N
N

N

HAL

open science

Modelling the T-cell repertoires of circulating T-cells
and its application in cardiovascular diseases

Kenz Le Gouge

» To cite this version:

Kenz Le Gouge. Modelling the T-cell repertoires of circulating T-cells and its application in car-
diovascular diseases. Immunology. Sorbonne Université, 2023. English. NNT: 2023SORUS705 .

tel-04565991

HAL Id: tel-04565991
https://theses.hal.science/tel-04565991

Submitted on 2 May 2024

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished 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 dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://theses.hal.science/tel-04565991
https://hal.archives-ouvertes.fr

||h SORBONNE e 3 immunology
b UNIVERSITE ' immunopathology

CREATEURS DE FUTURS H
DEPUIS 1257 immunotherapy

Sorbonne Université

Ecole doctorale

UMRS959 / Immunologie, immunopathologie, immunothérapeutique

Modelling the T-cell repertoires of circulating T-cells and

its application in cardiovascular diseases

By Kenz Le Gouge

These de doctorat d’Immunologie

Directed by Encarnita Mariotti-Ferrandiz

Presented and publicly defended on December, 14" of 2023

Evaluated by a jury composed of :

Pr Ziad Mallat, MD, PhD, thesis reviewer
Pr José Borghans, PhD, thesis reviewer
Dr Anne Eugster, PhD, thesis reviewer
Pr Pierre Boudinot, PhD, thesis examiner

Pr Yves Allenbach, MD, PhD, thesis examiner

Dr Encarnita Mariotti-Ferrandiz, thesis supervisor

@ @ @ @ Except where otherwise noted, this work is licensed under
http://creativecommons.org/licenses/by-nc-nd/3.0/






Acknowledgements

I would like to thank my supervisor Mrs. Mariotti-Ferrandiz, the reviewers and examiners of

my thesis jury to accept to evaluate my work.

Gustavo Ramos and Peter Rainer for their help throughout my 4 years of PhD. It was a pleasure

to work with you on such a fantastic topic that is immuno-cardiology.

David Klatzmann, merci de m’avoir accueilli dans votre laboratoire et de m’avoir fourni un

environnement idéal pour laisser part 8 ma créativité sans bornes sur PowerPoint.

Paul Stys, un amant, un frere, un pére, beaucoup de personnes en une seule. Tu es ma plus belle
bromance, je n’imagine pas ma vie au labo sans toi, et le reste de 1’étage réve de notre départ.
Le feu et la glace, le yin et le yang, 1’ordre et le « ah je pensais qu’on était hier ». Pour notre
futur professionnel a tous les deux, il vaut mieux se séparer, considere ces remericements
comme une déclaration de rupture. Prends ton envol, petit ange, pour éviter le prochain « ils

ont fait QUOI ? ».

A ma famille, mes parents, Merwan, Yasmine, qui ont toujours cru en moi et m’ont soutenu
jusqu’au bout dans cette aventure. « Quand est-ce que tu finis tes études », « et apres tu fais
quoi comme vrai métier », « ¢a avance ton rapport de stage ? » sont des phrases qui ont été

curieusement motivantes et désormais gravées dans ma mémoire.

Nicolas C., mon collegue de musique, compagnon de crépes et bindme de blind-test. Au-dela
du travail et de ton éternel esprit positif, tu m’auras ouvert les yeux sur la prolifique année 1996,

et notamment Freed from Desire de Gala. Au plaisir d’échanger avec toi au bord des platines !

Lucas (dit le L) et Pierre (dit le P), de nos jeunes années a I’'UPMC jusqu’au COVID des Apero
Electroniques, il ne nous manque qu’un brunch sur une certaine péniche pour pouvoir dire « on

a tout fait ».

Julie et Matthias, les deux électrons libres de Clermont-Ferrand. Merci Julie, pour ton amour
de la Niévre et ta volonté de la protéger. Pour le gratton, ce n’est pas nécessaire. Grace a vous,

je sais placer Michelin City : dans le 13°™,

Helena, petit ange partie trop tot. Tu auras ét€ pour moi un modele de ce que doit étre un docteur
pendant, et aprés sa thése ! Ta bonne humeur permanente et contagieuse aura beaucoup manqué,

et j’espére de tout ceeur que nos chemins se rencontreront a nouveau autour d’un diner.



A I’équipe médicale: Paul, Marie, Chloé, Aurore, Soléne, Cathy et tous les autres, merci pour

tous ces moments, escapades tant physiques que sensorielles !

Keren, pour ton aide précieuse dans les moments qui ont compté, ta gentillesse et ton empathie

a toute épreuve.

Merci a toute I’équipe TCR, présente et passée, qui m’a supperté accompagné lors de toutes
ces années et permis aujourd’hui de présenter un travail acceptable sur le plan scientifique, ainsi
que tous les autres membres du laboratoire. Je n’ai rien réalisé seul, et chacun de vous a pris

part a mes travaux.

Encarnita, a laquelle je laisse le dernier paragraphe. Pour ton encadrement, ton humanité et ta
bienveillance. Tu m’as vu arriver en petit étudiant perdu qui voulait apprendre la
bioinformatique, et tu me vois partir en vieux docteur, toujours perdu. Entre mes blagues, ma
lecture des emails et ma légere tendance a voir le verre a moitié vide, je suis admiratif que tu
n’aies pas décidé de m’abandonner sur la route. Je n’ai pas été un étudiant facile mais tu as été
d’une patience infinie (méme si tu quittes souvent la piece quand j’ouvre la bouche). Un

immense merci pour ces 4 ans.









Acronyms table

Abbreviation
AIR

AIRE
AIRR

AIRR-seq

AMI

APC
cDNA
CDR

CMV
CTL
CD
CTLA-4

CVD
DNA
DP

FFPE

EFS

ExAmp
Foxp3
GWAS

HLA
HTS

Ig

IL
IMGT

IPEX

MHC

MI

Full form

Adaptive Immune
Repertoire
Autoimmune Regulator

Adaptive Immune
Recepetor Repertoire
Adaptive Immune
Recepetor Repertoire
sequencing

Acute myocardial
infarction

Antigen presentating cell
Complementary DNA

complementary
determining region
Cytomegalovirus
Cytotoxic T lymphocyte
Cluster of differenciation
cytotoxic T-lymphocyte-
associated protein 4
Cardiovascular disease

Desoxyribonucleic acid
Double positive

Formalin-fixed and
paraffin-embedded
Etablissement Francais du
Sang

Exclusion amplification

Forkhead box protein 3

Gene wide association
study

Human leukocyte antigen
High throughput
sequencing
Immunolgobulin
Interleukin

International
ImMunoGeneTics
information system
Immunodysregulation
polyendocrinopathy
enteropathy X-linked
syndrome

Major histocompatibility
complex

Myocardial infarction

MIS-C

mRNA
Mtb

NGS

PBMC
Pgen
RACE

RIN
RNA
RSS

SA
SARS-CoV-2

SBS
SCID

T1D
TAC

TCR
TCR-seq
TdT

TEC
TGF

Th
TNF
TRA
TRB
Treg
TSS
ucCl

UDI
UMI

RDI

Multiple inflammatory
syndrome in children
messenger RNA

Mycobacterium
tuberculosis

New geenration
sequencing

peripheral blood cell
Probability of generation
Rapid amplification of
complementary ends
Recombination activating
gene

RNA integrity number

Ribonucleid acid
Recombining signal
sequence
Staphylococus aureus
Severe acute respiratory
syndrome coronavirus 2
Sequencing by synthesis
Severe combined
immunodeficiency

Type 1 Diabetes
Transversal aortic
constriction

T cell receptor

T cell receptor sequencing
Terminal deoxynucleotidyl
transferase

Thymic epithelial cell
Transforming growth
factor

T helper

Tumor necrosis factor

T cell receptor alpha

T cell receptor beta
Regulatory T cell

Toxic shock syndrom
Universal cellular
identifier

Unique dual indexing
Unique molecular
indexing

Redundant dual indexing



ACKNOWLEDGEMENTS ctttetiiiiitttteeeessistreteeeessesanrareeeeessasasrerteeeesesaaasrseeeeessesanneraneeesssasnnnrnnneeesens 2

ACRONYMS TABLE «..euteeuteeteenteesieesteesueesitesuteeabeete e bt e bt esbeesbeesheesaeesaeesmeeemseemteenbe e beenbeenbeenneesneennees 6
1 CHAPTER 1: INTRODUCTION..........ueoeeeeeerrerreresresessssesssssssssesssssesassssessssassns 4
1.1 T CELLS IN THE IMMUNE SYSTEM ...etiiuttriteeuterreereesseesseenseesseesseesmeesaresnesaseeseenseesseesseesseesnnenns 5
1.1.1 TCR-bearing Cells, OF T COIIS..........uuummuueiieeiieeeceee et eecee et e s e e s etea e e esaeaa e 5

O B I oT-] o =T Y 5SS 9
1.1.3 Modalities of MIHC reCOGNItioN ............eueecueeeeesiireeiiiireesiiesessisieaessisesessisesessssees 16
1.1.4 Autoimmunity, G NECESSAIY @Vil ........cuueeeeceuieeeeiiiieeiiiieeesiieeesecieaesciseeeesssesessssees 21
1.2 CIRCULATING T CELLS IN CARDIOVASCULAR DISEASES .....eerueerueerurerueeeteeeeenseesseesseesseesseesneesnees 28
1.2.1 Current state of cardiovascular diSEASES ............ccccvuveeeeeeeesiiiiirereeeeeeciiisesaaeeessiianns 28
1.2.2 Immunological basis of CVDs: example of myocardial infarction........................... 29
1.2.3 An ambiguous role for T cells in CVD, example in myocardial infarction................ 30
1.2.4 T antigens in cardiovascular diSEASES ...........cuuueeeeeeiueeeeeeeesiiiirieeraeesseiiiseeessaeeesiiianes 34
1.3 DECIPHERING THE TCR LANDSCAPE — A METHODOLOGICAL OVERVIEW........eerutirieeieeieereenneennes 38
1.3.1 From T cells tO TCR BEFOIre NGS.......cccuveeeeeeeeeeecieieeseieeeecteeessceeaesssesaessaeseeasseas 38
1.3.2 Emergence of NGS and ready-t0-Use KitS...........ccccveeevvuveeesivreeeiieeeeecieseesiieeeeeisenns 40
1.4 MEASURING THE TCR REPERTOIRE. ....ceiuteeteritenureetenreereeseesbeesbeesieesieesaeesanesanesmneemseenseensees 44
1.4.1 What is the unit in TCR repertoire analysis.............cccooueeevvveeesiireeeiiireeeiiiveeeesrenns 44
1.4.2 The grand ecologiCal FODDErY..........cccueeeeeciiieeeciiieesiieeeciteeesceeeessiee e e ssveaeesseees 46
1.4.3 To normalise or not normalise, that is the QUESLION ...........c.ccceeecveveeecieeeesiieneennen, 47
1.4.4 Estimating the T Cell dIVEISity ........uumuuiimeiiiieeeiiiieesciieeessteeesectaaesceeeessaereessaeas 49
1.5  TRANSLATIONAL ASPECTS OF MODELLING .. .ceeuteeuteeteeteesteesseesseesseesueesueesnsessesseesseessessseessens 51
1.5.1 The TCR repertoire: the top MOAEl..............oeeeeeeecieieiiieeeeesiieeeeeeeescceaea e e e e 51
1.5.2 Specificity and the limits of MOdelling ..............ccccccuueeeeeeeeesiiiiieieeeeeeciieeeeeeeesecians 53

2 CHAPTER 2: OBJECTIVES AND EXPERIMENTS...........ooooerreerrerrrrrrerrerarsensenns 58
2.1 OBJECTIVES. . .ttiuttetieittestte st e ettt e bt ettt e be e bt e sbe e sheesatesatesateeabeeabeeabeenbeenbeesbeesaeesatesaeesaeas 58
2.2 METHODS AND COHORTS .. utteuteeteenteenutesueeameesuteenteeseesteesseesseesseesmeesmeesasesasesnsesseeaseesseenses 61
2.2.1 CORNOIES ..ttt et et st 61
2.2.2 MELROAS ... 63



3 RESULTS aeeeeeeeeeeeeeeeeeeeeeeeeeeesseseesssssessssesessssessasesensssesesassensassssssssesessesensansssssesensnnns 68

3.1 CHAPTER 3: IDENTIFICATION AND CORRECTION OF INDEX HOPPING THROUGH (DEEP) QUALITY
CONTROL OF TCR REPERTOIRES ......cceeeiiiiiieieeeeeieeeeeeeeeseseee s e s e s s e s s e e sssssssssesnrnnnnes 68
3.2 CHAPTER 4: POLYCLONAL EXPANSION OF TCR VBETA 21.3+ CD4+ AND CD8+ T CELLS IS A
HALLMARK OF MULTISYSTEM INFLAMMATORY SYNDROME IN CHILDREN .........uuuviiieeeeenniiiiieereessaninneeeeeeenns 104

33 CHAPTER 5: A DISTINCT T CELL RECEPTOR SIGNATURE ASSOCIATES WITH CARDIAC OUTCOME IN

MYOCARDIAL INFARCTION PATIENTS .....ooeiutieitieeiteeentreesreeesesenseeessesssesessesessssesasessnsesesssesssessnsesenssessnns 146
3.4  CHAPTER 6: IDENTIFYING T CELL ASSOCIATED TO CARDIAC OUTCOME IN OTHER DATASETS ....... 158

G270 N 000 [ o [ [ ol o] (o) o X [ 3PSO USSP 158

3.4.2 Circulating blood of Type Il diabetes patients after Ml.............cccccvvvveeeeeeeicivvennn. 160

G 3G B o T O LN 164

4 DISCUSSION..........eeeeeeeeeeeeeeeeeeeeeesessssseesessssssessessessessassssssessessessessessessensensenes 170
REFERENCES ........ccieiiiiiciieiieiiiieiienteiiectecentestastastastostostosssssssassassassassossassasssssessssassassassansns 187
FIGURES AND TABLES ... cuiiiiiiiiiiiiieiteieeitetentatentesiastastsssessecsssassassassassassassossssssssssassansas 248
ABSTRACT ... iiiiitictiicteerteereereteeetaserassssssesesaserassssssasesassssssasssasessssssssasssassssssasssnsssnssnnssnnes 250






1 CHAPTER 1: INTRODUCTION

The immune system is a vast and complex network of molecules, cells and organs, tightly
orchestrated to function as safeguards against self and foreign threats. It involves multitudes of
specialised cell types such as T cells, B cells, macrophages, and dendritic cells, each with
distinct functions in maintaining the individual’s homeostasis. The immune system also
countains diverse set of mediators: antibodies, cytokines, chemokines that effectively
coordinate immune responses and signals between cells. Immune receptors, whether they are
dedicated to the recognition of pathogenics patterns or mediators, enable signal transduction to
immune cells and regulate their functions. Dedicated tissues, called lymphoid organs, function
as monitoring stations distributed across the body, to mount an effective and quick response.
From this intricate and multilayer network of cooperating molecules, proteins, cells and tissues,

emerges the integrative notion of system.

The immune system complexity requires an almost perfect orchestration of many
different cellular actors to function and effectively maintain the host’s homeostatic state.
Because of its complexity and compartmentalisation, a first encounter is always long to address
(Farber et al., 2016) and complete pathogen clearance can take weeks. However, subsequent
infections with the same pathogen are resolved much faster, typically in a few days. This
process called immunological memory highlights the ability of the immune system to “store”
memories of past encounters. The recognition and rapid response is possible due to pre-
existening cells that are specifically designed to identify and kill the pathogen upon repeated
encounters. Although this has been known for centuries and in many cultures (Gross and
Sepkowitz, 1998), immunological memory remained mysterious until science progressed.
Work of Paul Erlich (1892) demonstrated that immune memory could not be genetically
heritable in the traditional sense, but instead each individual shape their own immune system
(Ehrlich and Hiibener, 1894). Memory is a very dynamic system, which can “remember” past
events and rapidly respond to threats previously encountered, while still being able to learn and
adapt to new encounters. The feature is primarily possessed by cells that are part of the the
adaptive immune system, although recently the innate immune response has been proposed to
contain a certain degree of memory, leading to the concept of trained immunity (reviewed by

Netea et al., 2020). This concept will not be covered in this introduction.

