
with high accuracy
The power to identify cell type-specific chromatin states relies on measuring coherent variations between single-cell profiles. A high single-cell coverage is a must-have
in order to reveal rich biological information and distinguish underlying patterns
of variability in complex heterogeneous samples.
During this thesis, we conceived an alternative single-cell ChIP-seq platform to
the previously reported Drop-ChIP method [Rotem 15a]. Although Drop-ChIP
was able to identify distinct subpopulations based on their chromatin profiles, the
low coverage per cell (only hundreds of reads per cell) limits its applicability to
complex and heterogeneous samples (e.g tumor specimens). Our single-cell ChIPseq approach relies on droplet-based microfluidic with live monitoring of droplet
production, which enables chromatin indexing from isolated single-cells in droplets
using DNA barcodes that are unique to a single cell. After indexing, the emulsion
is broken and the content of merged droplets is used for immunoprecipitation of
nucleosomes carrying the post-translational modification of interest. The barcoded
immuno-precipitated DNA is amplified and sequenced using Next Generation Sequencing.
We identified the chromatin indexing in droplets as a critical step of the microfluidic workflow towards the generation of reliable and high coverage single-cell
profiles. Particularly, the fine-tuning of enzymatic activities and the design of the
DNA barcodes are directly related to the ”amount of information” recovered per
cell. First, we showed that chromatin from individual cells is efficiently digested
by microccocal nuclease in droplets to generate mostly DNA fragments of a size
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of a nucleosome. Importantly, MNase activity is in turn synchronized between
droplets, paused and inactivated on-demand to ensure consistency between singlecells. The barcoding strategy is a major weakness of Drop-ChIP, in part due to the
complexity of the microfluidic procedure used to generate them. In our system,
we developed hydrogel beads grafted with ~5◊107 copies of the same and unique
DNA sequence generated by split-pool synthesis. The structure of the barcodes
has been optimized to minimize non-specific ligation events and improve the overall quality of the sequencing libraries. Yet, we anticipate that having more DNA
barcodes in droplets available for chromatin indexing would further increase the
cell coverage. Also, our scChIP-seq technology might benefit from replacing the
hydrogel beads by an alternative barcoding approach which would make the workflow easier to handle and minimize the potential loss of information. For example,
in-situ barcoding in combinatorial cellular indexing method could be adapted to
the scChIP-seq procedure as already reported in single-cell chromatin accessibility
assay [Cusanovich 15] or single-cell transcriptomic profiling from tens of thousands
of cells [Cao 17, Rosenberg 18].
A high specificity and accuracy are essential to distinguish coherent patterns of
variability in complex heterogeneous samples and classify single-cells according to
their distinctive chromatin landscapes. Following this direction, we benchmarked
the system in a serie of proof of concept experiments intented to simultaneously
measure the specificity and accuracy of the procedure.
First, to evaluate the accuracy of the microfluidic workflow to produce chromatin
profiles at the single-cell resolution, we profiled a mixed population of mouse and
human cells. Post sequencing, we confirmed that 96.5% of the identified barcodes
were unambiguously assigned to a single species, indicating minimal cross contamination between droplets and in the amplification steps of the procedure.
Next, we evaluated the specificity of the scChIP-seq procedure to classify singlecells according to their distinctive chromatin landscapes. We separately processed
two human cell lines (B and T-cells) in the droplet-microfluidic workflow using two
sets of single-cell barcodes carrying an additional cell type-specific sequence. We
profiled chromatin modifications associated with active transcription (H3K4me3)
or repressive chromatin state (H3K27me3). For both chromatin marks, an unsupervised clustering approach revealed two well separated clusters which identities
were confirmed by the cell-type specific sequence. In average, >99% of the barcodes belonging to one cluster were originating from the same cell type. Also, aggregated scChIP-seq profiles recapitulated cell-type specific chromatin states with
high accuracy (Pearson correlation score: 0.93 [H3K4me3] and 0.97 [H3K27me3]
with p-value < 10-15 ).
Finally, the scChIP-seq was applied to profile a mixed suspension of two hu-
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man cell lines (B and T-cells). The single-cell profiles obtained unambiguously
clustered into two populations which closely matched with B and T-cell profiles
obtained from conventional bulk ChIP-seq assays, confirming the capability of our
scChIP-seq platform to effectively resolve heterogeneous samples.
In terms of single-cell coverage, our system enables the identification of 104 enriched loci per cell in comparison with hundreds of loci obtained with Drop-ChIP.
This significant 10-fold improvement allows a more accurate profiling of complex
biological samples as well as a higher sensitivity to decompose and detect rare cell
populations. Importantly, the robustness of our system is supported by the close
correlation between the number of droplets containing a cell plus a barcoded bead
counted on the microfluidic station and the number of barcodes identified in the
sequencing data. This indicates a good overall efficacy of the system in which the
introduction of noise and the loss of material are limited. Altogether, these results highlight the performance of the system developed over existing Drop-ChIP
method.
Computational analysis of single-cell ChIP-seq sequencing data is challenging because of the sparse coverage of the single-cell profiles and the binary measurement
of histone modifications within individual cells (the presence or absence of reads
constitutes the only readout of the system). In this thesis, we provide a framework
for bioinformatic analysis of such data, using an unsupervised correlation-based
clustering approach. This approach presents the advantage to ”clean” the datasets
by removing uncorrelated single-cells arising from the stochasticity of the chromatin indexing in droplets. Alternative strategies reported in the literature could
be used to account for sparse coverage. First, analysis could be restricted to a set
of signatures comprising specific genomic regions such as promoters or enhancers