The immune system is divided in two main compartments, the innate and the adaptive

compartment, distinct but deeply interconnected. The latter is called adaptive based on its
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ability to constantly evolve and adapt to new threats at the scale of an individual’s lifespan. The
adaptive immune system consists of two main cell subsets; the B cells and the T cells. At the
interface of innate and adaptive immune system, antigen-presenting cells are responsible for
capture and presentation of antigens to other immune cells. Their role fulfils a dual purpose: it
is crucial for initiating the adaptive immune response, while also modulating and maintaining
the tolerance to self. In this manuscript, I will focus on the T cell subpopulation, as this has
been the principal focus of my PhD thesis work. I will detail how it manages to not only

recognize a specific antigen, but also any new antigen that a pathogen can harbour.

1.1 T CELLS IN THE IMMUNE SYSTEM

1.1.1 TCR-bearing cells, or T cells

T cells are a distinct population from the white blood cells, also called leukocytes. They
are the major lymphocytes population, representing around 70% of lymphocytes in the
peripheral blood of healthy adults (Reichert et al., 1991). The main feature/characteristics of T
cells is their antigen-specific receptor, known as the T cell receptor (TCR), expressed on their
surface. The TCR exhibits a high affinity for a multi-protein complex consisting of a peptide,
originating from a pathogen or derived from a host cell, and the major histocompatibility
complex (MHC). Such complex is expressed at the surface of antigen presenting cells (APCs)
allowing the presentation of a given peptide, within the context of a particular MHC to T-cells.
Such peptide in such context is named an antigen, which means a molecule that may have the
capacity to induce an immune response through the activation of the T-cell upon its recognition
by the TCR. As such, it is hypothesised that this particular complex is responsible for T-cell
specificity, as T cells are activated and therefore carry out their functions through the
TCR/pMHC complex binding. T cells are a diverse population, comprising different
phenotypical subsets that will accomplish specific roles. T cells can be divided in two major
groups, effectors and regulator. Effector T cells are experienced, having been activated by the
presentation of an antigen. They have functions to destroy the threat, whether it is by recruiting
and activating other cells of the immune system, or directly killing it. In contrast, regulatory T
cells are present much more restricted quantity and possess this ability to control immune
response. They play a major role in self-tolerance and preventing the effector compartment to

wreak havoc. In this chapter, I will cover the plurality of T cells from their phenotypic



description, and their functions, to the generation of their TCR that imparts their exceptional

diversity.

1.1.1.1 T forthymus

T cells originate from a unique organ: the thymus. It has long been established that the
thymus was an organ where lymphocytes were produced, but remained unexplored for a long
time due to being considered vestigial. It was in 1961 that Jacques Miller showed that the
thymus was, indeed, critical to mount immune responses. He was the first to demonstrate how
neonatal thymectomy on mice lead to their inability to fight against viruses or reject skin grafts
(Miller, 1961a, 1961b). These experiments paved the way to show how the thymus was the

central organ to mount a thymic-dependant response, with thymic lymphocytes: the T cells.

Although T cells are generated in the thymus, T cell progenitors, thymocytes, are derived
from hematopoietic stem cells in the bone marrow (Kondo et al., 1997). Once generated, they
migrate to the thymus where they undergo different stages of maturation. This process, called
thymopoiesis, is when T cells will acquire their phenotype and express markers at their surface
that will determine their role and fate. We can distinguish two main subtypes of T cells,
depending on the cluster of differentiation (CD) acting as a co-receptor associated to the TCR:
CD4" T cells and CD8" T cells. Each subtype further subdivides into different subsets of

specialised cells.

1.1.1.2 CD4* T cells

CD4" T cells represent the majority of T cells in an adult (~60% of T cells). They play a
major role in orchestrating the immune response and cover a wide range of functions. They
express a large panel of receptors and ligand, which can activate B and T cells through cognate
interaction. They also secrete a large range of cytokines such as IFN-y or GM-CSF, which
stimulate macrophages and other cells of the innate immune system, as well as non-immune
cells (Boehm et al., 1997; Pawlak et al., 2020). More than mere activators of other cells, CD4"
T cells can fuel inflammation or polarise immune responses (Tuzlak et al., 2021). CD4" T cells
are restricted by the MHC-II, meaning their TCR can exclusively recognise peptides bound to
MHC-II molecules at the surface of APCs. While peptides are presented by cells from the self,
they can originate from intra-cellular or extra-cellular milieu through dedicated processes

coveredin 1.1.3.1.



Distinct CD4" T cell subtypes accomplish distinct functions, with most of each subtype
are specialising based on their phenotype. First identified in 1986 by Mosmann et al., T helper
-1 (Th1) and -2 (Th2) cells are the most common type of helper T cells. They are distinguished
by their set of secreted molecules, or secretomes (Mosmann et al., 1986). They play a role in
activating other immune cells, by releasing factors that will orient the immune reponse. Thl are
associated to the cellular response. By producing IL-2 and interferon-y, the Th1 subset drives a
strong, global inflammatory T cell response that mainly targets intracellular pathogens and
favour cellular debris clearance by stimulating macrophages (Hsieh et al., 1993; Hwang et al.,
2005; Nathan et al., 1983). Th2, on the other hand, secrete IL-4, IL-5 and IL-13 and are
associated to extra-cellular pathogens response (Glatman Zaretsky et al., 2009). Mostly known
for its role in allergic responses, its secretome favours B-cell antibody class switch to
immunoglobulin E (IgE), specialised in anti-parasite immune responses (Mohrs et al., 2000).
Interestingly, Thl and Th2 responses are polarised, meaning one inhibits the other. This
mechanism reinforces the specialisation of T cells in orchestrating the immune responses

(Brinkmann et al., 1993).

In 2005, a series of published studies redefined the well dichotomized world of helper T
cells with the discovery of Th17 T cells (Harrington et al., 2005; Langrish et al., 2005; Park et
al., 2005), a pro-inflammatory subtype induced during bacterial infections which secretes IL-
17. Although these specialised T cells were discovered in the gut, their role in inflammatory
diseases pathogenesis was almost immediately investigated and demonstrated in colitis, uveitis,
scleritis and rheumatoid arthritis (Amadi-Obi et al., 2007; Hue et al., 2006; Sato et al., 2006;
Yen et al., 2006). Further studies on patients showed that these cells recirculate in healthy
conditions and are elevated in inflammatory diseases (Acosta-Rodriguez et al., 2007; Ellul et

al., 2021; Nistala et al., 2010).

1.1.1.3 CD8Tcells

CD8" T cells, also called the cytotoxic T lymphocytes (CTL), are specialised in the
identification and elimination of infected cells, whether they are viruses, bacteria, or tumoral
cells (Kégi et al., 1994; Walsh et al., 1994). As opposed to CD4" T cells, their TCR can
exclusively recognize peptides bound to MHC-I. At first called cellular antibodies (Govaerts,

1960), CD8" T cells are coined cytotoxic as they acquire a cell-killing capacities after their



activation in secondary lymphoid organs. As poorly regulated cytotoxicity can cause
uncontrolled damage, CD8" T cells leave the thymus as naive cells. In order to unlock their full
arsenal, they need to be activated by a presentation of a peptide that complement their TCR in
secondary lymphoid organs. CTLs rely on three distinct but complementary mechanisms to kill
cells. First they utilise release of the perforine/granzyme molecules, located in secretory
granules of CTL (Kaégi et al., 1994; Rosenau and Moon, 1961). Upon contact with its target, the
CTL will release the granules. Perforin creates pores on target’s surface, allowing granzyme to
activate a caspase-induced apoptosis of the target cell. Second mechanism relies on the so-
called “cell surface death receptor” Fas molecule and its ligand, FasL. Cross-linking of CTL’s
FasL to its target Fas leads to a similar apoptosis caspase-dependant cascade signal, effectively
killing its target. The two mechanism are independent and show synergetic action (Hassin et

al., 2011). A similar system with the TRAIL molecule completes the artillery of CTLs.

1.1.1.4 Regulatory T cells

T helper and CTL are often called conventional T cells, as opposed to regulatory T cells
(TreG). TreG are a subtype of T cells specialised in the maintenance of self-tolerance and the
regulation of immune response. The vast majority of Trec exhibit the CD4 co-receptor,
although some also express the CD8 (Mayer et al., 2011). Additionally, they express the
forkhead box P3 (FoxP3), a transcription factor that will heavily influence their functionality.
FoxP3 is the master regulatory factor of T cells (Fontenot et al., 2003). Deleterious mutations
in FOXP3 gene induce immunodysregulation polyendocrinopathy enteropathy X-linked
syndrome (IPEX syndrome) (Powell et al., 1982), and murine models are short lived,
spontaneously developing a wide range of autoimmune disorders (Hadaschik et al., 2015). Trea
exert an active suppression of the immune system to prevent pathological autoimmunity and
prevent deleterious consequences of uncontrolled inflammation during infections. Additionally,
Trec play key roles in cancer development as well on wound healing. Trec use a large array of
suppressive mechanisms to exert their immunoregulatory functions, with dozens described,

including both cognate interactions and production of soluble factors.

The primary impact of Trec is directly on conventional T cells. They were initially
identified by their high expression of CD25 (Sakaguchi et al., 1995). CD2S5 is the high affinity
receptor for [L-2, and Trec outcompete conventional T cells by depriving them of an exogenous
source of IL-2. TreG cells also express several immune checkpoints ligands on their surface,
which are key molecules involved in the immunoregulation of T cells. Moreover, T cells
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promote a shift towards a pro-tolerogenic state in antigen-presenting cells, such as dendritic
cells (Onishi et al., 2008). More precisely, they express inhibitory molecules, such as the
Cytotoxic T-lymphocyte-associated protein 4 (CTLA-4), which will indirectly induce an
anergic state in conventional T cells. They also secrete immunosuppressive cytokines, such as
IL-10 or IL35. IL-10 mediates direct suppression on the T compartment, and was found to be
specifically involved in the regulation of Th17 response (Chaudhry et al., 2011). Finally, TreG
are heavily implicated in wound healing. Skin-resident Trec show active attenuation of
inflammation on cutaneous wounds, and reduced pro-inflammatory macrophage accumulation

(Nosbaum et al., 2016).

All Treg are not created equal, and they differ depending on their origin. There are native
Trec, generated in the thymus (tTrec) and peripheral Trec (pTreG), generated in the peripheral
from the pool of conventional T cells by stimulation with tumour growth factor B (TGF-p)
(Chen et al., 2003). It was shown that tTreG are more transcriptomically stable than pTrec, the
latter displaying a “plasticity”, losing their regulatory phenotype in absence of TGF-3 (Komatsu
et al., 2009).

1.1.2 Origins of the T cell diversity

T cell are defined by their TCR, which is central for their recognition of foreign and self-
peptides. However, two mysteries puzzled scientists for quite a while. It became clear that T
cell diversity was immense, and that the potential diversity could not be accounted for by the
~23 000 coding genes of our genome (Martin et al., 2023). Furthermore, T cells had to be able
to recognise peptides from yet unknown pathogens whether an individual had yet to encounter
them, or because they would emerged from the never-ending race of viral mutations. Specificity
is another black cloud in the TCR sky, as estimates in mice show that it would require more
than 100 times a mouse volume in T cells alone to hold 1 naive helper T cell for each possible
peptide-MHC-II complex (Mason, 1998). From this apparent contradiction, immunologists
started to unravel the secrets of TCR generation, delving into the modalities of peptide

presentation and antigen recognition by the TCR.

1.1.2.1 Tcell structural organization

The T cell receptor was identified in early 1983 by several group concurrently (Kappler
et al., 1983; Meuer et al., 1983), and lead to a 20 years race to unfold its secrets. Its primary

structure was resolved in mice in 1984 (Saito et al., 1984a, 1984b) and the aff chains were
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structurally resolved at 2.5 A in 1996 (Garcia et al., 1996) . Expressed by all T cells of the
periphery, the TCR is a heterodimer made of an a and a B chain, associated to a larger 5-mer

complex called the CD3 consisting of the vy, 8, € and { subunits, and either the CD4 or CDS8

9TK AT

Figure 1: From the first observation to complete characterization of the TCR complex. (left) Autoradiography of an
SDS-polyacrylamide gel electrophoresis of a CD8 and CD4 T cell receptor. a . reduced form clone CTS, ¢ : dimerized
form, e reduced form clone CT4, . dimerized form CD4. From Meuer et al, 1983. (right) The crystallography resolved
complete TCR complex, with o. and § chain, CD3y, CD3e CD306, and homodimer CD3((. From Dong et al., 2019

accessory molecule. This octamer structure, although known for more than 40 years, was only
structurally resolved in 2019 by De Dong et al. through cryo-electron microscopy (Dong et al.,
2019). TCR final assembled form has a molecular mass of 58 kD, with a 28kD a chain and 30
kD B chain.

Extracellular domain: TCR ectodomain is an immunoglobin-like receptor, with a constant
region (C) and variable region (V) derived from somatic rearrangement of several loci (see
1.1.2.2). It is composed of six loops, 3 per chain, called complementary determining regions,
or CDR. The CDR1 and CDR2 sequences are mostly constant, whereas the CDR3 is highly
variable and is considered to define the specificity of the TCR. The joining of the two CDR3 of
the heterodimer creates the peptide-binding region with the MHC, which will be described in
further details. Although CD3 extracellular domains are immunoglobin-like, their role is not
related to antigen recognition, but rather involved in the signal transduction (Frank et al., 1990;

Irving and Weiss, 1991).

Transmembrane domain: Both o and B chains cross the membrane only once. This
transmembrane (TM), conserved region is necessary for the assembly of the full TCR-CD3
10



complex, as TM-truncated a chains failed to assemble to CD3 subunits (Alcover et al., 1990;

Manolios et al., 1990), and lead to impaired signalling.

Cytoplasmic domain: Cytoplasmic region of the aff TCR is too short to be able to
transduce the activation signal but rather rely on the CD3. Especially, the CD3-££ dimers
contain ITAMs motifs that will be phosphorylated by the Lck protein. These phosphorylated
ITAMs will provide docking sites for further adaptor kinases and lead to the transduction of the
signal (Marie-Cardine and Schraven, 1999).

1.1.2.2 T cell genetic organization

The genetic mechanisms responsible for TCR generation are very similar to those of
antibodies, and literature often refer to them as antibody-like. TCR loci cover a large portion of
the genome, respectively 930kb and 510kb for the TRA and TRB loci (Martin et al., 2023).
TCR are the result of somatic recombination during T cell maturation. Akin to antibodies, it
involves 3 family of genes: the Variable (V), Diversity (D) and Joining (J) genes (Davis and
Bjorkman, 1988; Siu et al., 1984; Tonegawa, 1983). The considerable work of drawing a
cartography of the immune receptor (BCR, TCR, MHC) genes has been initiated by Marie-
Paule Lefranc in 1989 (Lefranc et al., 1999) through the international ImMunoGeneTics
(IMGT) laboratory that hold a database. This online platform enumerates all the Ig of TCR
genes of vertebrates. As of 2023, the human database indicates that a TCR o chain can be
assembled from 54 TRAV, 61 TRAJ and 1 TRAC, and the B chain from 64 TRBV, 2 TRBD
and 14 TRBJ and 2 TRBC genes (Lefranc and Lefranc, 2001).

The database has remained unchanged since 2003, yet it is still widely considered as the
primary reference for immunoglobin analysis. Nonetheless, new genome versions keep getting
refined (Grh38) and gene tables need to be updated. For instance, CellRanger 3.1.0 (10X
Genomics) single-cell alignment uses a custom TCR reference, which features an adapted
version the IMGT TCR gene database according to their observations (pseudo-genes, alternate
splicing versions, custom mutations in mice backgrounds)

(https://support.10xgenomics.com/single-cell-vdj/software/pipelines/3.1/advanced/built-in-

refs).