depending on the research question [Farlik 15, Buenrostro 15, Rotem 15a]. The
use of a selected set of regions might improve the clustering of subpopulations
but conversely it might also require preliminary knowledge about the cell types
comprising the input sample. A second easy-to-implement solution consists in
aggregating single-cell profiles sharing similar chromatin signature within identified clusters [Hou 16], at the cost that the single-cell resolution is lost in favour
of an averaged epigenomic information at the level of the cluster. More sophistically, model-based algorithms are also being developed to predict chromatin states
from missing data and provide a way around incomplete single-cell information
[Ernst 15]. For example, Angermueller et al used a deep learning computational
approach to identify known and de novo DNA methylation sites from sparse human and mouse single-cell methylation profiles [Angermueller 17]. Nonetheless,
we anticipate that more adapted tools will be developed as single-cell epigenomic
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technologies in general become popular.
Attractiveness of a new technology depends on its performance but also on
the diversity of potential applications. Chromatin profiling is a versatile mean
for mapping histone modifications but also DNA binding proteins (e.g transcription factors) and systematically characterize regulatory elements of the genome
[Ernst 11]. In conventional chromatin profiling procedure, DNA and proteins are
first crosslinked before fragmentation and an antibody is used to specifically enriched genomic regions where the proteins of interest are bound. Following this
direction, we demonstrated that the MNase digestion of crosslinked chromatin in
droplets is efficient and mostly yielded mono-nucleosomes under optimized conditions (data not shown in this manuscript). Unfortunately, single-cell profiles
obtained from fixed human B-cell and T-cell lines were low coverage (from only
tens to hundreds enriched loci detected per cell) suggesting low efficacy of chromatin barcoding in droplets as compared to previously reported indexing of fixed
chromatin in bulk [Lara-Astiaso 14]. Alternatively, cells might also be replaced
by extracted nuclei for single-nucleus chromatin profiling. The use of nuclei is
of interest as soon as single-cell suspensions are difficult to obtain (for example
in brain studies as reported in single-nucleus RNA-seq [Habib 17]) or from clinical samples that can’t be readily dissociated. Preliminary data from frozen fixed
nuclei showed efficient chromatin digestion but similarly to fixed cells, further optimizations would be necessary for effective barcoding in droplets (data not shown
in this manuscript).
Altogether, these results obtained in the proof of concept study confirm our
scChIP-seq procedure as a robust method to profile chromatin landscape at the
single-cell level, to classify single-cells with a high accuracy and to identify specific
chromatin features between cell populations. Also, the encouraging preliminary
data obtained from fixed samples and extracted nuclei suggest that our scChIP-seq
procedure is versatile, which offers exciting opportunities for epigenomic studies
at single-cell resolution.
Single-cell ChIP-seq identified rare populations of cells in untreated,
drug-sensitive tumors with chromatin features that match those of all
resistant cells after treatment
Investigating the dynamic evolution of chromatin modifications in response to therapeutic treatment is mandatory to understand the potential emergence of drug resistance and therapeutic failure. Using patient-derived xenograft models of breast
cancer, we investigated the heterogeneity of chromatin modifications in the context
of acquired resistance to cancer therapy. We applied our scChIP-seq procedure to
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profile a pair of PDX samples, one responsive to Tamoxifen and a second one with
acquired resistance to Tamoxifen [Cottu 12, Cottu 14]. We identified a rare population of cells in the untreated, drug-sensitive tumor with a H3K27me3 landscape
comparable to that of resistant cells after treatment, which might drive therapeutic resistance. Resistant-like cells are characterized by a loss of H3K27me3
enrichment in EGFR loci, a gene known to be involved in Tamoxifen resistance
[Massarweh 08, Chung 17]. We observed by single-cell RNA-seq that EGFR is
expressed in resistant cells, consistently with loss of H3K27me3 enrichment, but
also in a transcriptional sub-clone within the sensitive tumor, suggesting that both
chromatin and transcriptional features common to resistant cells are already found
in the sensitive tumor. Interestingly, these resistant-like cells were not immediately
detected by scRNA-seq. These findings reflect previous single-cell chromatin profiling studies suggesting that chromatin states could more precisely define cell
identity and disease evolution than transcriptomic profiles obtained by single-cell
RNA-seq [Rotem 15a, Corces 16].
To further complement our study, we profiled H3K27me3 enrichment of a second
pair of PDX samples, one responsive to Capecitabine [Marangoni 07] and a second
one with acquired resistance to Capecitabine. Resistant-like cells are also present,
to a lesser extent, in the drug-sensitive tumor suggesting again the emergence of
therapeutic resistance from pre-existing ”epigenetic” sub-clones that expand upon
treatment.
In addition, analysis and clustering of single-cell chromatin profiles of stromal
mouse cells revealed subpopulations of fibroblast-like cells and immune-like cells
consistent with previously reported ”contaminant” cell types surrounding tumors
in PDX models [Derose 11, Whittle 15]. Even if the interest in profiling mouse
stromal cells from PDX mice is limited, the identification of distinct subpopulations strengthens the capability of our scChIP-seq system to decompose complex
and heterogeneous samples. It also opens new avenues to interrogate the chromatin states of primary tumor ”ecosystem” including malignant cells and tumor
microenvironnement [Tirosh 16, Puram 17]. For example, a recent single-cell transcriptomic profiling of stromal cells in the lung tumor microenvironment revealed
novel cell subtypes and highlighted transcription factors underlying distinct gene
expression programs [Lambrechts 18]. Applying our single-cell ChIP-seq procedure
would provide additional distinctive chromatin features which might complement
transcriptomic characterisation of subpopulations and provide valuable information in the design of adapted therapy.
Fundamentally, our single-cell ChIP-seq system could be leveraged in combina-