11


https://support.10xgenomics.com/single-cell-vdj/software/pipelines/3.1/advanced/built-in-refs)
https://support.10xgenomics.com/single-cell-vdj/software/pipelines/3.1/advanced/built-in-refs)

1.1.2.3 The TCR, from finite elements to virtually infinite diversity

The V, D and J genes undergo rearrangment into a single DNA sequence prior to their
expression as a single chain at the surface of T cells. However, we have discussed their
distribution across several hundreds of kilobases (see 1.1.2.2). The process of somatic
rearrangements each thymocyte undergoes, called the V(D)J recombination, is crucial for the T
cell differenciation and for the TCR diversity generation (Figure 2). During this process, one
V, one D (on the TRB locus only) and one J genes will be randomly selected among the various
members of each of these three families and joined together to form separately the a and P
chains of the TCR. This process is regulated through genetic and molecular mechanisms to
prevent aberrant recombination, and subsequent reediting of these loci. We will detail here the

mechanisms underlying the fundamental engine driving antigen receptor diversity.
VDJ recombination

Each VDJ gene is flanked either by a 12-base pair recombination signal sequence
(12RSS) or by a 23RSS. An RSS is defined as a 12 or 23 bases “spacer” sequence flanked by a
palindromic heptamer (CACAGTG) and a palindromic conserved nonamer (ACAAAAACC)
(Ramsden et al., 1994). Genes can only join between a 12RSS and a 23RSS, a principle known
as the 12/23 rule (Early et al., 1980; Kurosawa et al., 1981). Vo and Vp genes feature a 23RSS
at their 3°, Dp segments are flanked by 12RSS in 5°, and 23RSS in 3’, Jo and Jp feature 12RSS
on 5’ (Figure 3).

Voo ok oG _
Germiine oA achain [ 1T S HHHHHHEHEE  ermineonas
! R
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a L :
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Figure 2: Schematic mechanisms of the TCRaff VDJ recombination. o chain is recombined through VJ
recombination, while f§ chain by VDJ recombination. Both chain are assembled to form a complete afp TCR.
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The RAG1 and RAG?2 proteins, acronyms for Recombination-Activating Genes 1 and 2,
respectively, are two conserved, co-expressed, lymphoid-specific enzymes that are responsible
for the joining of the V(D)J and C genes (Oettinger et al., 1990). The RAG1/2 complex will
bind to an RSS and create two single-stranded nicks at the start and end of the RSS (Hirokawa
et al., 2020). This process leads the cleavage and hairpin formation of a sealed “coding” end,
and a blunt “signal” end. Hairpins of one 12RSS and 23RSS coding ends will be reopened and
sealed again. This step involves the terminal deoxynucleotidyl transferase (TdT), a protein that
performs a non-templated nucleotide enzyme addition, with random deletion of bases during
the joining step through exonucleolytic activity (Bodger et al., 1983). For the B chain, this
process is in 2-step to avoid recombining a V segment to a J segment, with a DJ recombined
first, followed by V-DJ to form a complete VDJ exon. The a chain is a 1 step process and does
not involve D segment (Figure 3).

t RAG () Figure 3: Schematic focusing on the initial steps of V(D)J
recombination. (A) The RAG protein complex binds to the

12- and 23RSSs (purple and orange triangles,

respectively) neighboring gene segments (shown as red

I and yellow boxes on the DNA), (B) forming the paired
complex (PC). At any point when it is bound to an RSS,

RAG can introduce a nick in the DNA between the
Paired Complex State Cleaved State heptamer and gene segment (shown with the magnified

12RSS) and must do so to both sites before (C) it cleaves
the DNA to expose the gene segments. As indicated by the
I-: magnified gene segment end, the exposed DNA strands of
the gene segment are connected to form a DNA hairpin.
(D) Additional proteins join these segments together. In

this work, the stages subsequent to DNA cleavage are not
monitored. From Hirokawa et al, 2019

23RSS

RSS Nicking Hairpin Formation

Importantly, while this mechanism is highly effective in generating the immense diversity
of TCRs, it is also highly inefficient since 2/3 of rearrangements will produce non-productive
chains due to the random addition and deletion of nucleotides happening at each recombination
event, resulting in out-of-frames chains. Moreover, it presents a mere 1/9 chance to produce
productive o and B chain. To reduce the chance of producing non-productive TCR, T cells
successively rearrange their 3, then their a loci. In a process called allelic exclusion, a f mono-
allelic rearrangement is initiated. If non-functional, the loci is silenced and a second
rearrangement occurs on the second copy of the chromosome. Subsequently, the o locus is
rearranged (Petrie et al., 1993). During the o rearrangement, there is evidence that both
chromosomes are rearranged simultaneously, with ~25% of cells having both a loci rearranged

(Malissen et al., 1992). This is true at the genomic, transcriptional (Eltahla et al., 2016; Howie

13



et al., 2015) and at the phenotypic scale where T cells with two functional receptors have been
observed (Heath et al., 1995; Padovan et al., 1993). Multiple rounds of a rearrangement can
occur, replacing previous Va-Ja rearrangements (Petrie et al., 1993; Wang et al., 1998). The
relevance of double TCR cells in the physiopathological context is still debated (Balakrishnan
and Morris, 2016; Muhowski and Rogers, 2023; Schuldt and Binstadt, 2019).

In some cases, the 2-step  chain rearrangement can become a 3-step mechanism, with
evidence of TRBD1-TRBD2 prior to D-J rearrangements in mouse and humans (Hempel et al.,
1998; Smirnova et al., 2023). This mechanism adds another N-addition, which contributes to

increasing the diversity of the CDR3 region.

The lack of RAG1/2 enzymes leads to a complete absence of mature B and T cells, called
the severe combined immunodeficiency (SCID) syndrome (Schwarz et al., 1996), fatal without
treatment. RAG can recombine any gene that is flanked by this sequence making RSS
sequences a powerful genetic tool. RSS-like or perfect matched sequences can be observed in
other loci, and are called cryptic RSS. These “illegitimate” recombination sites were identified
as linked to T cell acute lymphoid leukaemia and dysregulation of key leukaemia driver genes

(Aplan et al., 1990).
The VDJ recombination as a pseudo-random process

V(D)J recombination is not a perfectly random process. The RAG complex binds to the
consensus nonamer and heptamer of the 12- and 23RSS. These sequences are highly conserved,
as mutations affects the probability of generating a hairpin, and ultimately form an exon with
the corresponding gene (Hirokawa et al., 2020; Lee et al., 2003). Even though spacers are
considered to be less important for the binding, their variability could result to several fold
difference in recombination activity (Akira et al., 1987; Hirokawa et al., 2020; Larijani et al.,
1999). This directly links low VDJ gene usage to RAG binding efficiency, even in cases of a
single nucleotide mutation. TdT enzyme is also well known for being biased, and having a
strong preference to adding G nucleotides (Alt and Baltimore, 1982; Gangi-Peterson et al.,

1999). This leads to D regions to be preferentially enriched in G nucleotides.

Early observations showed skewed gene usage depending on gene distributions on the
loci. A chain rearrangement typically biases towards gene segments located at the 5’ end of the
Ja region, and Va tends to favour the 3’ end of the Va region (Pasqual et al., 2002; Thompson
et al., 1990). Work from Park et al. has leveraged single-cell sequencing to link genetic

rearrangements to genetic position on loci. They showed that VDJ gene usage was skewed
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during pre-mature stages, and revealed that these biases could not be explained by RSS scoring
alone. These results suggest the importance of a conformational looping structure of the TCR
loci, already hinted by others (Carico et al., 2017; Hu et al., 2015; Park et al., 2020), favouring

the pairing of proximal genes together, before any further selection.

Epigenetic factors also contribute to the gene usage. Enhancers positions on downstream
3’ position of the TCR locus ensures the transcription of TCR genes (Bories et al., 1996;
Bouvier et al., 1996), while dynamic methylation of histones ensures only specific portion of
the genome are accessible at a given stage (Morshead et al., 2003). This also ensures that
recombination first happens in a DJ, then V-DJ order. On B cells, it was shown that histone 4
acetylation correlated with V gene usage, while dimethylated H3/K9 correlated with poorly

rearranged genes (Espinoza and Feeney, 2007).

Adopting a probabilistic approach, Murugan and colleagues modelled the probability of
recombination events in non-selected T cell populations (Murugan et al., 2012). They showed
how V-J combination does not correlate with linear location, and how D genes are constraint
by J gene choice. However, analysis shows that V gene choice is independent of prior DJ
rearrangement. Using Markov chains, they demonstrated how nucleotide insertion was not
random and could be predicted by the previously inserted nucleotide on 5’ strand. Similarly
deletions were not stochastic, but rather influenced by the rearranged genes, as noted by others

works previously (Gauss and Lieber, 1996).
Estimating the theoretical diversity

In 1988, solid estimates of the TCR theoretical diversity were made by immunologists
about the three main mechanisms of diversity: 1) the genetic VDJ segment diversity, ii) the
random nucleotide addition and deletion at segment junctions and 1iii) the aff chain pairing.
Mark Davis and Pamela Bjorkman placed at around 10'° the number of possible TCR
combinations that could be generated in humans, with similar calculations in mice placing it
around 10?° (Lieber, 1991). These extravagant numbers, on par with astronomical distance
scales, show how a small set of genes can lead to an enormous number of combinations. These
numbers were not challenged for more than 30 years, until a team of physicists published an
entropy-based model, placing the diversity of human TCR to be around 10°' possible
rearrangements (Mora and Walczak, 2016), later revised to rather be around 10" (Dupic et al.,
2019). The last estimate emphasised on the existence of other factors influencing the seemingly

random process of VDJ recombination (see above).
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This chapter introduced T cell receptor generation as pseudo-random process. With such
an immense possible number of TCRs, we can define the notion of repertoire; the collection of
all possible TCRs that can be generated. We can further distinguish the theoretical repertoire,
defined by Mora and Walczak, which encompasses all possibilities without considering
impossible rearrangements or pseudogenes, from the virtual repertoire, which comprises all
viable combinations, and the available repertoire, which is the collection of all TCRs in an
individual. The theoretical repertoire is distinct from the other two, as it considers all possible
combinations beforethymic selection. In the following sections, we’ll see the principles of T
cell antigen-specific recognition through the TCR and its importance during the thymic

differentiation in driving clonal deletion.

1.1.3 Modalities of MHC recognition

Scientists in the 1950°s were trying to understand the principles of tissue rejection in
transplantation. The discovery of a set of proteins that genetically determined structures on the
cell surface that regulate immunological reactions, and the associated genetic mapping awarded
them the Nobel prize in 1980. The study of MHC recognition by the TCR in 1974 rewarded
Rolf Zinkernagel and Peter Doherty the Nobel prize in 1996 (R. Zinkernagel and Doherty, 1974;
R. M. Zinkernagel and Doherty, 1974). The major histocompatibility complex, or human
leukocyte antigen (HLA) in humans, is a polygenic and highly polymorphic set of genes that
are at the centre of self to non-self-recognition. MHC molecules can be distinguished into two
major type of genes, class I (MHC-I) and class II (MHC-II) MHC, with distinct expression
patterns in cells. A third group of MHC molecule will not be covered here as it is not involved
in antigen presenting and recognition. Likely due to evolution stress, the MHC complex
contains more than 200 genes, thousands of alleles, spans 4 megabases and more than 20

different loci (The MHC sequencing consortium, 1999).

1.1.3.1 Processing of antigens

MHC-I are expressed by all nucleated cells of the body and platelets, although some cells
are notoriously known to have low expression of it. The first MHC-I crystal structures
(Bjorkman et al., 1987; Saper et al., 1991) revealed a heterodimer comprised of three oo domains
(a1 to a3) and an invariant chain called the f2-microglobulin. The a1 and a2 form a groove,
spacious enough to accommodate a small peptide - the antigen. MHC-I presents peptides from

the intracellular components, such as self-molecules or altered-self (viruses, cancers). Briefly,
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antigens are processed by the proteasome, a complex expressed in all cells responsible for the
pre-processing of peptides before their loading onto the MHC. Proteins tagged for
ubiquitination (Wei et al., 2017) are sampled by the proteasome, where various families of
proteolytic molecules will prepare peptides. Peptides are then trafficked outside of the
endoplasmic reticulum and loaded onto the MHC by the transporter associated complex (TAP)
(Ortmann et al.,, 1994). If required, endoplasmic reticulum associated amino peptidase
(ERAAP) can further trim the peptide to accommodate the binding to the MHC-I (Serwold et
al., 2002). Final peptides are typically in the 8 to 10 amino-acid range, although the complexity

of non-covalent interactions and hundreds of polymorphisms allow exceptions.

On the other hand, the MHC-II is expressed by a restricted subset of cells, coined
professional antigen presenting cells, or APC. Among them, we can find dendritic cells, naive
B cells, and activated macrophages. This limited expression is linked to the source of peptides,
as MHC-II antigens are not internally produced, but rather captured through various
mechanisms such as endocytosis or phagocytosis. The processing pathway is also distinct from
the MHC-I. Native extracellular proteins are directed towards endocytosomes, acidic and
reducing compartments that facilitate their degradation. MHC-II is assembled in the
endoplasmic reticulum and transported to endosomes, where the suitable peptides are loaded
onto the MHC-II and then directed to the cell membrane. Final antigens presented are typically

in the 13-17 amino-acid range although, far greater were observed (Chicz et al., 1992).

A dedicated process called cross-presentation allows the presentation of extracellular
antigens, typically from MHC-II pathway, to be loaded and presented by MHC-I. This process
happens in healthy conditions, notably through autophagy (Dengjel et al., 2005). Recently,
Barbet et al. uncovered a novel function of how TAP blockade by viral infection was bypassed
by non-canonical presentation, allowing an efficient CD8 T cell priming and clearance of the
infection (Barbet et al., 2021). Thus, cross-presentation elicits balanced CD8" and CD4"

responses.
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1.1.3.2 TCR peptide and MHC

Typical cells express tens of thousands MHC-I molecules simultaneously (Kowalewski
et al., 2015), with constant renewal of antigen presentations. TCR-pMHC recognition works in
a multiple step program, where the T cells “scan” the pMHC complex with its TCR. In the
canonical model, the docking between TCR and pMHC first needs a stabilisation step,
independent of the peptide, to allow the docking of the TCR and MHC. CDR1 and CDR2 loops
permit the MHC scaffolding to bind to the TCR with hydrogen bounds and van der Waals
interactions (Wu et al., 2002). The first MHC recognition step is then followed by the “peptide
— scanning” phase. The affinity for the peptide is linked with stabilisation energy, where higher
stability leads to prolonged contact. The whole process is aided by co-receptors CD4 and CD8

-'--___/
. Figure 4: (left) A schematic representation of an aff TCR
APC — expressed on the surface of a CD4" cytotoxic T cell,
' MHC-II supported by a CD4 coreceptor, recognises an antigenic
' X () Peptide pepliide pi.‘e‘wmgd by an MHC class I molecule at the
surface of an antigen presenting cell.

CD4
TCR

and is highly dynamic (Figure 4). While CDR1 and CDR2 are considered static, CDR3 offer

T-cell | ™

the largest range of motion, and large conformational adjustment are observed between the
bound and unbound states (Garcia et al., 1998). These changes are linked to recognition
degeneracy, as a single TCR can accommodate multiple peptide bindings, sometimes with very
different properties. The angle of recognition can also be altered during docking, with reported

“tilt” of TCR angle to accommodate pMHC binding (Pierce and Weng, 2013).
MHC presentation is also dependant on the VJ genes usage.

MHC can influence the V(D)J usage. Indeed, V and J genes are the main contributors to
the TCR-pMHC complex stabilisation (Garcia et al., 2009; Sim et al., 1996; Zerrahn et al.,
1997). In the immunodominant public TCR to CMV peptide, isoleuciness located in the CDR2f3
region of the TRBV6-5 is implied in 7 van der Walls contacts with the HLA, the tyrosinesiof
CDRI1a in TRAV49 is implicated in 25 contacts with the peptide. This outnumbering of
contacts by CDR1a and CDR2p exceeds the number from CDR3a and CDR3f (Gras et al.,
2009). CDR1 and CDR2 are germline-encoded in the V region, while we have shown how
CDR3 diversity was generated through specific mechanisms (see 1.1.2.3). The higher
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Gene structure of a and B chains.
CDR1 and 2 are located on the V
gene, while CDR3 is sitting between
the V(D)J portion.
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Integrated schematic structure of the TCR-
pMHC binding. TCR a and B chain are in
close interaction with the pMHC complex.

MHC-I (left) peptides are smaller.

3-dimensionnal structure
of TCR-pMHC docking

Structural representation of the
MHC-peptide complex, with the
co-receptor CD4 (left) or CD8
(right). Peptide, in red, in
presented by the APC on the
MHC, forming a close synapse
with the TCR. The co-receptor
stabilizes the docking. Adapted
from David Goodsell, 2005.

Figure 5: From primary structure to 3 dimensional structure of docking.
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contribution of germline-encoded regions to stabilise the TCR-pMHC was later studied
as the “TCR germline bias”. (Feng et al., 2007; Garcia et al., 2009). this advocates for a co-
evolution between TCR and MHC (Blackman et al., 1986; Lu et al., 2019). The complete

intricacies of VDJ recognition,

from the primary structure of TCR chains to the 3 dimensionnal docking is represented

in Figure 5.

1.1.3.3 Cheating recognition with superantigens

A non classical way of recognition of antigens by TCR is independent of the peptide

presentation by the MHC. The term
was proposed by Marrack and
colleagues (White et al., 1989), after
they showed that mice administered
with staphylococcal enterotoxin B
(SEB) would experience the activation
of all T cells, both mature and
immature, bearing VB3 and V8 gene

families.

Superantigen were demonstrated

to be linked to MHC-II (Mehindate et Figure 6: Example of MHC-independent binding of Staphiloccocus
endotoxins B and H (SEB, SEH) binding to TCRV beta region.

al., 1995).  For the case of Comparison of the ternary TCR—superantigen—MHC complexes with
. SEB and SEH. All proteins are shown in ribbon representation. SEB (left

StathIOCOCCEll enterotoxin A (SEA), panel) is shown in orange and SEH (right panel) in yellow, the TCR a-

it would first bind to the MHC-II, then ;"};MOH,Z 1151052{1’/{)){; ;]:)eMT et b and MHC class (1 green
bind to VP regions. This would results in broad, polyclonal activation of T cells bearing those
Vs, of the order of 5 to 20% of T cell population. In humans, this non-specific activation of T
cells result in a toxic shock syndrome (TSS), caused by endotoxins produced notably from
Streptococcus pyogenes, Staphylococcus aureus (SA), and others (Marrack and Kappler, 1990).
When administered to an immature population, SA induces complete depletion of target T cells

bearing Vf in murine models; whereas on mature population it triggers a cytokine storm and T

cells unresponsiveness (Jenkinson et al., 1990; Kappler et al., 1987; Murphy et al., 1990).
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1.1.4 Autoimmunity, a necessary evil

The Nobel recipient and father of Immunology, Paul Erlich (Nobel prize, 1908)
postulated the “horror autotoxicus”, a theory suggesting that the human body was incapable of
mounting an immune response against itself. MHC was identified early on as the molecule
binding to the TCR and presenting the peptide by their hypervariable regions (Chothia et al.,
1988; Davis and Bjorkman, 1988). However, given the very high number of possible T cell
structures, some of the generated T would inevitably react to self-peptides. Indeed, mechanisms
of tolerance exist in the immune system to avoid such a tragic fate. Kappler and colleagues
demonstrated that immature, autoimmune thymocytes would be deleted in the thymus during
their maturation process (Huseby et al., 2003; Kappler et al., 1987). I will detail now how the
selection processes in the thymus limits the egress of autoreactive clones, and the mechanisms

involved in the establishment of tolerance.

1.1.4.1 The thymus, deadly school for T cells

Every day, millions of thymocytes migrate to the thymus, but only a small fraction of
them actually survive its supposedly strict selection. Both experimental (Egerton et al., 1990)
and mathematical approaches (Thomas-Vaslin et al., 2008) estimate that around 95% of
thymocytes die before reaching maturity. This figure is significantly higher than the theoretical
prediction of 70% producing a non-productive TCR (see 1.1.2.3). Indeed, T cells undergo two
highly selective rounds of selection that profoundly shape the available repertoire of TCR as
they leave the thymus and enter the periphery. Predicted by Burnett in 1959 (Nobel Prize 1960)
(Burnet, 1959), this process known as the thymic positive and negative selection, addresses the
need to select T cells that can interact with an MHC molecule, but also do not react to self-
peptides. Indeed, an effective selection would only allow cells that can recognise the self (self
MHC molecules) but also distinguish foreign peptides, preventing auto-reactive disorders and

therefore supporting tissue and organism integrity.

The thymus located in the anterior superior mediastinum is composed of two pyramidal
lobes, each comprising of a central medulla and an outer cortex. Immature thymocytes produced
in the bone marrow enter the thymus through the blood circulation at the corticomedullary
junction, before joining the cortex region. Thymocytes are a heterogeneous population, where
their phenotype characterises the steps of their maturation. When they enter the thymus, they

do not express the lineage marker of mature T cells, CD4 and CDS, and are called double
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negative (DN). DN will undergo the rearrangement of their TCRp locus, during four stages of
maturation, ranging from DN1 to DN4. Thymocytes will express both CD4 and CDS after
successfully rearranging their B chain. These CD4" CD8" double positive cells (DP) migrate to
the thymic cortex and rearrange their TCRa locus. DP cells with a functional aff TCR will be
challenged by central thymic epithelial cells (cTec) with self-peptide-MHC complexes. DP
unable to recognise a pMHC will undergo apoptosis, also called death by neglect (Bertolino et
al., 1999). T cells that react with a high affinity to pMHC will also go through apoptosis, a
process called clonal deletion. This step, called positive selection, is also the first one to initiate
the lineage commitment to CD4 or CDS single positive (SP) cells. SP cells then migrate to the
medulla where they will be challenged by medullary TEC (mTEC) to recognise self-peptide-
MHC complexes. T cell bearing a TCR with a high affinity for self will be clonally deleted in
a similar manner as during positive selection. In the CD4" thymocytes however, T cells with an
intermediate/high affinity for self-peptide will be selected and enter in a distinct, specific
program and commit to the CD4" Trec cell subset (Coutinho, 2005) . After 4 days of medullary
challenge (McCaughtry et al., 2007), SP thymocytes will express the sphingosine-1-phosphate
receptor (S1PR1) and CD62L (Carlson et al., 2006), which will allow their egress to the blood
vessel and their new journey into the periphery and be locked into a quiescent, Go state (Zhang

et al., 2018) until their reactivation.

This schematic view of the thymus highlights its role as a very strict selective school for
T cells. The multiple rounds of selection are here to ensure that all T cells can interact with self-
MHC, but not necessarily get activated to self-peptides, unless for a restricted subtype of
regulatory T cells. From this step, emerges the concept of tolerance, or how the immune system

controls the unavoidable autoimmunity imposed by the diversity of TCR, MHC, and peptides.

1.1.4.2 Central tolerance and its imperfections

During their generation in the thymus, T cells arising with reactivity to self-antigens are
deleted. This process prevents autoimmunity and has been coined central tolerance. We have
mentioned in 1.1.4.1 how clonal deletion ensured that TCR with high affinity would undergo

apoptosis. I will detail here how TECs are the key actors of central tolerance.

Cortical TECs are responsible for positive selection, ensuring TCRs can recognise the
MHC. DP thymocytes survive the positive selection by repetitive engagement of their newly

rearranged TCR (Sakaguchi et al., 2003). TCR engagement restores the transcriptional activity
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of those thymocytes, while those cells dying by neglect would engage in caspase-3 mediated
apoptosis (Mingueneau et al., 2013). Evidence exists for clonal deletion at this stage but it

accounts for a small part of the total(McCaughtry et al., 2008).

Medullary TEC are crucial for the negative selection. mTEC express the autoimmune
regulator (A/RE) gene. The AIRE gene (Autoimmune Regulator) is critically important for the
development of central immune tolerance in the thymus. Indeed, thymic selection would require
thymocyte export the periphery for them to encounter MHC bound to tissue-specific antigen
(TSA) and comprehensively sample the self-peptidome. This process was not retained during
evolution, probably because it would allow autoreactive antigens to roam freely, instead of
having them trapped and centralised in an organ. Instead, evolution selected this unique
mechanism of ectopic expression of self-antigens (Saltis et al., 2008). Chromatin analysis
revealed how AIRE regulates ectopic gene expression through histone modifications and
activates the RNA polymerase II recruitment (Kumar et al., 2001; Org et al., 2009), and its
transcriptional targets could be modified by its microenvironment (Guerau-de-Arellano et al.,
2008). AIRE-expressing mTEC display a high renewal and form a sponge-like network in the
medulla, optimised with their presentation functions (Gray et al., 2007). Each mTEC shows a
high single-cell heterogeneity. Genes are expressed in modules in a semi-random fashion
(Brennecke et al., 2015; Dhalla et al., 2020; Meredith et al., 2015) and the proteome they
express can change during their lifespan (Pinto et al., 2013; Tykocinski et al., 2010). As such,
AIRE-expressed genes seem to work in small clusters of co-expression. Authors have
hypothesised that it could be related to organ-expression patterns, and mTEC would be
specialised cell types from deep tissues, however this was not supported by confronting

transcriptomes of mTEC to known cell atlases (Meredith et al., 2015).

mTEC also guide the fate of regulatory T cells, crucial actors of peripheral tolerance.
AIRE-deficient mice are unable to redirect Treg biased clones to a regulatory phenotype
(Malchow et al., 2016, 2013), which will harbor a typical CD4" effector phenotype, leading to

systemic autoimmune disorders.

Altogether, TEC are professional self-peptides presenting factories, either through 1)
optimal peptide generation or ii) efficient self-proteome sampling and presentation to
thymocytes. They efficiently suppress autoreactive TCRs bearing cells with high affinity

contact to MHCs or self-peptides antigens by triggering apoptosis on immature thymocytes.
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1.1.4.3 The issue of leaky central tolerance

It was quickly observed that the thymic quality control is not perfect and autoreactive
clones manage to escape to the periphery (Gammon and Sercarz, 1989). This observation was

expected given the prevalence of autoimmune diseases in the population.

Eventually, negative selection cannot stop all autoreactive clones, as it may only spot the
most reactive ones, but let the low avidity ones escape (Zehn and Bevan, 2006). Don Mason
(Mason, 1998) estimated there are more than 10!7 “presentable” peptides on a MHC-II. If the
number of genes expressed in a tissue is around 11 000, AIRE allows the ectopic expression of
more than 19 000 genes out of the >25 000 coding genes in the genome, but only a fraction at
a time (Meredith et al., 2015; Ramskold et al., 2009; Sansom et al., 2014). The difference in
these numbers suggests that i) AIRE cannot express all the self-peptides, i1) each thymocyte is

unlikely to encounter every peptide during its 4 days span and be actively deleted.
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1.1.4.4 Peripheral tolerance

At 20 years old, there are more than 300 million mature T cells produced from the thymus
every day (Bains et al., 2009). To account for the likely massive flow of autoreactive clones
egressing from the thymus, a second type of tolerance has been selected during evolution and
take place in the peripheral organs. This highly distributed and efficient immune surveillance
system ensures that those uninvited guests do not cause uncontrolled havoc. Peripheral
tolerance relies on 5 main mechanisms: quiescence, ignorance, anergy, exhaustion, and
peripheral induction of TreG (reviewed by ElTanbouly and Noelle, 2021) happening at the
different stages of T cell life (Figure 7).
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Figure 7: Temporal schematic integrating the tolerance checkpoints at each stage of the peripheral T cell
lifespan. Six tolerance checkpoints exist and integrate to regulate T cell responses at all stages. These T cell
regulatory checkpoints start at the naive T cell stage, where quiescence and ignorance enforce T cell tolerance.
These checkpoints occur before T cell activation by cognate antigen encounter and priming. After antigen-specific
T cell activation, co-stimulation-deficient T cell receptor (TCR) signalling can trigger anergy, which enforces T
cell hyporesponsiveness and limits T cell responses to inappropriate stimuli (such as self-antigens). Such
tolerogenic activation can also induce peripheral T cell deletion, known as tolerance-induced cell death. In
periphery, effector T cells can be converted to peripheral Trec under specific signals. Adapter from ElTanbouly
and Noelle (2021)

Quiescence: Recent thymic emigrant T cells (RTE) have been shown to be quiescent, a state
that is tightly regulated by overlapping genetic pathways (Zhang et al., 2018). Such programs
set a threshold for activation of naive T cells, meaning that only those that will receive a
sufficient signal through their TCR will effectively leave this resting state. Therefore,
quiescence prevents T-cell spontaneous activation. Disruption of the genetic pathways involved
in quiescence such as transcription factors Runx1 or c-Rel leads to autoimmune diseases in
mice models (Chang et al., 2011; Wong et al., 2012).
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Ignorance : Transgenic murine models expressing a viral protein failed to elicit an autoimmune
response (Jolicoeur et al., 1994). However, tolerance was removed if mice were then inoculated
with the virus and T cells would eventually destroy B-islets (Ohashi et al., 1991; Oldstone et
al., 1991). These early experiments showed how the immune system would ignore antigens not
filtered by central tolerance, Ignorance is the absence of immune response of T cells against an
antigen that would normally, given a specific context such as inflammation, trigger their
activation. It does not affect their capacity to activate, would it be in the presence of the correct
co-stimulation signals or cytokines (Cao et al., 2015; Heath et al., 1992; Mamula et al., 1992;
Zehn and Bevan, 2006).

Anergy : Distinct from ignorance and quiescence, anergy is the induced unresponsiveness of a
T cell after the delivery of a strong TCR signal mediated by other cells (Jenkins and Schwartz,
1987; Schwartz, 2003). This state is reversible in the presence of IL-2 (Beverly et al., 1992;
Essery et al., 1988), but also integrates many other signal with other co-stimulatory molecules

such as CD28, CTLA-4, or Ox40 (Krummel, 1995; Lathrop et al., 2004).

Exhaustion: Extensively covered because of its major role in tumor escape, T cell exhaustion
does not play a role in pathogenesis of autoimmune diseases. Rather, exhaustion is used as a
marker of T cell activation in the immune response in systemic lupus erythematous (SLE), type
1 diabetes (T1D) or multiple sclerosis (MS) (Lima et al., 2021; Pender et al., 2017; Wiedeman
et al., 2020). Occurring after their continuous activation, T cell will gradually lose their effector
functions and enter in an exhausted state. Often seen through the prism of cancer, and thus
detrimental, exhaustion has been demonstrated beneficial for maintaining tissue integrity in

case of prolonged inflammation.

Peripheral Trec induction: mechanisms uncovered was the extra-thymic generation of TreG.
CDA4 T cells display a phenomenal plasticity, and can transdifferentiate into many subsets (see
1.1.1). De novo generation of Trec happens in the periphery, where conventional T cells will
acquire a partial Trec transcriptional and functional signature (Feuerer et al., 2010; Kretschmer
et al., 2005). Albeit not as fully suppressive as their native, thymic counterparts, induced TreG
are nevertheless critical for tissue homeostasis, notably gut (Lathrop et al., 2008), as well as
several allergic (Curotto de Lafaille et al., 2008; Josefowicz et al., 2012) and autoimmune

context (Huter et al., 2008; Lombardi et al., 2012; Mottet et al., 2003).