CONFIDENTIAL

137

tion with single-cell RNA-seq to establish connections between the epigenetic and
the transcriptomic heterogeneity at single-cell resolution. Also, the dynamic of
epigenetic modifications and the regulation of transcription remains largely uncharted and can be seen as analogous to the ”chicken & egg” paradigm. What’s
coming first? Following this direction, our parallel study of H3K27me3 chromatin
landscape and gene expression revealed that ”epigenetic sub-clones” don’t necessarily match with sub-clones identified on the basis of their transcriptomic profiles.
Loss of H3K27me3 enrichment modifies the chromatin structure to a permissive
state, where transcription can happen. To fully investigate this correlation, simultaneaous single-cell profiling of transcriptomic and chromatin states from the
same cell is necessary. It seems reasonable to envision in a near future the technical feasibility of such study as the combination of certain single-cell sequencing
techniques have already been reported in the literature. For example, the parallel
sequencing of single-cell genome and transcriptome [Macaulay 15], methylome and
transcriptome [Angermueller 16], or a combination of the three [Hou 16], open new
avenues to simultaneously explore multi -omics layer at single-cell resolution (for
review [Kelsey 17, Macaulay 17, Colomé-Tatché 18]).
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Appendix

Appendix A

Material & Methods related to
[Grosselin et al, in preparation]
Appendix A is dedicated to the material and methods related to [Grosselin et al,
in preparation]. Figures referenced in this Appendix are available in Chapter 5,
section 5.2 on page 97.
The overall workflow of the single-cell ChIP-seq procedure is shown in fig. S1.
Cell lines
Jurkat cells (ATCC, T18-125), an immortalized line of human T lymphocytes
and Ramos cells (ATCC, CRL-1596), an immortalized line of human B lymphocytes, were grown in RPMI medium (Gibco, LifeTechnologies) supplemented with
10% heat inactivated bovine serum and 1% Pen/Strep (ThermoFisher Scientific).
Mouse M300.19 parental cells (generous gift from B. Moser), an immortalized line
of mouse pre-B lymphocytes, were grown in RPMI 1640 medium supplemented
with 10% fetal calf serum, 1% Pen/Strep, 1% glutamine and 5◊10-5 M —-MeEtOH.
Patient-derived xenografts.
Patient-derived xenografts of luminal breast cancer (HBCx-95 and HBCx-22) were
established and treated as previously described [Cottu 14, Marangoni 18] to generate xenografts with acquired resistance to Capecitabine (HBCx-95-CapaR) and
Tamoxifen (HBCx-22-TamR).
Microfluidic chips.
Four microfluidic chips were used: i) to compartmentalize single cells with lysis
reagents and MNase in droplets; ii) to produce hydrogel beads; iii) to compartmentalize single hydrogel beads in droplets, and iv) for one-to-one fusion of droplets
containing digested nucleosomes (from single lysed cells) with droplets containing
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single hydrogel beads (fig. S2). All chips were fabricated using soft-photolithography
in poly-dimethylsiloxane [Duffy 98] (PDMS, Sylgard) as described [Mazutis 13].
Masters were made using one layer of SU-8 photoresist (MicroChem). List depth
of the photoresist layer for device i was 40.8 ± 1 µm, for device ii was 30 ± 1 µm
and for device iii was 34 ± 1 µm. For device iv, layer depth was 45 ± 1 µm and electrodes were prepared by melting a 51In 32.5Bi 16.5Sn alloy (Indium Corporation of
America) into the electrode channels [Siegel 07]. Microfluidic devices were treated
the day of the experiment with 1% v/v 1H,1H,2H,2H-perfluorodecyltrichlorosilane
(ABCR) in Novec HFE7100 fluorinated oil (3M) to prevent droplets wetting the
channel walls.
Microfluidic operations.
Droplet formation, fusion and fluorescence analysis was performed on a dedicated
droplet microfluidic station, similar to [Mazutis 13]. The continuous oil phase
for all droplet microfluidics experiments was Novec HFE7500 fluorinated oil (3M)
containing 2% w/w 008-FluoroSurfactant (RAN Biotechnologies).
scChIP-seq: cell compartmentalization and chromatin digestion.
Cells were centrifuged (300 g, 5 min at 4°C), labeled by 20 min incubation with 1
µM Calcein AM (ThermoFisher Scientific, C3099) and resuspended in cell suspension buffer, comprising DMEM/F12 (LifeTechnologies) supplemented with 30%
Percoll (Sigma), 0.1% Pluronic F68 (LifeTechnologies), 25 mM Hepes pH 7.4 and
50 mM NaCl. Cells were resuspended to give an average number of cells per
droplets of ⁄ = 0.1, resulting in 90.48% of empty droplets, 9.05% of droplets
containing one cell and only 0.46% containing two or more cells due to Poisson
distribution of the cells in droplets [Clausell-Tormos 08]. The cells were co-flowed
in a microfluidic chip (fig. S2) with digestion buffer containing lysis buffer (107.5
mM Tris-HCl pH 7.4, 322.5 mM NaCl, 2.15% Triton Tx-100, 0.215% DOC and
10.75 mM CaCl2 ), 2 µM Sulforhodamine B (Sigma, #S1402-5G), 4 µM DY405
(Dyomics, #405-00), Protease Inhibitor cocktail and 0.2 U/µl MNase enzyme
(ThermoFisher Scientific, EN0181). Droplets were produced by hydrodynamic
flow-focusing [Anna 03] with a nozzle of 25 µm wide, 40 µm deep and 40 µm long.
The flow rates (150 µl/hr for both aqueous phases, 850 µl/hr for the continuous
oil phase) were calibrated to produce 45 pl droplets. The droplets were collected
in a collection tube (1.5 ml Eppendorf tube filled with HFE-7500 fluorinated oil)