Understanding T cell control of autoimmunity in the periphery provides a foundational

insight into the intricate mechanisms that regulate our immune system's responses. This
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knowledge not only sheds light on the prevention and management of various autoimmune
disorders but also carries significant implications for the field of cardiovascular health. By
exploring how T cell dysregulation can extend its influence into the cardiovascular system, we

can uncover the intricate interplay between immunity and heart health.
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1.2 CIRCULATING T CELLS IN CARDIOVASCULAR DISEASES

1.2.1 Current state of cardiovascular diseases

Cardiovascular diseases (CVD) is a general term that encompass a wide range of
circulatory or cardiac diseases with very different aetiologies. The European Society of
Cardiology (ESC) conducts an annual survey to describe the evolution of CVD landscape in all
its 56 member countries. According to the 2022 survey from the European organisation, CVD
is the leading cause of death in Europe (Timmis et al., 2018). With more than 4 million deaths
in 2019 (2.2 million death in females and 1.9 million in males), it is far more common than
cancer (2 million death reported). Among the different CVDs, ischemic heart diseases are the
major cause of mortality represented, accounting for 45% of these deaths in females and 39%
in males. This poses a major financial burden on economies with an estimated cost of 210
billion euros per year in 2015, with more than half of it (110 billion, 53%) due to healthcare
costs. Inequalities between higher and lower income countries participate to further increase
the burden of lower income countries, where higher income countries have a better access to

high quality care with fewer patients.

An abundant literature review from clinical trials and epidemiologic studies have
concluded that CVDs were largely preventable, especially for younger people. Indeed, despite
rare genetic factors, most CVD risk factors are non-heritable. They include poor lifestyle habits,
such as dietary risk factors, low physical activity, smoking, high systolic blood pressure, high
cholesterol, or high body mass index (BMI) (Wilkins et al., 2017). Alcohol consumption has
been reported as not impacting, or even associated to protective effect in some countries,

however it is not recommended (Suliga et al., 2019).

Ischemic heart diseases are heritable. These complex diseases are not monogenetic, but
rather very polygenic. The 1000 genome project (McVean et al., 2012), massive sequencing of
14 populations and 1092 complete human genomes, set the ground for genome-wide association
studies (GWAS). The CARDIoGRAMplusC4D Consortium identified 44 loci across the
genome linked to coronary artery disease, where mutations in these loci were found associated
to vessels walls, lipid metabolism or inflammation (Nikpay et al., 2015). Similar studies were
conducted for ischemic stroke (Malik et al., 2018) or peripheral artery disease (Klarin et al.,
2019). They highlighted the complexity of circulatory diseases, where the inheritance of genetic
factors is aggravated in presence of behavioural factors. In peripheral artery disease (PAD),

tobacco consumption has been directly linked to thrombotic sequelae (Holst et al., 2010), and
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carriers of factor V coagulation variant (F5 p.R506Q) had greater effects of PAD on smokers
than non-smokers. This is even more conspicuous when seemingly innocent habits can have
long time impacts patients’ health. It was demonstrated how nuts consumption had a beneficial
effect on CVDs, where walnut intake was associated to 17% reduce risk of strokes, and global

intake of nuts is beneficial for individuals in reducing CVD (Guasch-Ferr¢ et al., 2017).

1.2.2 Immunological basis of CVDs: example of myocardial infarction

The CVD landscape is very large and encompasses many aetiologies. Here, I will focus
on how the immune system, and especially T cells, are involved in acute myocardial infarction
as an example, before diving into the other CVDs. I will detail here what are the origins of this
disease, and what are the immunological mechanisms for its onset and resolution, and how we

can extrapolate these findings to other diseases.

1.2.2.1 Mpyocardial infarction

Acute myocardial infarction is a circulatory incident happening after one or more of the
coronary arteries stop perfusing the heart. Blood flow interruption is often caused by the
obstruction of the coronary arteries, followed by blood clot or rupture of atherosclerosis

plaques, the fatty deposits that build up on vessel walls and can break off suddenly.

During infarction, oxygenated blood does not perfuse the heart anymore of a prolonged
period of time. Affected cardiac cells die en masse under these hypoxic conditions, around a
damaged darker zone of necrotic cells called the infarcted area. Size of initial infarct varies

greatly between patients, and impacts further recovery.

The heart however, is a unique tissue. In adult mammals, myocardium displays poor
regeneration functions. The cardiomyocytes, crucial for the pumping function, are non-mitotic
after birth, which explains how rare primary cardiac tumours are. Estimates from '*C tracking
showed how only 0.5 to 1% of cardiomyocytes are regenerated a year (Bergmann et al., 2009).
Due to this limited proliferation, injuries are not healed through regeneration but with scarring.
The process is far less efficient than restoring the initial cells, as scarring involves fibrosis, a
collection of cross-linked collagen fibres. This makeshift repair offers diminished cardiac

contractility, and ultimately leads to complications in surviving patients (Bayat et al., 2022).

A massive inflammation arises from the massive, sudden death of cardiomyocytes,

fibroblasts and other cells from the myocardium. Indeed, hypoxia-mediated necrosis releases
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many pro inflammatory factors, triggering the Toll-like receptors of surrounding cells and
switching them toward a pro-inflammatory state (Chong et al., 2004; Fu et al., 2018; Heidt et
al., 2014). This early response is necessary for the recruitment of the innate immune system and
the rapid clearance of debris by macrophages. Dying cells will secrete and activate matrix
metalloproteinases (MMPs). These proteinases play a role in breaking down cellular and matrix
components, assisting phagocytic macrophages in the removal of necrotic tissue (Spinale,
2002). This highly inflammatory environment activates monocytes that differentiates into pro-
inflammatory macrophages, which further fuels inflammation for several days. Cell recruitment
is at peak during days 3 to 7, where the myocardium infiltrate slowly switches towards pro-

repair cells, such as tissue macrophages or Trec. (Yan et al., 2013).

1.2.3 An ambiguous role for T cells in CVD, example in myocardial infarction

Despite research heavily focusing on myeloid populations such as neutrophils or
monocytes, T cells are key actors in myocardial infarction. T cells are present in relatively low
numbers compared to other immune cell types in the myocardium, even after myocardial
damage (Yan et al., 2013). Their contribution is however crucial, as abundance does not
correlate with function here, as they will rather interact and shape surrounding cells, rather than
exert direct functions on the tissue (reviewed by Hofmann and Frantz, 2015). One hallmark of
lymphocytes implication here is the expansion of cardiac draining lymph nodes. In multiple
models, myocardial injury leads to enlargement of mediastinal lymph nodes, whether it is
murine (Ramos et al., 2017), rats (Ramos et al., 2012), or humans (Rieckmann et al., 2019;

Sintou et al., 2020).

T cells are observed in the infarcted area minutes after restoration of blood flow, likely
brought from the circulating population (Hoffmann et al., 2012; Yang et al., 2006). Their
migration toward the injured organ is helped with the upregulation of adhesion molecules,
notably ICAM-1, by local myocardial cells caused by inflammation (Devaux et al., 1997). T
cells will localise around vessels and extravascular space; In a murine model of transversal
aorta constriction (TAC), global T cell depletion by TCRa knock-out (KO) mice did not
develop heart failure compared to sham controls. Similar results were obtained independently
by depleted B and T cells. In RAG2-KO mice, depletion of adaptive immune populations
prevented cardiac dilation and attenuated cardiac dysfunction at 6 weeks post intervention
(Laroumanie et al., 2014). T cell subsets contribution to the immune response is still debated

among T subsets.
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Figure 8: Interplay between the cardiac and draining lymph nodes compartments. At the steady state, cardiac tissue and
infiltrating macrophages present self-antigens to naive T cells, contributing to peripheral tolerance. During infarction
(right), self-antigens and inflammatory signals are released. It activates dendritic cells and macrophages, which in turn can
present cardiac antigens to infiltrating T cells. Antigen can also be transported to lymph nodes where they can be presented
to T cells. Activated T cells can then move to the infarcted zone by chemotaxis.

1.2.3.1 CD4* effector T cells

Investigating the role of CD4" T cells in myocardial infarction was done by several
groups. Using MHC-II KO mice, Stefan Frantz’s group showed that absence of CD4" T cells
leads to increased mortality in mice at 56 days (Hofmann et al., 2012). The poorer cardiac repair
in CD4 depleted mice was linked with an increased pro-inflammatory monocyte infiltration,
suggesting a beneficial role for CD4 T cells in modulating the innate response. Two other
experimental studies on the same model found a detrimental role of T cells after their depletion,
showing that CD4" T cells in TAC model was associated with adverse cardiac remodelling,
increased fibrosis, increased macrophage infiltration and worsening of cardiac contractility
(Laroumanie et al., 2014; Nevers et al., 2015). This opposition between positive and detrimental
inflammation can be attributed to the different dynamics of the chronic (TAC) or acute (MI)
damage. Nevertheless, these results confirm the highly crucial role of CD4" T cells in the

myocardial immune response.

Authors suggested distinct roles of T cell subsets, notably Thl, Th2 and Tregs, which
may explain the contradicting results. Thl subset has been involved in atherosclerosis, an

inflammatory driven CVD, where they have been shown to secrete pro-inflammatory IFN-y
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and fuel tissue damage (Frostegard et al., 1999). In patients with inflamed hearts, IFN-y levels
are increased and Thl imbalance is associated with adverse cardiac remodelling and poorer
prognostic (Cheng et al., 2005; Fukunaga et al., 2007). IFN-y-related deleterious effect of Thl
has been confirmed in murine TAC models, where they were shown to transition myofibroblast
towards a pro-fibrotic profile (Nevers et al., 2017). IFN-y secretion also drives the polarisation
of macrophages towards a pro-inflammatory profile (Sica and Mantovani, 2012).
Overabundance of inflammatory macrophages, or lack of switch towards regulatory profile, is

associated with cardiac dysfunction (Shaojun Liu et al., 2020).

Th2 cells have classically been reported as beneficial for cardiac repair. While no specific
mechanism has been demonstrated, the results focus on the dampening of negative outcomes
induced by the polarisation towards a pro-inflammatory Th1 response. Of note, one study found
that Th2 response could be considered as pro-inflammatory, and failing murine hearts induced

local damage from Th2 cytokines (Bansal et al., 2017).

Pro-inflammatory Th17 cells have been described with ambivalent role in atherosclerosis
(Taleb et al., 2015), or promoting heart failure in human myocarditis (Myers et al., 2016).
Expanded after MI in the peripheral blood, with all other T cell subsets (Bansal et al., 2017),
Th17 also infiltrate the infarcted tissue after their activation. Interestingly, IL-17A, Th17
signature cytokine, has been associated with being proapoptotic in cardiomyocytes, profibrotic
in cardiac fibroblast, and proinflammatory in macrophages in vitro (Yan et al., 2012). Authors
noted however that 90% of IL-17A producing cells are yd CD4" T cells, suggesting a modest
contribution of Th17. A rare study in neonatal mice investigated how Th17 cells prevented

cardiomyocytes proliferation in vitro (Li et al., 2020).

1.2.3.2 Regulatory T cells

Although T effector role is subject to debate, there seem to be a scientific consensus on
the contribution of Trec. Abundantly present in circulating blood and as tissue-residents, they
display specific phenotype and functions depending on the target organ, whether it is in muscle
(Burzyn et al., 2013), aorta (Li et al., 2022), heart (Xia et al., 2020), their unique properties
confer a protective effect on tissues. Treg play a central role in myocardial repair, as they
regulate inflammation, provide cytokines for phenotype switch of macrophages and dendritic
cell, and induce neo-angiogenesis. Depletion of TreG has been extensively done and reported.

Frangogiannis group reported a modest but positive anti-inflammatory role (Saxena et al., 2014)
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on fibroblast by secreting immunomodulatory proteins IL-10 and transforming growth factor 3
(TGF-B). Trec also exert paracrine effects on cardiomyocytes through the secretion of 6 other
molecules, promoting their proliferation in vivo (Zacchigna et al., 2018). Non-specific
activation of Trec following infarction showed improved healing and survival in mice
compared to sham, where Trec fostered M2 polarisation of macrophages population and
myofibroblast activation (Weirather et al., 2014). Confirming the beneficial role of activated
Trea, the peripheral induction of Trec (iTreG) by pro-tolerogenic dendritic cells or cardiac
progenitor cells has been reported as beneficial for cardiac repair (Choo et al., 2017; Mishra et
al., 2022). In line with their diverse arsenal, TreG phenotype characterisation showed all cells
do not contribute equally, as CD69" were positively correlated with patient outcome by
dampening IL-17 pro-inflammatory role (Blanco-Dominguez et al., 2022). Investigating
specificity, Delgobo and colleagues showed how the injection of monoclonal Trec specific to
a-myosin lead to rapidly blunted inflammation, improved fibrotic repair and re-vascularisation

(Delgobo et al., 2023).

An ongoing, promising, clinical trial has been started, harnessing the positive impact of
Trec in myocardial repair. The Low dose interleukin-2 in patients with stable ischaemic heart
disease and acute coronary syndrome (LILACS) trial is using the autologous expansion of TreG

to patients with stable ischaemic heart disease by providing low-dose IL-2 (Zhao et al., 2020).

1.2.3.3 CD8 T cells

CD8" T cells might be the most intriguing subset today. They were reported early on as
activated after MI and able to kill cardiomyocytes in vitro. Even if present in large numbers
after the infarct, they were initially reported as bystanders, without much importance. Indeed,
studies have shown that depletion of CD8 T cells had no impact on cardiac functions or mice
survival in various cardiovascular contexts (Elhage et al., 2004; Laroumanie et al., 2014; Li et
al., 2020). Recently, a new interest has been found in dissecting CD8" T cells role in cardiac
diseases. A thorough, multi-model study demonstrated however how CD8 T cells drive adverse
post-ischemic cardiac remodelling (Santos-Zas et al., 2021). Ait-Fella and colleagues
experimentally determined that activated CD8" T cells infiltrated the myocardium after MI.
They demonstrated that granzyme B-mediated cytotoxicity was the main mechanism for cardiac
destruction from CD8" T cells, and ablation of T cells or granzyme B deficiency was protective
in mice. Similar results were obtained in pig models of cardiac ischemia. Authors further proved
clinical relevance by showing that patients with elevated granzyme B had poorer prognostic.

33



Single-cell observations in human failing hearts suggested that most CD8" T cell rapidly
become exhausted, a positive outcome given their cytotoxic functions (Rao et al., 2021). CD8"
T cells have been more broadly associated with CVD. A subset of CD8" T cells, CD95"CD8"
stem cell memory T (CD8 Tscwm) cells, have been linked with CVD risk at large, estimated by
Gensini score (Padgett et al., 2020). In this cohort of patients, authors could positively correlate

the amount of Tscwm to higher risks of strokes, myocardial infarction or atherosclerosis.

1.2.4 T antigens in cardiovascular diseases

1.2.4.1 Cardiac antigens

CVDs are inflammatory driven diseases with antigen specific responses identified. In the
heart, a-myosin has been described very early on autoimmune target (Donermeyer et al., 1995;
Pummerer et al., 1996). Specifically, these studies highlighted the cardiac myosin heavy chain
alpha (Myhca) residues 334-352 to elicit autoimmune myocarditis by MHC-II restricted
presentation. Other positions have been described in autoimmune contexts (Axelrod et al.,
2022; Krebs et al., 2007; Nindl et al., 2012). Screening for other cardiac epitopes in mice has
been unsuccessful. Rickemann and colleagues identified a collection of 8 heart-enriched
proteins and tested their immunogenicity (Rieckmann et al., 2019). They generated 15 mers,
MHC-II restricted from the putative autoantigens and cultured them with splenocytes, however
only Myhca lead to IFN-y and IL-2 production from T cells. Interestingly, Myhca was also
found to activate T cells in vitro in sham mice, confirming the natural immunogenicity of the
protein. The same group investigated a MI cohort and identified cardiac-specific isoform
adrenergic receptor 1(ADRB-1) as a target in patients but not in healthy volunteers (Hapke et
al., 2022). Cardiac-specific T cells seems to target native proteins normally expressed by cells,
but not neo-antigen or shock proteins. Administration of a-myosin specific CD4" T cells (TCR-
M) in mice has shown to improve post-MI cardiac remodelling by in vivo reconversion of Th
cells towards iTreG profile (Nindl et al., 2012; Rieckmann et al., 2019). a-myosin specific T
cells are not restricted to the injured organ and can be found in the circulation of patients with

cardiac diseases (Fanti et al., 2022).