and then incubated at 37°C for 20 min.
scChIP-seq: Production of hydrogel beads.
Hydrogel beads carrying barcoded DNA adaptors were produced using a splitand-mix synthesis as described [Klein 15, Zilionis 17], with minor modifications.
Briefly, polyethylene diacrylate (PEG-DA) hydrogel beads containing streptavidin
acrylamide were produced and barcoded primers were added to the beads by split-
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and-pool synthesis using ligation. PEG-DA hydrogel beads were produced using
the microfluidic device indicated in fig. S2. The 9 pl droplets were produced at 4.5
kHz frequency and were exposed at 200 mW/cm2 with a 365 nm UV light source
(OmniCure ac475-365) to trigger gel bead polymerization. Recovered gel beads
were washed 10 times with washing buffer (100 mM Tris pH 7.4, 0.1% v/v Tween
20).
scChIP-seq: DNA barcode synthesis on beads.
PEG-DA beads were incubated for 1h at room temperature with a photo-cleavable
biotinylated dsDNA oligonucleotide (see SEQ1 in Table S1) and then distributed
into 96-wells plate, each well containing a double-stranded DNA with a specific
first index (index 1), for split pool mediated ligation using the T7 DNA ligase
(NEB) according to the manufacturer’s instructions. At each round of split and
pool, the hydrogel beads were pooled, washed as described [Zilionis 17]. Repeating
this splitting and pooling process 3 times in total (adding 3 index) results in 963
combinations, which generates ~8.8◊105 different barcodes. After adding the last
index, the beads were pooled, and a common double-stranded DNA oligo (SEQ2
in Table S1) was ligated to the beads. Each bead carries in average ~5◊107 copies
of a unique barcode (see fig. S3 for quality controls of the single-cell barcodes).
scChIP-seq: compartmentalization of hydrogel beads.
The barcoded hydrogel beads were labeled by 30 min incubation with 10 µM Cy5PEG3 biotin (Bioscience Interchim, FP-1M1220) and washed with washing buffer
(100 mM Tris pH 7.4, 0.1% v/v Tween 20), then suspended in bead mix (62.5
mM EGTA, 2 mM dNTPs, 1 mM ATP, 0.5 µM Sulforhodamine B). Barcoded
hydrogel beads were co-flowed using the microfluidic device indicated in fig. S2,
with ligation mix (2x ligation buffer, 2 mM ATP, 1 µM Sulforhodamine B, 100
mM EGTA, 0.38 U/µl Fast-link DNA ligase) and EndRepair mix (4x ligation
buffer, 4 mM dNTPs, 1 µM Sulforhodamine B, 0.08 U/µl Fast-link DNA ligase,
0.15x ENDit repair mix). The re-injection of the barcoded hydrogel beads in a
close packed ordering [Abate 09b] resulted in 70 ± 5% of the droplets containing
a single bead. The flow rates (150 µl/hr for the beads, 75 µl/hr for both ligation
and EndRepair buffers, 150 µl/hr for the continuous oil phase) were calibrated to
produce 100 pl droplets.
scChIP-seq: Barcode-Cell droplets fusion.
Droplets containing fragmented chromatin and droplets containing barcoded hydrogel beads were re-injected into a microfluidic device with two aqueous inlets and
one oil inlet for droplet fusion (fig. S2). The paired droplets were electro coalesced
[Chabert 05] using an electrical field generated by applying 100V ac (square wave)
at 5 kHz across electrodes embedded in the microfluidic device. 75 ± 5% of the
droplets were correctly paired and fuse.
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scChIP-seq: Nucleosomes Barcoding in droplets.
Fused droplets were collected and exposed to UV for 90 seconds at 200 mW/cm2
with a 365 nm UV light source (OmniCure ac475-365). The ligation was performed
at 16°C overnight. The emulsion was then broken by addition of 1 volume of 80/20
v/v HFE-7500/1H,1H,2H,2H perfluoro-1-octanol (Sigma, 370533). The aqueous
phase containing barcoded-nucleosomes was diluted by addition of 10 volumes of
lysis dilution buffer (50 mM Tris-HCl pH 7.4, 1% Triton Tx-100, 0.1% DOC, 37.5
mM EDTA, 37.5 mM EGTA, 262.5 mM NaCl and 1.25 mM CaCl2 ) and centrifuged
10 min at 10,000 g at 4°C. The soluble aqueous phase was used for the chromatin
immunoprecipitation.
scChIP-seq: Barcoded-nucleosomes immunoprecipitation.
Protein-A magnetic particles (ThermoFisher Scientific, 10001D) were washed in
blocking buffer comprising phosphate buffered saline (PBS) supplemented with
0.5% Tween 20, 0.5% BSA fraction V and incubated 4 hours at 4°C in 1 ml blocking buffer with 2 µg of antibody (anti-H3K4me3 [Millipore, #07-473] and antiH3K27me3 [Cell Signaling Technology, #9733]). After incubation, the particles
were suspended with the barcoded-nucleosomes and incubated at 4°C overnight.
Magnetic particles were washed as described [Rotem 15a] and immediately processed to prepare the sequencing library.
scChIP-seq: Sequencing Library Preparation.
Concatemers of barcodes were digested by Pac1 restriction enzyme (NEB, R0547),
as described by supplier. Immuno-precipitated chromatin was then treated with
RNAse A (ThermoFisher Scientific, EN0531) and with of Proteinase K (ThermoFisher Scientific, EO0491). DNA was eluted from the magnetic particles with 1
volume of elution buffer (1% SDS, 10 mM Tris-HCl pH 8, 600 mM NaCl and 10 mM
EDTA). Eluted DNA was purified with 1x AMPure XP beads (Beckman, A63881)
and eluted with RNAse/DNase free water. Barcoded-nucleosomes were amplified
by in vitro transcription using the T7 MegaScript kit (Ambion, AM1334). The
resulting amplified RNA was purified using 1x RNAClean XP beads (Beckman,
A66514) and reverse transcribed using SEQ4 (Table S1). After RNA digestion,