Neoantigens formed during oxidative stress have also been identified. Isolevuglandins
(isoLV) are arachidonic acid derivative formed under oxidative stress that were known to

activate pro-inflammatory DC and T cells, and promote hypertension (Kirabo et al., 2014). In
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non-ischaemic infarction, the same group demonstrated how isoLVs acted as MHC-II

neoantigens in cardiac pressure overload models (Ngwenyama et al., 2021).

1.2.4.2 Vascular antigens

Atherosclerosis is another CVD where T cell autoantigens were investigated, as T cells
dominate the atherosclerotic plaque immune landscape (Fernandez et al., 2019; Jonasson et al.,
1986). There is active presentation of peptide in plaque, with many APC infiltration, and
evidence of recent TCR engagement in activated plaque T cells (Depuydt et al., 2023). There
is document basis for of an autoimmune, T specific driven response in atherosclerosis.
Atherosclerotic infiltrating T cells reactive to oxidised lipoproteins and heat shock proteins have
been identified in murine Apoe-KO mice by Immunoscope (Paulsson et al., 2000). Trea specific
T cells specific to ApoB-100 protein, promoter of atherosclerosis, have shown to be linked to
worsening of the disease (Wolf et al., 2020). Zinc transporter protein 9 (Zip9) protein, an
androgen receptor and atherosclerosis promoter, was found to be expressed in the
cardiovascular endothelium (Thomas et al., 2014). Chowdbhury and colleagues showed how
APC presenting Zip9 peptides APC induced CD4" T cell activation in vitro. Tetraspanin 17,
another endothelial transmembrane protein, was also found to be an autoantigen in

atherosclerotic plaques (Chowdhury et al., 2022).

1.2.4.3 No tolerance policy

The number of cardiac or endothelial autoantigens identified demonstrates how most
inflammatory diseases could be branded as autoimmune. The basis for tolerance rupture do not

seem to be identical across aetiologies, however.

One main driver identified has been molecular mimicry, where a pathogen and a host
display similar peptides. It was described for coxsackie B3 virus induced myocarditis. In this
example, molecular similarities between the M protein of coxsackie capsid protein and several
cardiac myosin lead to myocarditis in patient and murine models (Manjula et al., 1985). Other
viruses have been reported to induce myocarditis by similar mimicry mechanisms such as
influenza viruses or myxovirus infection. In atherosclerosis, Chlamydia pneumoniae proteins
are suspected to fuel immune response (Kuo et al., 1993). Expansion of CD8" T cells specific
to common viral antigens influenza, cytomegalovirus, or severe acute respiratory syndrome

coronavirus 2 (SARS-CoV-2) were reported inside coronary plaques by Chowdbhury and
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colleagues, but not by Depuydt et al. (2023). The protozoan parasite Trypanosoma cruzi
responsible of Chagas disease induces a cross-reactive T cell immune response targeting
myosin-B13 (Coatnoan et al.,, 2009; Cunha-Neto et al., 1996), eventually leading to

myocarditis.

Activation of T cells does not necessarily require the recognition of an epitope by the
TCR, as they can be activated by bystander effect (Unutmaz et al., 1994). This is a known
mechanism of activation in very inflammatory conditions such as hepatitis (Kim et al., 2018)
or coxsackie-induced type I diabetes (Horwitz et al., 1998). Several reports have linked
superantigen and autoimmune diseases. In CVDs, such mechanisms were reported as
contributing but not founding events. For instance, viral infections have been reported as
detrimental in atherosclerosis, by fuelling inflammation from the inflammatory cytokines

released to fight the infection (reviewed by Libby et al., 1997).

1.2.4.4 Superantigens

Although superantigens not being strict antigen responses, there are documented
superantigen responses implied in CVD aetiologies. Kawasaki syndrome is an acute systemic
inflammation affecting primarily children under 5 (McCrindle et al., 2017). It often implies
cardiovascular inflammatory complications, such as myocarditis or polyarteritis potentially
leading to coronary artery aneurysms. Although the causative agents are, as of today, not
completely understood, there is strong suspicion of an SA trigger. Indeed, the circulating T cells
in Kawasaki syndrome represent abnormal elevation of certain VB families, where VB2 is
consensual (Abe et al., 1992; Curtis et al., 1995; Pietra et al., 1994). VB2" CD4" and CD8" will
also preferably infiltrate the inflamed organs such as the myocardium or coronary arteries,
suggesting a sustained superantigen activation in those organs (Curtis et al., 1995). As typically

observed in SA responses, VB2" cells are highly polyclonal (Abe et al., 1993).

Risk factors meta-analysis identified genetic polymorphisms associated with Kawasaki
diseases, most of them being linked to immune system activation. Authors identified for
instance secreted cytokines IL-6, IL-10, TNF, lymphocytes activating factors CD40, PD1 or
HLA genes (Onouchi et al., 2007; Xie et al., 2018), confirming the instrumental role of T cells.
Single-cell sequencing has been recently performed on circulating immune cells of Kawasaki
patients before and after therapy, confirming most of the GWAS observations made above

(Wang et al., 2021). Although the authors used single-cell sequencing to do TCR tracking
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between timepoints, they discarded clonotypes with counts below 3, which does not capture the

expected diversity of a polyclonal response.

Superantigens were also associated to endocarditis. Infective endocarditis is a
transmittible disease caused by Staphylococcus aureus. It brought concern to the scientific
community as being linked to multi drug resistance. In a rabbit model, it was shown that
infective endocarditis was dependant on the SEC produced by Staphylococcus aureus (Salgado-
Pabon et al., 2013). Investigation of the presence of SA expression in strains from sepsis shock
with endocarditis patients found the presence of several expressed genes, but could not conclude

on their definitive association with the pathology (Chung et al., 2014).

I have highlighted how pivotal T cells are for the progression and resolution of CVD,
including myocardial infraction, as well as in the initiation of autoimmune myocarditis (Anzai
etal., 2019; Won et al., 2022). The multiple T cell antigen described confirms the mounting of
an effective immune response. Several studies have employed T cell repertoire sequencing to
dissect the diversity, specificity and dynamics of T cells in patients with CVD. In
atherosclerosis, TCR sequencing was used to demonstrate expansions of autoimmune clones.
In immune checkpoint inhibitors treated patients, it identified cardiac-specific clones (Axelrod
et al., 2022), while in ischaemic hearts, it found diversity differences between healthy and

diseased hearts (Rieckmann et al., 2019; Tang et al., 2019).
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1.3 DECIPHERING THE TCR LANDSCAPE — A METHODOLOGICAL OVERVIEW

One complex, uncertain, profoundly stochastic object would remain hardly explored: the
TCR repertoire. It can be defined as the collection of all possible TCR that can be generated,
and then further declined between the theoretical and effectively selected one (see 1.1.2.3). The
issues were mainly technical, as its vast diversity could not be easily studied by cloning each
individual T cells. From the pioneering breakthrough in molecular biology and miniaturisation
emerged new technologies that will ultimately unleash the potential of TCR repertoire
sequencing, making possible to sequence billions of DNA reads in less than a week. From the
first experimental proofs to high throughput sequencing, I will detail the methods employed,
and the consecutive improvements brought to them that lead to the current state of the art
methods to dissect large-scale repertoires. In a constantly evolving field, analysis methods
paradigm opened the molecular-biology-centred TCR niche to ecology, mathematics and

informatics.

1.3.1 From T cells to TCR before NGS

1.3.1.1 The early days of TCR discovery

The first TCR observations were done on monoclonal murine and human “monospecific”
T cell lines, exploiting hybridomas technique (Baker et al., 1979; Gillis et al., 1978). T cells
were first identified by their reactivity to antibodies. The targets of antibodies derived from
clones OKT3, OKT4, OKT8 (Reinherz et al., 1980b, 1980a) would later become CD3, CD4
and CD8 proteins. First experimental isolation of the TCR was made using monoclonal
antibodies directed against an MHC-I specific human T-cell clone, CT8m (Meuer et al., 1983).
Immunoprecipitation of '?°I radiolabelled CT8m TCR were then electrophoresed on reducing
and non-reducing SDS-PAGE. This would reveal the o and § chains of the heterodimer TCR
(see Figure 1). From a murine TCR clone, Saito and colleagues (Saito et al., 1984b) published
the very first TCR complementary DNA (cDNA) complete sequences with the Maxam—Gilbert
method (Maxam and Gilbert, 1980) using radioactive labelling of bases.

The process got quickly refined and by 1990, the method used was already very similar
to current ones (Bragado et al., 1990). Retro-transcription (RT) of RNA of T cell clones was
performed, followed by polymerase chain reaction. Bragado et al. methods used a multiplex

approach, using the common constant 3 chain as their first primer, and a combination of 20
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oligonucleotides for each V- family described. Direct 3 4
Sanger sequencing (Sanger et al., 1977), instead of
relying on long and hazardous bacterial cloning, came
as arelief as it was a faster and more reliable sequencing

approach (Bhardwaj et al., 1993). Indeed, the use of

multiple primers scaled poorly, and in 1993 Bhardwaj et = w
al. introduced the very first challenge to multiplex E -’_'
approach. Rather than relying on 20 V-8 primers, they 7 ":"
designed a single wuniversal V-primer. Abstraction - N
comes at the cost of specificity, with 1/3rd of the N- j :‘ i
terminal VB sequence not being recovered. Authors in-i ."3 T

noted that “residual two-thirds of the V[ gene analysed

Figure 9: Direct sequencing of TCRf ¢DNA
amplified with the Vp-universal primer. Lane I,
T-cell clone 341-1 with Cp sequence primer.
Lane 2, T-cell clone 341-62 with Cf sequence
primer. Arrows indicate the positions where
JP1.5 and JB2.3 segments formed the mixed
ladder. Lane 3, T-cell clone 341-62 with Jp1.5
sequence primer, and lane 4, T-cell clone 341-
62 with JB2.3 sequence primer. From Obata et
al, 1993)

in this study would give enough sequence information to
identify VP genes at the level of their subfamily members
in most cases (62 of 71 known Vp members), providing
that the wunanalysable N-terminal sequences are
identical to the known Vf sequences”. Using universal
VB primers, it could be demonstrated how a single T cell
could rearrange two TCR f chains (Obata et al., 1993). As shown in Figure 9, amplification of
the region spanning the VB-CP region of a T cell clone in lane 2 is very blurry. Authors
hypothesised it was likely due to multiple TCRp being rearranged. By using two different J
primers (in lane 3 and 4) instead of the Cp, they could demonstrate how the clone in lane 2

rearranged two B chains.

1.3.1.2 Proteomic to molecular biology transition: the immunoscope era

These methods however, did not alleviate the need for more comprehensive data. Indeed,
with millions of T cells per mL of blood, manually sequencing dozens of TCR would reveal
too weak to observe large, dynamic immune responses. Fluorescent-conjugated antibodies
specific to each VP were first used in mice to demonstrate how negative selection lead to the
whole deletion of V8.1 (Kappler et al., 1988), used in cytometry to quantify expansions of
TCRs using these VP segments. Although rather limited as it confounds abundance and
clonality, this approach requires minimal preparation of sample while providing solid insights

on some specific diagnosis. VB cytometry is used in many clinical contexts : in haematology,

39



where T cell lymphoma can be detected by abnormally high V usage in T cell (Potoczna et al.,
1996; Puisieux et al., 1996); or during the first HIV experiments where major oligoclonal
expansions could be observed (Pantaleo et al., 1994). Still relevant today, VB cytometry can
detect abnormal expansion of T cells restricted to a specific TRBV as a fast and relatively cheap
alternative to sequencing. Due to its limitation (limitation of coverage of VJ genes and
simultaneous colors), it must be confirmed by molecular techniques (Langerak et al., 2001). VB
cytometry has been used to investigate multiple-inflammatory syndrome in children (MIS-C)
which harbour a high percentage of VP21.3" cells (Moreews et al., 2021), X-linked
immunodeficiency (Goldman et al., 1992), multiple sclerosis (Hafler et al., 1996) or rheumatoid

arthritis (Struyk et al., 1995).

Nevertheless, single cytometry does not cover a chains, as very few antibodies directed
against Vo families exist. Moreover, TRV cytometry does not provide information on the
clonality. To tackle this issue, a French laboratory lead by the immunologist Philippe Kourilsky
harnessed the properties of VDJ recombination and immune expansion. Given the varying size
of CDR3, he studied the TCR repertoire changes through its CDR3 length distributions (Cochet
et al., 1992; Pannetier et al., 1993). Integrating the intensity of CDR3 length fragments sizes on
a gel, they were able to estimate what they called the relative index of stimulation (RIS), for
which they derived a reliable indication of the emergence of a specific T cell clone. This
technique initially called Immunoscope, based on the software used to integrate peaks, allowed
for instance to identify oligoclonality in T lymphomas (Puisieux et al., 1996). Other groups
developed similar scores based on the same approach, but maintaining the important notion of
perturbation (Bomberger et al., 1998; Collette et al., 2004; Collette and Six, 2002; Gorochov et
al., 1998; Mariotti-Ferrandiz et al., 2016).

1.3.2 Emergence of NGS and ready-to-use kits

Usage of fluorescent compounds rather than radiolabelled di-deoxyribonucleotides
(ddNTP) (Smith et al., 1986) and capillary electrophoresis (Gocayne et al., 1987) opened new
perspectives for large-scale sequencing. Although the Sanger method was considered robust
(99,99% accuracy), it proved its limit for scalability. Indeed, the Human Genome Project, which
goal was to sequence the whole human genome, was heavily relying on it. It offered a solid

incentive for the development of better methods and is considered instrumental in the

development of NGS (Gibbs, 2020).
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1.3.2.1 2 generation sequencing

NGS is a misleading term, as it refers to pretty much any technology that is done at scale.
Instead, we will refer to it as n'-generation sequencing. TCR studies, as of now, are all based
on second-generation sequencing (SGS). SGS is based on the synthesis-based sequencing
(SBS) (Nyren et al., 1993), an assay where the addition of a labelled base could be detected on
an elongated DNA strand. This technique brought many industrials to race and develop SBS-
based sequencers, where [llumina (Illumina Inc.) is now leader and provides most sequencing

services for the TCR community.

[llumina developed a 4 channel SBS on their platforms HiSeq and MiSeq, based on
academic breakthrough (Bentley et al., 2008; Shendure et al., 2005). DNA templates extremities
are fixed on a solid surface and extended in a bridge-fashion (Adessi et al., 2000; Nyren et al.,
1993). During sequencing, 3'-modified nucleotides are used to elongate millions of DNA
strands in parallel. This prevents the elongation of multiple bases, until the addition of a reagent
restores the missing -OH, allowing a new cycle of 1 base elongation step. The terminator can
be removed enzymatically, hence termed reversible. This technology allows the synchronous
sequencing of millions of DNA bases simultaneously. Analysing the laser-excitation imaging
from single-molecule laser of the sequencing flowcells of every elongation step determines

which bases are incorporated for each cluster on the flowcell (Lundquist et al., 2008).

This offers four main advantages compared to previous methods, in the sense that is -

relatively- cheap, fast, reliable and highly scalable.

[Nlumina will further refine its method by using patterned flowcell. By having evenly
spaced and defined clusters, this greatly improves yield and better resolution of elongation
clusters. Illumina also introduced exclusion amplification (ExAmp) to this generation of
sequencer (Shen et al., 2014). Brought to HiSeq 4000, and above, and NovaSeq series, EXAmp
only needs two channels to call the four bases based on their binary detection leveraging the

kinetic properties of elongation.

1.3.2.2 Multiplex, RACE, DNA

Most of the current protocols to sequence TCR start from RNA transcripts. As [llumina’s
technology requires DNA templates, it would be required to retro-transcribe (m)RNA to DNA

first. TCR however, is made from semi-random rearrangements and although it would be
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possible to obtain full length TRC extremities, the TRV would require either i) a universal
primer before the TRV, ii) one primer for each known TRV, or iii) use a common V portion, at
the cost of not covering the complete V gene as already done in the past. Groups from the 90°s

used either ii) or iii).