DNA was amplified by PCR using SEQ5 (Table S1 and fig. S5). The final product
was size-selected by gel electrophoresis.
Sequencing.
Single-cell ChIP-seq libraries were sequenced on Illumina NextSeq 500 MidOutput
150 cycles. Cycles were distributed as follows: 50 bp (Read #1) were assigned for
the genomic sequence and 100 bp (Read #2) were assigned to the barcode. The
4-first cycles of the Read #2 were dark-cycles to prevent low complexity failure
during clusters identification. Bulk ChIP-seq librairies and single-cell RNA-seq
librairies were sequenced on Illumina HiSeq 2500 in Rapid run mode PE100.
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Sequencing data analysis.
Sequencing data were analyzed with custom Python and R scripts.
Single-cell deconvolution.
Barcodes were extracted from Reads #2 by first searching for the constant 4 bp
linkers found between the 20-mer indices of the barcode allowing up to 1 mismatch
in each linker (see fig. S2 for barcode structure). If the correct linkers were
identified, the three interspersed 20-mer indices were extracted and concatenated
together to form a 60 bp non-redundant barcode sequence. A library of all 884,736
combinations of the 3 sets of 96 indices (963 ) was used to map barcode sequences
using the sensitive read mapper Cushaw3 [Liu 14]. Each set of indices is errorcorrecting because it takes more than an edit-distance of 3 to convert one index
into another. We therefore set a total mismatch threshold of 3 across the entire
barcode, with two or less per index to avoid mis-assigning sequences to the wrong
barcode Id. In a second, slower step, sequences that could not be mapped to
the Cushaw3 index-library were split into their individual indices and each index
compared against the set of 96 possible indices, allowing up to 2 mismatches in
each individual index. Any sequences not assigned to a barcode Id by these two
steps were discarded. The distribution of raw reads per barcode were fitted as two
Gaussian distributions and a threshold was set to eliminate background barcodes
with few reads (fig. S7A, fig. S8B and fig. S13A). Reads #1 were aligned to mouse
mm10 and human hg38 reference genomes using bowtie-1.2.2 [Langmead 09] by
keeping only reads having no more than one reportable alignments. For each
barcode, aligned reads were extended to 150 bp and all the reads falling in the
same 150 bp window were stacked into one as reads possibly originating from
PCR duplicates or from the same nucleosome. Barcodes having at least 500 but
no more 10,000 uniquely mapped reads were considered for subsequent analysis
(Fig. 1B).
Unsupervised clustering of H3K4me3 and H3K27me3 single-cell profiles of
B and T-lymphocytes.
Reads for each barcode were binned in non-overlapping 5 kb genomic bins (50 kb
for H3K27me3) spanning the genome to generate a n x m coverage matrix with
n barcodes and m genomic bins. We filtered out the coverage matrix eliminating
genomic regions not represented in at least 1% of all cells. The coverage matrix
was normalized by dividing counts by the total number of reads per barcode and
multiplying by the average number of reads across all barcodes. Filtered matrix
was reduced by principal component analysis and subpopulations were identified
by consensus clustering using the R package ConsensusClusterPlus [Wilkerson 10].
The optimal number of clusters (k) was determined by clustering random selection of 80% of the cells over 1,000 repetitions and k was chosen to maximize
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intra-cluster correlation score and clusters’ stability. Then, clustering results were
visualized in t-SNE plots [Van Der Maaten 08]. To visualize chromatin profiles of
subpopulations, we aggregated reads of single-cells within each cluster and created
enrichment maps using the R package Sushi [Phanstiel 14] (Fig. 1D).
Unsupervised clustering of H3K27me3 single-cell profiles of mouse stromal
and human tumor cells.
Conversely to in-vitro cultured cell lines, PCA of single-cell H3K27me3 profiles of
mouse stromal and human tumor cells were driven by confounding factor such as
cell coverage. By increasing the number of uniquely mapped reads per barcode,
a minimum of 1,600 reads per barcode were necessary to identify subpopulations
independently to the cell coverage (fig. S9A). Then, we computed Pearson pairwise
correlation and highlighted a subpopulation of non-correlated cells. By plotting
the distribution of pairwise Pearson correlation score of the single-cell data and a
random distribution, we set a threshold at 0.38 to eliminate non-correlated cells
from the coverage matrix (fig. S9B-E). The coverage matrix was then processed as
previously described with the optimal number of clusters determined by consensus
clustering (fig. S9F-G).
Differential analysis of single-cell ChIP-seq profiles.
To identify differentially enriched regions across single-cells, we performed a nonparametric Wilcoxon signed-rank test. Genomic regions were considered enriched
or depleted if the adjusted p-values were lower than 0.01 and the fold change
greater than 1.
Correcting tumor copy number profiles.
We used the R package HMMcopy [Lai 16] to correct for copy number variation
in non-treated versus resistant xenograft models. Reads from bulk input ChIP-seq
samples were binned in 0.5 Mb non-overlapping regions spanning the genome (fig.
S12A and fig. S13B).
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Appendix B

Bioinformatic pipeline for single-cell
ChIP-seq data analysis
This Appendix B is dedicated to the introduction of the bioinformatic tools developed during this thesis for the pre-processing of raw sequencing data from singlecell ChIP-seq experiments. Section B.1 provides an overview of the bioinformatic
pipeline as well as the averaged features of sequencing run completion status. Section B.2 details and gives examples of typical results observed at each stage of the
pipeline.

B.1 Introduction to the bioinformatic pipeline
The majority of the programs presented in Fig. B.1 have been developed during
this thesis. The input files of the pipeline are Illumina raw BCL files generated
by the sequencer and the output is a matrix summarizing the number of reads per
genomic region and per cell that is be used in downstream analysis specific to each
experiment.
Quality control of single-cell ChIP-seq sequencing data
Single-cell ChIP-seq samples were sequenced using the NextSeq system (Illumina)
in Paired-End mode, allowing reading from both ends of the molecules.
The structure of sequencing libraries is presented as a reminder in Fig. B.2.
Briefly, each molecule is framed by the Illumina adapters P5 and P7 needed for
pairing on the flow-cell and cluster formation by bridge amplification. Primers
Read #1 and Read #2 initiate sequencing and are assigned to nucleosomal DNA
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Figure B.1: Bioinformatic pipeline for processing of raw scChIP-seq data.

and single-cell barcodes respectively. Also, Read #2 primer can be used optionally
to read a 6 bp Illumina index, which enables multiplexing different samples on the
same sequencing run.
Illumina systems require some diversity during the first read cycles of Read #1
and Read #2 to accurately determine the position of each cluster on the flow-cell.
Too low diversity might negatively impact clusters identification by the detection
system, dropping quality of the data. In order to overcome this problem, Illumina
recommends to artificially increase the diversity and spike-in known molecules from
the PhiX genome virus.
In the context of sequencing single-cell ChIP-seq samples, there is no diversity
at all for the first 4 base pairs of Read #2. Indeed, the latter 4 bp are common
to all molecules as they are used in the synthesis of the single-cell barcodes (see
Chapter 5, see Supplementary Materials). Illumina recommends the addition of
10% to 50% of PhiX on a NextSeq system but we opted for an alternative solution,
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Figure B.2: Decomposition of sequencing libraries.
Sequencing libraries are flanked by the Illumina P5 and P7 adapters
and Read #1 and Read #2 sequencing primers. The Read #1 (50
bp) is associated with the reading of the nucleosomal DNA and the
Read #2 (100 bp) is assigned to the reading of the single-cell barcode
sequences. The first 4 cycles of Read #2 (red stars in the figure) are
masked to avoid reading failure related to low sequence complexity.
which avoid ”losing” up to half of the reads. This solution consists in masking the
first 4 base pairs of the Read #2, in other words, not to read the fluorescence
signals during these 4 cycles1 . The latter alternative solution was preferred as the
data quality was comparable to expected quality in standard NextSeq runs and
only 10% of PhIX was spiked-in.
NextSeq 550 MidOutput 150 cycles V2
Number of reads

190 ± 50 millions

About 130 M reads after passing filter
(Illumina)

Cluster density

250 ± 100 k/mm2

Between 130 and 165 k/mm2 (Illumina)

Passing filter

85% ± 15%

Indicates the ”purity” of the signal by
comparing the fluorescence intensity of the
bases

% > Q30

85% ± 10%

Indicates the base percentage with a score
greater than 30 (less than 1 error per 1000
bases)

Table B.1: Sequencing run metrics.
The table B.1 summarizes the averaged metrics observed over the sequencing
runs performed. In average, 190 ± 50 million reads were obtained per run, which
is significantly higher than the specifications provided by Illumina. This can be
explained by a higher cluster density (250 instead of 150 k/mm2 ). Nonetheless,
1

Masking sequencing cycles requires a ”custom recipe” which modifies the program of the
sequencer (only provided by Illumina Tech Support)
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the quality of the data is not impacted as suggested by high passing filter percentages and Q30 quality score. The latters make it possible to estimate the quality
of the data after sequencing: (1) Passing filter is a measurement related to the
fluorescence intensity and gives an indication of the purity of each cluster; (2) Q30
score indicates the probability of having a sequencing error over 1000 base pairs
(or 99.9% accuracy).