One more approach was developed from (Frohman et al., 1988) looking to obtain full
length cDNA from variants mRNA, such as alternative splicing, they had to devise a method
that could capture all mRNA based on their poly-A tail, and then used a single primer to amplify
the different variants of a gene. The method, called rapid amplification of complementary ends
(RACE), was quickly used to analyse and discover TCR genes (Loh et al., 1989). Another
improvement came from template oligo switching (SMART technology), a reverse
transcriptase adding a custom anchor at the end of its first strand (Zhu et al., 2001). The most
common 5’RACE TCR sequencing kit is now acquired and developed by Takara Bio, using
both 5’-RACE and templated oligo-switching. Many other commercial kits exist, all with
specific constructs. An extensive list of all major protocols are listed and documented by

MiLaboratories (https://mixcr.com).

The biggest competitor to 5°’-RACE has been multiplex PCR. A multi-center project lead
by our laboratory (Barennes et al., 2021) offered an overview of different methods used to
sequence repertoires. In a thorough investigation, all partnered laboratories amplified and
sequenced TCRaf from standardised input samples. This showed the superiority of the 5’-
RACE approach in both coverage and reproducibility when starting from RNA. In house
multiplex methods have also been developed independently, showing the interest of the

community and the accessibility of the method (Montagne et al., 2020).

A big concern of multiplex based is the amplification bias due the high multiplexing of
primers (Okino et al., 2016). A similar doubt can be casted on RACE methods, which can also
be subject to early termination (Scotto—Lavino et al., 2006) or poor efficiency of the template

switch that adds the 5" adapter in only 20%—-60% of RNA molecules (Wulf et al., 2019).

To alleviate PCR biases, the addition of unique molecular barcodes (UMI) to DNA
fragments extremities before the amplification steps has been developed (Kivioja et al., 2012).
In short, UMI are small, random sequences used to track single cDNA molecules introduced at
early steps, so that each cDNA is tagged with a unique UMI through the complete protocol.
During preprocessing, sequences are first aligned to a reference genome and sequences with a

same UMI are merged, as they were amplified from the same original cDNA. UMI length vary
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between methods and manufacturers. For instance, TaKaRa uses 12 random nucleotides, with
a fixed 4 bases linker, along with their 8 base long indexing (SMART-Seq® Human TCR,
TaKaRa Bio), which would allow a maximum of ~10* unique molecules barcoding with single-

end sequencing (Best et al., 2015).

In the case of the TCR, the addition of UMI is at a trade-off with the depth, as UMI-based
amplifications tend to retrieve a lower amount of sample’s diversity (Barennes et al., 2021), but
offers a better quantification. The methods, however, showed poor reproducibility compared to

some 5’RACE protocols.

The main pitfall of those high throughput methods is the loss of cell identity information.
Indeed, all the aforementioned PCR-based methods are mainly applied to bulk T cells. They
cannot recover the af} pairing, as all sequences get pooled. A dedicated pipeline would require
the cell-level barcoding of transcripts before their amplification to attempt the recovery.
Another issue is the read length: with maximum 300bp per read, it is not possible to cover the
whole TCR. Other attempts on IonTORRENT, a sequencing device tailored for long reads
(>10kbp) were recorded, but authors used 200bp paired sequencing (Fang et al., 2014).

1.3.2.3 Alignment of sequences

Alignment refers to the pairing of raw nucleotides sequences to known sequences from a
reference genome. As sequencing throughput increased, new methods have been developed and
published. There is now an extensive number of methods optimised for different applications,
whether it is bacterial unknown transcripts (Margais et al., 2018), whole human genome
(Altschul et al., 1990; Thompson et al., 1994), or RNA-seq focused data (Dobin et al., 2013).
Adaptive immune receptor repertoires (AIRR) data is no different, and multiple suites have
been designed to optimise TCR data alignment. Indeed, contrary to most genomic constructs,
Adaptive immune repertoires (AIR) structure is very different in the sense that the tools need
to correctly annotate each read to a V, D, J and C gene, with vastly different anchor points to
determine the highly polymorphic CDR3. The most common tool to date is MiXCR (Bolotin et
al., 2015), a constantly updated program specifically designed to align TCR datasets, with built-
in quality control and standardised outputs based on IMGT conventions (Lefranc et al., 2003).
It has been adapted to current constraints of kits and sequencers that cannot sequence full length
with a seed-and-vote approach to map genes (Liao et al., 2013). When multiple genes can be

mapped to a single-read, as it is the case with very homologous TCR genes, a collection of
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subreads (seed) is used to determine the optimal mapping by consensus (vote). These
approaches are preferred over k-aligners as they do not have sources of randomness. Other
suites provide similar outputs, for instance Decombinator is the 4™ iteration of a TCR-focused
python pipeline that handles raw data demultiplexing, including UMI, standart compliant
annotation of reads (Peacock et al., 2021). On the other hand, pPRESTO is a more general toolkit
for AIR alignment, with deep possible customisation of alignments parameters, and many sub-

tools for BCR downstreams alignment (Vander Heiden et al., 2014).

The main feature of these tools is how they handle amplification errors, with built-in PCR-
error correction and clonotype aggregation algorithm. Briefly, these algorithms will “rescue”
reads with low quality initially discarded during alignment by aggregating them to high count,
high quality clonotypes. MiXCR uses hierarchical clustering and fuzzy matching criteria

(Bolotin et al., 2015).

Other open-source aligners are available, especially in the field of RNA-seq without
amplification of TCR. Among them, TRUST4 is specialised in reconstructing TCR from bulk
and single cell RNA-seq (Song et al., 2021) and has been found the most reliable current
available tool, outperforming MiXCR in the recovery of full length TCR sequences from
transcriptomes. Other alternatives such as ImRep (Mandric et al., 2020) or CATT (Chen et al.,
2020) are available as well. Recent comparison of alignment tools (MiXCR, TRUST4, CATT
and ImReP) to recover reads from single-cell or RNA-seq from tissues have been published,
but stirred controversy on the methodology used (Davydov et al., 2023; Huang et al., 2023;
Peng et al., 2023).

1.4 MEASURING THE TCR REPERTOIRE

1.4.1 What is the unit in TCR repertoire analysis

T cell clonality is a tricky aspect of their biology. A "clone" refers to a population of
immune cells with identical TCR that originated from a single precursor cell, whereas a
"clonotype" refers to the specific sequence of an antigen receptor on a T cell within that clone.
The latter is the most commonly used definition, defined by final product of the somatic
rearrangements following VDJ recombination, with the V, CDR3 and J genes used. All clones
bear the same clonotypes, but not all clonotypes are derived from the same clones. For the sake
of simplicity and standardisation, a nomenclature has been proposed that defines the TCR

clonotype as “a unique nucleotide sequence that arises during the gene rearrangement process
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for that receptor” (Yassai et al., 2009). When working with paired chain receptor, the final
rearrangement of both chain is called a cell clonotype. In AIRR analysis, immunologists often

go by the clonotype definition, although older records might use different wordings.

1.4.1.1 Vnt), Vaal, CDR3, a definition for a question?

As we have covered in the 1% part of the introduction, TCR specificity is defined by the
interaction of the TCR with a peptide loaded on an MHC and the product of the V(D)J
rearrangements, fused to a constant region. Therefore, to describe a TCR, portion in contact
with the MHC and its complementary chain, one should describe the genes of the rearrangement
and the CDR3 region that is not hardcoded in the germline. We define a clonotype as a V-
CDR3-J. Then comes the choice of the level at which we define the clonotype, whether at the
nucleotide (nt) or at the amino acid (aa) level. Hence V-CDR3nr-J, or V-CDR3aa-J. The latter
is the classic clonotype definition, as it conveys the sense of the TCR specificity. V-CDR3nt-J
can also be used in specific contexts, such as clone tracking. In fact, two clonotypes with similar
CDR3s can be made from different nucleotides sequences, discriminating convergence from
clonality. Indeed, the genetic code is redundant, and a single amino acid can be derived from
several codons. Cysteine (C) can be encoded by the codons UGU and UGC, while leucine (L)
can be coded by six different ones (CUU, CUC, CUA, CUG, UUA, UUG). Thus, if we consider
for example an HIV-specific CDR3, consisting of the following 14 bases
“CASSALASLNEQFF”, based on the genetic-code redundancy it can theoretically be derived
from 2 *4* 6* 6* 4* 6* 4* 6* 6* 2* 2* 2* 2* 2 = 31,850,496 distinct nucleotide combinations.
This concept is widely used in B cell repertoire analysis, where B cell receptor will undergo
iterative random mutations to improve their affinity to an antigen (Maul and Gearhart, 2010).
From this, it is possible to map the phylogeny of each antibody (Nouri and Kleinstein, 2018;
Shlomchik et al., 1987).

Aggregating TCR repertoires by their CDR3 alone is rarely used. CDR3 is the main
contact point of the TCR with the pMHC complex (Dong et al., 2019), and predominantly drives
antigen specificity. Studies focusing on CDR3 alone often only consider the specificity
associated to the CDR3, and not at the clonotype level. This point will be further elaborated in
1.5.2.2.
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1.4.2 The grand ecological robbery

The T cell receptor repertoire is the collection of all TCR that can be observed at a given
time. There are many different scales of the repertoire, whether it is theoretical during
generation, observable in an individual, or sampled during experimentation. If we consider
TCRs as species, AIRR analysis is strikingly similar to ecology; birds’ species are now TCRs,
forests are organs, biomes are individuals, cytokines are nutrients. Many authors have already
developed this theory, comparing the T cell repertoire as an ecological niche, in a competing

environment (Bautista et al., 2009; Freitas and Rocha, 2000; Schulenburg et al., 2009).

These similarities also lead to the same question: how do I measure diversity? TCR are
diverse, with sequences similarity that can be objectively measured and quantified. TCR
repertoire are distinct at the scale of a cell subset, an organ, an individual, a population.
Repertoires are dynamic, as they evolve in response to infections, vaccinations, much like to
ecosystems. These properties have been widely conceptualised and developed by ecologists,

from whom many tools have been adapted to TCR diversity studies.

1.4.2.1 Indices for diversity

Ecology distinguishes 3 types of diversity, a, f and y (Whittaker, 1972). a-diversity is the
diversity of a single sample, B-diversity is the evaluation of an assemblage of samples, and y

for comparing assemblages of several groups of samples.

a-diversity is now widely used to evaluate repertoire diversity, and uses the notion of
entropy to convey the idea of quantity of information contained in a repertoire. The Rényi
entropy formula uses a parameter o on the exponent to quantify the number of species (0=0,
Hill index), the relative evenness (0=1, Shannon index), the probability of interspecies collision
(0=2, Simpson index), or the contribution of the main species (a=inf, Berger-Parker index).
Although abstract, or even simplistic as it reduces a whole repertoire to a single value (Laydon
et al., 2015), the Renyi entropy is a powerful tool that finds various relevant applications. Intra-
tumoral diversity has an abundant literature on the use of a-diversity to assess for the success
of immunotherapies, predict diagnosis or disease outcome in patients (reviewed by Porciello et

al., 2022).

B-diversity in TCR repertoire analysis is studied through the similarity of two samples
composition. Three approaches exist, either presence/absence based or abundance based, or

similarity based. Presence/absence-based methods see data as binary, either the species have
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been seen, or not. The Jaccard index, from the botanist Paul Jaccard (Jaccard, 1901), computes
the overlap between two samples, and normalise it by the union of them. This is often contrasted
with the abundance-based method which take into account the distribution of samples to the
computation. The Morisita-Horn index, for instance, weights the similarity of frequencies
between the repertoires to define similarity. Schober et al. (2020) used the Morisita-Horn index
to track immune response convergence of mice after CMV infection, where they showed that
T cell repertoire stabilisation occurred in 3 months after inoculation. The final approach
considers the relative distance between species. Originally used for taxonomic or phylogenetic
data, it can work from any pairwise distance matrix coupled with abundance data. Several
methods have been proposed (Olson et al., 2022; Yokota et al., 2017) but their poor scaling due

to quadratic complexity in NGS has hindered their use and development.

Each of these B-diversity approaches has its pros and cons, Jaccard similarity is sensitive
to rare clonotypes and sample size, while Morisita-Horn is less sensitive to these. Distance-
based approaches rely on a pairwise distance matrix, which can be computationally intensive
and biased depending on the chosen downstream representation (Chari and Pachter, 2023;

Wang et al., 2023).

1.4.3 To normalise or not normalise, that is the question

Counts normalisation is a sensitive topic in the AIRR analysis. Even if implementation
of technical solutions such as UMI or single-cell barcoding greatly improve count precision, it
does not alleviate the issue of highly unequal sampling sizes. There is no consensus yet on
whether or not to perform normalisation, and the methods used often differ between research
groups, studies and topics involved. This plethora of approaches is not bad per se, but rather
reflects the necessity to tailor normalisation to each dataset specificity. Whether they are
original methods, or derived from other fields such as ecology or transcriptomics, they all carry

strong assumptions on the data and its outcome.

1.4.3.1 Ecology

Ecology is the biggest contributor to normalisation in the TCR field. As a science bridging
mathematics and biology, ecologists have been interested in the differences in samplings in an
ecosystem for decades. The oldest, and perhaps most intuitive approach is to transform counts
into frequencies, a method going with the fancy name of “Total Sum Normalisation”, which

yields “normalised counts” or frequencies. Simple, yet powerful, the pitfalls of this method
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when performing correlations are extensively covered by Jackson (Jackson, 1997). As an
ecologist, Jackson criticises the use of compositional data (frequencies, percentages,
proportions), as it changes the covariance and correlation matrices. He notes how switching
from abundances to frequencies can create spurious relationships between variables. Another
commonly used method is the random subsampling of an assemblage of datasets to the smallest,

at the cost of discarding many potentially useful rare species.

In bulk TCR analysis, converting counts to frequencies is widely used, although
sometimes with additional filters to account for technical biases (Greiff et al., 2015b).
Subsampling on the other hand, has been performed for different reasons. Zhang and colleagues
downsampled mice repertoires, before aggregating them by condition and computing similarity
matrices (J. Zhang et al., 2021), while (Vujovi¢ et al., 2023) used it to reduce computational
load during pairwise comparisons. In a sense, the concept of pooling individuals before

sequencing (meta-individual) is analogous to a pre-hoc normalisation.

1.4.3.2 TCR-seq

The TCR-seq community has not yet validated a widely consensual approach for
normalisation yet, but several attempts were recorded. They can be divided into 2 categories,
experimental or computational. Experimental occurs during the library preparation, while the

latter focuses on aligned data. Normalisation performed by aligner has been covered in 1.3.2.3

Experimental approaches are the least biased, but probably the most difficult to set up.
They rely on the introduction of a known, quantifiable quantity to allow correction further on
the analysis pipeline. We have described how UMI introduction in pipeline can be a robust
addition (Barennes et al., 2021; Kivioja et al., 2012), but other relevant methods have been
described. In a multiplexed PCR targeting TCRG genes, Carlson et al. (Carlson et al., 2013)
were adding equimolar synthetic DNA templates of all primers to their pool. They would then
normalise downstream data by removing computationally the residual differences in
amplification efficiency. In TCRpower (Dahal-Koirala et al., 2022), authors amplified by
5’RACE peripheral blood mononuclear cells (PMBC) samples spiked with a collection of 45
known TCRs. Detection of the various spike-ins of known concentrations would then allow

them to evaluate the replicability of experiments and set threshold for false discovery rates
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(Howie et al., 2015). Such methods, although providing useful experimental standards, require

a careful experimental design and access to those biological controls.