B.2 Overview of raw reads processing steps
This section describes step-by-step the processing of the raw sequencing data.
When applicable, averaged results or statistics are given as examples.
Sample demultiplexing and conversion to fastq format
Raw sequencing data were downloaded as BCL files format from the sequencing
platform server. The conversion to the FASTQ format and the demultiplexing of
the reads were carried out using bcl2fastq software available from Illumina website. The program requires a SampleSheet recapitulating each sample multiplexed
in the sequencing run, which was automatically generated by a custom python
script.
$ CreateSampleSheet_bcl2fastq [list of Illumina Index]
$ bcl2fastq -R [run_folder] -o [output_folder] --no-lane-splitting

Mapping to the reference genome
Read #1 were aligned to the reference genome (here human hg38; mouse mm9)
using bowtie [Langmead 09] and keeping only uniquely mapped reads.
$ bowtie-build hg38.fa hg38
$ bowtie -m 1 --sam hg38 -q Read1.fastq > Read1_hg38.sam
$ samtools view -F 4 -S Read1_hg38.sam > Read1_hg38_mapped.sam

A read is discarded if there is more than one valid alignment for this read (-m
option). Samtools were then used to only retain mapped reads in the alignment
file in SAM format [Li 09a]. Typically, the global alignement rate was 80% ± 5%
but 10% ± 2% of the reads were removed due to multiple alignements.
Deconvolution of barcode reads
The deconvolution of the reads associated with the barcode sequence is already
detailled in Chapter 5 (see Supplementary Materials of the paper manuscript).
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Figure B.1: Distribution of the number of reads per barcode.
The reads associated with the barcodes (Reads #2) were decomposed and the
3 indexes were aligned to a reference database containing all possible barcode
combinations. The distribution of the number of reads per barcode is illustrated
in Fig. B.1 and can be decomposed into 2 normal distributions. The first contains
barcodes having between 1 to 100 reads and the latter are most likely associated
with background noise. The second distribution groups barcodes having more
than 500 reads, which can probably match with the captured cells. This barcode
distribution is used to set a first threshold for the elimination of the background
noise (here 500 reads, delimited by the black-dotted line).
Identification of PCR duplicates
In the final stage of the preparation of sequencing libraries, DNA were purified on
gel and the band between 300 bp and 600 bp were excised and purified. Thus, we
can estimate that the sequenced nucleosomal DNA fragment should be equivalent
to one nucleosome in length. This estimation was confirmed by the analysis of
the sequencing data. Indeed, the length of Read #2 makes it possible to read the
single cell barcode plus fifteen base pairs which were then aligned on the reference
genome in parallel with the Read #1. Thanks to this double information, the
length distribution of entire DNA fragments that were sequenced can be reconstructed (Fig. B.2a).
The size of the sequenced fragments is mainly of the order of the nucleosome
and we have based on this observation to identify the reads potentially derived
from the same nucleosome. For each single-cell barcode, all reads contained in a
150 bp window relative to the beginning of another read are considered as coming
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from the same nucleosome (Fig. B.2b).

Figure B.2: Strategy for the identification of duplicate reads.
(a) Length distribution of the DNA fragments sequenced. Most fragments are in the size of one nucleosome (~150 bp). (b) Schematic
of the strategy used to identify duplicate reads. For each barcode, all
the reads falling in the same 150 bp window are considered originating
from the same nucleosome and are removed for subsequent analysis.
A custom python script was developed to flag duplicate reads and output filtered
SAM alignment file and filtered Barcode list file.
$ PCRduplicateRemoval [SAM file] [Barcode file] [read threshold]

Statistics related to the identification of duplicates are illustrated in Fig. B.3
and Fig. B.4. For each read of each barcode, three scenarios are presented:
1. The Read #2 doesn’t have its equivalent Read #1 aligned on the genome.
The latter read is deleted and flagged as ”Unmapped Read #1”.
2. The read is identified as duplicate. The latter read is deleted and flagged as
”Duplicate reads”.
3. If the first two conditions are false, the read is retained in the alignment file
for downstream analysis and flagged as ”Remaining reads”.
The first figure illustrates the impact of sequencing depth on statistics related
to duplicates identification. The same sample was sequenced on Illumina MiSeq
platform (~15M of reads) and NextSeq (~85M of reads). The y-axis of the left
represents the number of reads per barcode for each of the 3 scenarios described
above. Each point corresponds to a barcode and is colored according to the type
of sequencing platform. Increasing the initial number of reads by a factor of 5
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leads to an increase of the number of useful reads per barcode by a factor 2.5.
The number of reads with no equivalent Read #1 aligned to the genome increases
proportionally as a function of the total number of reads (factor 5). Conversely,
duplicate reads explode and are multiplied by a factor ~10.
The second ordinate axis on the right side of the graph translates these increases
into an average fraction observed on all barcodes of the initial number of reads after
a MiSeq (black round) or NextSeq (black triangle) sequencing. As expected, the
percentage of reads without its counterpart aligned to the genome is equivalent for
both types of sequencing (~38% of initial reads). It is interesting to note that only
1/4th of the initial reads are useful and kept for subsequent analysis (i.e ”remaining
read”), unlike duplicate reads whose proportion goes from a fifth to more than a
third. In conclusion, for this sample, the sequencing limit is probably reached.
Fig. B.4 presents the average fraction of the number of inital reads observed
on the set of barcodes for different epigenetic marks and at comparable sequencing depth (~75M of reads per sample). The trend for H3K4me3 and H3K27me3
samples is similar with 1/3rd duplicate reads and about 40% remaining reads. The
main difference is the sample H3K27ac so the proportion of remaining reads exceeds 45% for only 28% of duplicate reads. This difference illustrates a greater
complexity of sequencing libraries but results in lower data specificity and higher
background noise.
These figures demonstrate the importance of identifying PCR duplicates and
reads that may be derived from the same nucleosome. Their proportion by barcode
is not negligible and these artefacts could introduce a bias during the clustering
of cells and the search for cellular subpopulations.
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Figure B.3: Impact of the sequencing depth on the total number of reads
per barcode.
The distribution of the number of reads per label is represented for
the 3 possible scenarios when identifying PCR duplicates (y1 axis on
the left). When the number of initial reads is multiplied by 5, the
number of useful reads is increased by a factor of 2.5 and the number
of duplicates by 10. The axis on the right corresponds to the average
fraction observed compared to the number of reads initial. 25% of
the reads are useful against > 40% indicating sequencing close to the
saturation limit.
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Figure B.4: Statistics of duplicate reads identification for 3 distinct histone marks.
The observed average fraction relative to the number of initial reads
is represented for 3 distinct epigenetic marks. The proportion of reads
for each category is similar for H3K4me3 and H3K27me3.
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Generation of the coverage matrix
Unlike the single-cell RNA-seq where reads are associated with genes that can be
easily compared, the reads of the single-cell ChIP-seq are distributed on the entire
genome. So we need to create a comparison unit from one cell to another and
summarize the data. The method we used is to ”split” the genome into regions of
defined size that do not overlap. These genomic regions can then be used, like the
RNA-seq genes, to define common epigenetic profiles between cells.
First, non overlapping regions spanning the genome were created from a list of
the chromosome size (available in Ensembl or UCSC websites) using bedtools
makewindows [Quinlan 10].
$ bedtools makewindows -w 50000 -g hg38.chrom.sizes > hg38_50kb.bed
$ head hg38_50kb.bed
chr1 0 50000
chr1 50000 100000
chr1 100000 150000
...

Then, reads for each barcode are intersected within the genomic regions using
bedtools coverage [Quinlan 10] implemented in a custom python script. The
output of each barcode is aggregated in a coverage matrix.
$ scChIP_classification --sam-file [RMDUP SAM file]
--barcode-clusters-file [RMDUP Barcode file] --nb-reads [read
threshold] --bed-regions hg38_50kb.bed --multiplexing [number of
threads]

The program generates a matrix m ◊ n, where m is the number of regions and
n is the number of cells. The value cij of the matrix corresponds to the number of
reads of the cell j intersected with the region i.
Filtration and normalization of the coverage matrix
The matrix previously generated was filtered to eliminate bad-quality cells (or
aberrant cells) and non-informative regions. The criteria imposed for filtering
were the following:
• Barcodes: the total read count per barcode must be higher than 500 (threshold
depending on the barcode distribution)
• Regions: if the sum of the reads across all cells is zero, the region was deleted
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• Regions: For H3K4me3 datasets, only regions represented in more than 1%
of the barcodes were conserved
The resulting filtered matrix was normalized by the total read count per cell to
account for the variability in the sequencing depth. With C, the classification
matrix, each term cij was normalized according to B.2.1:
c„
ij = cij

ÿ
M
with Mi =
cij and M average of Mi
Mi
j

(B.2.1)

The filtered and normalized matrix was then used as a starting point for the analyzes specific to each experiment such as clustering, subpopulation identification,
identification of differentially enriched regions, etc.
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Résumé

Abstract

La nature dynamique de la chromatine est un acteur majeur de la régulation de la transcription et est suspectée de contribuer à l'évolution tumorale. L'étude des modifications de
la chromatine à l'échelle de la cellule unique est indispensable pour
comprendre l'impact de la plasticité épigénétique au cours de la tumorigénèse.
Dans ce manuscrit, je décris le
développement d’un système basé
sur la microfluidique en gouttelettes
permettant d'obtenir la cartographie
des modifications de la chromatine à
l'échelle de la cellule unique.
Le système a été évalué pour cartographier des modifications d'histones associées à un état transcriptionnel actif (H3K4me3) ou réprimé
(H3K27me3) de cellules B et T humaines. Les données ont permis de
classer >99% des cellules sur la base
de leur profil épigénétique, définissant ainsi avec une grande précision
des états de la chromatine propres à
chaque type cellulaire.
A partir de xénogreffes dérivées
de patient atteint du cancer du
sein et ayant acquis une résistance
thérapeutique, le système a permis la
détection de sous-populations rares
de cellules parmi les tumeurs nontraitées, présentant un profil chromatinien similaire aux cellules cancéreuses résistantes.
Cette étude démontre l'importance
de l'hétérogénéité cellulaire sur la
progression tumorale et met en évidence une signature épigénétique
associée à la résistance et susceptible d'être la cible d'un traitement
thérapeutique.

The dynamic nature of chromatin and
transcriptional features play a critical
role in normal differentiation and are
expected to contribute to tumor evolution. Studying the heterogeneity
of chromatin alterations with singlecell resolution is mandatory to understand the contribution of epigenetic
plasticity in cancer.
In this thesis, I describe a droplet microfluidics approach to profile chromatin landscapes of thousands of
cells at single-cell resolution, with an
unprecedented coverage of 10,000
loci per cell.
The system was evaluated to profile histone modifications associated
with active (H3K4me3) and inactive
transcription (H3K27me3) of human
B cells and T cells, and revealed that
>99% of the cells were correctly assigned to one cell type, defining distinct chromatin states of immune cells
with high accuracy.
In patient-derived xenograft (PDX)
models of breast cancer with acquired drug resistance, the system
enabled the detection of a rare subpopulation of cells in the untreated,
drug-sensitive tumors with chromatin
features characteristic of resistant
cancer cells. These cells had lost
chromatin marks (H3K27me3) associated with stable transcriptional
repression for a number of genes
known to promote resistance, potentially priming them for transcriptional
activation.
These results highlight the potential
selection of cells with specific chromatin marks in response and in resistance to cancer therapy.
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