Downstream normalisation without ground truth controls performed after datasets
alignment is the most common version. Many groups have adopted the removal of “singletons”,
clonotypes with a count of one (Greiff et al., 2015a; Mhanna et al., 2021; Peng et al., 2023).
The argumentation around this filter is that these clonotypes seen only once are artefacts, due
to faulty PCR or error during library production, or errors during sequencing (Greiff et al.,
2015b). Two methods are possible, either completely filter out singletons, leaving the lowest
count at two, or decrement one to each clonotype and filter clonotypes with null counts, which
bear limited impact to downstream analysis. However, other groups are however confident in
their pipeline and integrate them to their analysis (Britanova et al., 2014; Ronel et al., 2021;
Sheng et al., 2021; Singleton et al., 2016). Singletons removal has been criticised by others in

a comment to Peng et al. methods comparison (Davydov et al., 2023).

Most authors rely on converting sums to frequencies and comparing them as is. Other
teams prefer to focus on top clones (Amoriello et al., 2020; Poran et al., 2020). Other dedicated
methods have been described. Chaara et al., (2018) propose an entropy-based threshold for
normalisation, where multiple subsamplings are done at the Shannon entropy level and a
“consensus” repertoire from the multiple subsampling is then used for subsequent analysis. A
robust benchmark of low-read sample normalisation has demonstrated how correcting Shannon
entropy estimates yields better results when performing downsampling (Bortone et al., 2021).
However, the low traction gained by these studies highlights how reluctant are research groups
to perform normalisation. One argument is that subsampling is at the cost of rare TCR coverage,

as sample rarefaction profits to large clonotypes.

1.4.4 Estimating the T cell diversity

There have been numerous estimations of the relationship between T cells in an individual
and TCR repertoire diversity. From these first observations refined thanks to technological
improvements, the TCR field slowly progressed from naive estimations to complex modelling

of the virtually infinite TCR repertoire possibilities.

First estimates did not take into account the number of clonotypes, but rather the number
of T cells in an individual. The first estimates in humans date back to the 70’s. A 200g rat was
estimated to hold 4-5 x 10° T cells (Trepel, 1974). From extrapolation using density ratios, a

70kg human was estimated to contain 3.3 x 10! T cells. Main tissue holders are lymph nodes
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(41.2%), spleen (15.2%), thymus and bone marrow (10.8% each). Blood accounted for 2.2% of
circulating T cells. 20 years later, a similar estimate will be produced, distinguishing CD4 and
CD8 compartment, but placing the total of number of T cells in an adult human at 3.5 x 10",
of which 2.5 x 10! CD4 T cells, and 1 x 10'! CD8" T cells (Clark et al., 1999). In line with
these results, another group reported that a mouse contain 10® T cells, without publishing their
method, and estimated the human body to hold 4.5 x 10! T cells (Jenkins et al., 2010).
Assessment in mice through extensive counting puts the estimate at 6 x 10’ T cells in a 25g
individual mouse (Boyer et al., 2019), while a recent meta-analysis re-evaluated at 7 x 10" T

cells in an adult human (Sender and Milo, 2021; Westermann and Pabst, 1992).

After developing Immunoscope (Pannetier et al., 1993), Philippe Kourilsky made several
estimations of the link between T cell and TCR clonality. Sequencing the circulating T cell
repertoire of adult donors showed that TRB diversity was about 10° clonotypes, and overall
diversity of 103 TCRs (Arstila et al., 1999). In a response to Arstila’s findings, Kesmir,
Borghans and de Boer (Kesmir et al., 2000) argued that these results should rather place total
diversity at 10!, Further work on mice spleens revealed the same trend with 10° TRB chain in
an individual (Casrouge et al., 2000). Robins et al. (Robins et al., 2009) also used Immunoscope
to estimate the TCRp repertoire of activated T cells to account for at least 3-4 x 10° TCRp
CDR3 in an adult human, which places the number of unique TRB in an individual at around

3-4 x 10° according to their estimations.

NGS has again revolutionised the field by making easily accessible the use of rarefaction
and extrapolation models, and revise upwards previous estimates. (Britanova et al., 2014)
estimated at 4 - 7 x 10° the number of TRB in a donor. A much bolder estimate was made using
Chao2 estimation, placing at 0.1-1 x 10® the number of unique TCR B clonotypes in an
individual (Qi et al., 2014). This method has been criticised by others (Laydon et al., 2015),
showing that the Chao2 index method was not robust with varying sampling size. Complex
modelling approaches were developed based on thymic output and observed diversity (Bains et
al., 2009; Baltcheva et al., 2012, 2012; Thomas-Vaslin et al., 2008). This estimated the number
of unique TCRs in the body to 10'° (Lythe et al., 2016). An even higher estimate of 10 to 10°
unique TRB clones was reached by Mora and Walczak (Mora, 2019) with probabilistic
Bayesian modelling, which would be consistent with the 19 years old remarks from Kesmir and

colleagues (Kesmir et al., 2000).
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1.5 TRANSLATIONAL ASPECTS OF MODELLING

The evolution of quantification methods of the T cell repertoire demonstrated how the
TCR field has slowly evolved from a bench sided science towards an integrative one, bridging
and immunology, mathematics and bioinformatics. Systems biology seeks to model, theorise,
simulate how life works. It administers drugs with algorithms, dissects animals with
mathematical models, and evolve with a constant flow of input data. Here, we will describe

how the T cell repertoire has been modelled as a system, rather than a static object.

1.5.1 The TCR repertoire: the top model

1.5.1.1 Captivating equations

Modelling the TCR repertoire has been a fundamental step in our understanding of the
immune system. Although the genetic machinery producing the immense diversity of TCR
repertoire has been thoroughly studied, a generative model of the thymic generation is still
needed. Naive attempts of in silico TCR generation have been recorded (Venturi et al., 2008)
with random drawing of nucleotides, but did not reflects the genetic complexity of the complete
VDJ recombination. Alexandra Walczak and Thierry Mora, two physicists, took an interesting
approach by studying the TCR generation as a probabilistic process. Their reasoning is as
follows: VDJ recombination is a stochastic process involving the probability of a V, D, J genes
to be rearranged with one (alpha) or 2 processes of addition or deletion of nucleotides. If it
cannot be deduced from a sequence which particular event led to its generation, the probability
of the final outcome to happen is the sum of each path that led to it (Murugan et al., 2012).
From here, probabilistic approach is used to estimate each parameter from empirical set of
sequences (V, D, J gene usage, probability of N insertions or deletions). TCR observed in
peripheral T cells are the product of selection after VDJ recombination, also authors used non-
productive TCR to exclude the impact of selection. The final probability of generating a TCR
(Pgen) was dissociated from the probability of observing a sequence after selection (Ppost),
with Q called the selection factor (Elhanati et al., 2014). This work brought 1) a generation
model for any sequence in the thymus plus ii1) a generation model post selection (Marcou et al.,
2018; Sethna et al., 2019). Other improvements of this model were brought, by allowing the
inference of new generative models from custom repertoires and support from other animal
model such as a complete mouse or chicken models (Marcou et al., 2018). The theoretical model

does not take into account the TRBD1-TRBD2 anecdotal rearrangement (see 1.1.2.3), nor the
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downregulation of TdT in foetal stages (Bodger et al., 1983), and might require fine tuning for
some specific use case. Nevertheless, comparison of Pdata and Pgen in large datasets have

shown the robustness of the approach (Murugan et al., 2012).

1.5.1.2 Curves that make you blush

T cell populations have been extensively studied through mathematics in a field called
quantitative immunology, in various context such as thymic export, T cell proliferation or
lymphocyte turnover (De Boer and Perelson, 2013; Sidorov and Romanyukha, 1993; Thomas-
Vaslin et al., 2008). Mathematical models have also been used to describe AIRR, such as B and
T repertoire. AIRR typically display an asymmetrical distribution where a few top clones will
dominate and the majority of them will not be expanded. As such, clonotypes distribution are
often modelled as a power-law, Zipf-like distribution (Desponds et al., 2016; Greiff et al.,
2015a; Mora et al., 2010) or Poisson distribution (Laydon et al., 2015). Modelling of the
distribution has many useful applications, especially for the simulation of new repertoires.
Greiff’s lab has developed ImmuneSim (Weber et al., 2020), an R package designed to generate

random in silico AIRR repertoires with tuneable parameters for power-law or VDJ gene usages.

1.5.1.3 The centralised architecture of TCR networks

TCR repertoires are an ensemble of discrete values (TCR) that are independently
produced and exported to the periphery. Nevertheless, the selected or expanded clones are not
random, obeying to complex dynamics of competition for the pMHC niche (Freitas and Rocha,
2000; Stirk et al., 2008). Working on mice, Nir Friedman’s group showed how TCR repertoires
are structured in networks of CDR3s. By studying public (shared) versus private (non-shared)
CDR3p in mice, the group showed how public CDR3f are found at higher frequencies in
individuals (Madi et al., 2014). By clustering together CDR3f distant by at most 1 amino acid,
they further demonstrated how public CDR3f3 wtih similar specificities were linked in the same
clusters, and obtained similar results in human cohorts (Madi et al., 2017). The immune
repertoire is imprinted with this network structure during its differentiation in the thymus.
Quinou et al. showed how CD8" mature thymic T cells selection drives the selection of related

CDR3s (Quiniou et al., 2023).

Far from being a theory or an abstract relationship, the paratope network has been directly

linked to functionality of T cells. First evidences come from studies in mice. After infecting
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mice with Listeria monocytogenes Jenkin’s lab demonstrated how CD4 T cells differentiation
into effectors subsets was biased based on T cell specificity. When presented two peptides
derived from Listeria monocytogenes , CD4" T cells specific to an I-A* MHC-II restricted
peptide would differentiate into a Th1, while I-A® would be biased towards T follicular helper
profile (Tubo et al., 2013). In an extensive research paper, Zhang and colleagues further
complimented this work, similar to the Hebbian theory of neural networks, cells that wire
together, fire together. By modelling together TCR CDR3 and transcriptional profiles, they
showed T cell networks of closely related TCRs were correlated to transcriptional profile (J.
Zhang et al., 2021)'. Moreover, they hinted toward a “wisdom of the crowd” mechanism of T
cells, where the TCR clonotype that is closest to the ‘average’ of all the clonotypes, within the
same network, have a better antigen targeting efficiency to a known antigen, and tend to be

more expanded.

1.5.2 Specificity and the limits of modelling

1.5.2.1 Experimental efforts from a community

Predicting T cells specificity has been major challenge of the past decades due to its
complexity, but the reports of T cell specificities in the literature are scarce. Specificity is often
collected from different methods and reported by groups independently. Facing this, a strong
push from the TCR scientific community has been deployed to provide databases of TCR-
peptide-MHC complexes. In the form of open online resources, several datasets of curated,
annotated TCR specificities were made public, from which we can distinguish the generic
VDJdb (Shugay et al., 2018), the structural-focused iEDB (Dhanda et al., 2019) or the
pathology focused Mc-PAS (Tickotsky et al., 2017). These databases contain thousands of
reported TCR-peptide specificities, often obtained through unreliable methodologies, which
can be filtered. These databases reflect the recent topics of interest, hence being biased woth
high reports of  and viral specificities of a restricted pool of antigens (Figure 10). Although

not being ground truth, these remain widely used by the community to study the TCR repertoire.

! (Schattgen et al., 2022) would later report similar results on the correlation between TCR similarity and
gene expression profiles of T cells

53



o
-

Data source

| McPas-TCR 600 600

] vDIdb 200

TCRs (000s)
TCRs (000s)
&

[=]

TCRs (%)

IEDB
MIRA

i s}

i

-

a B Paired Human MNone Other  \Virus o] 250 500 750 1000
Chain pairing MNumber of antigens

Figure 10: Can we predict T cell specificity with digital biology and machine learning? a, Number of T cell receptors (TCRs)
containing a-chains, f-chains or paired chains, showing variation in numbers according to the data set (manually curated
catalogue of pathology-associated TCR sequences (McPas-TCR), VDJ database (VDJdb), Immune Epitope Database (IEDB)
and multiplex identification of TCR antigen specificity (MIRA)). b, Number of TCRs per antigen species of origin, showing that
the majority of all antigens reported as binding a TCR are of viral origin. ¢, Cumulative frequency of antigens, showing that a
group of 100 antigens makes up 70% of TCR—antigen pairs. From Hudson et al, 2023.

1.5.2.2 In silico prediction of HTS

With thousands of T cells reported in the databases, and with 10'® possible TCRs, several
groups have proposed to infer the specificity of unknown T cells based on already described
known. Leveraging the fact that TCR sharing similar properties do share similar specificities,
an increasing number of approaches have been published to tackle the issue of specificity
inference. Levenstein distance and its length restricted version, the Hamming distance, have
been used to cluster CDR3 and infer specificity from neighbors (Chronister et al., 2021; Madi
etal., 2017; Valkiers et al., 2021). Physico-chemical properties of amino acid in the CDR3 have
been extrapolated to simulate similar docking to pMHC complex (Beshnova et al., 2020;
Chronister et al., 2021; De Neuter et al., 2018; Gielis et al., 2019; Ostmeyer et al., 2019; Sidhom
et al., 2021; Tong et al., 2020; Xu et al., 2022; Zhang et al., 2020), or a combination of both
approaches (Glanville et al., 2017; Huang et al., 2020; Mayer-Blackwell et al., 2022). Other use
structural data from the epitope to predict specificity of unknown T cell (H. Zhang et al., 2021)
or leverage multi-omics from single-cell datasets (Fischer et al., 2020; Schattgen et al., 2022;

Z. Zhang et al., 2021).

The plurality of tools highlights the complexity of the TCR specificity, but also how this
allows different approaches from modelling. GLIPH2 (Huang et al., 2020) was originally
developed to identify sets of TCR specific to Mycobacterium tuberculosis (Mtb) epitopes. The
original paper also described how single amino acid mutations of key positions lead to
drastically decreased affinity for binding, as predicted by GLIPH2 and confirmed in vitro.
Studying the circulating T cells from two groups of Mtb infected patients, progressor and non-
progressor, the group associated GLIPH2 with an experimental epitope screening approach
(Musvosvi et al., 2023). They identified a cluster of CDR3 harboring a common pattern
“S$LAAGQET”, and associated to the Mtb-progressor group. In vitro cloning of TCR and
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challenge with Mtb lysates confirmed the specificity of T cells. These results demonstrate how
in silico modelling has become a viable method to extract epitope-specific TCRs from large

and noisy datasets.
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2 CHAPTER 2: OBJECTIVE AND EXPERIMENTS

2.1 OBIJECTIVES

Cardiovascular diseases are more than just inflammatory diseases, but are also at the
centre of active immune adaptive responses, whether it is at the initiation, or the worsening of
the disease. The nascent interest for immuno-cardiology has proven that T cells were heavily
involved in the pathophysiology of most CVD and that they represent a promising reservoir of
biomarkers. Hence, there is an unmet need for biomarkers to monitor the ongoing myocardial
repair before it reaches a critical point. Moreover, harnessing T cells and their specificities in

CVD is a relevant target to develop new therapies and enhance cardiac repair.

However it is difficult to access to the damaged tissues in living humans, whether is it
because the organs are hardly accessible such as the heart, or procedures are restricted to
particular clinical situations. Therefore, there is a strong benefit to develop methods that can
deliver an accurate picture of the cardiac repair without sampling the actual myocardium. There
is compelling evidence that the T cell compartment foster myocardial repair and circulating T
cells can reflect the tissue specific response happening in the heart. Circulating T cells, easily
accessible from a blood sampling and in abundant numbers, appears as a promising tool for the
diagnostic and exploration of the underlying immune processes in a quick, reliable, and non-

invasive procedure.

The general objectives of this thesis are to 1) identify biomarkers and ii) better understand
the pathophysiology of CVD using TCR repertoire modelling of circulating T cells in CVD To

reach these objectives, we defined specific objectives;

1. Establish a quality control protocol to ensure high-dimensional TCR data reliability —
Objective 1

2. Promises of TCR sequencing in pathophysiology understanding - an application to
MISC —Objective 2

3. Identification of the minimal TCR feature that could serve as biomarker —Objective 3

Objective 1: TCR repertoire sequencing is a recent field and very few tools exist to

assess the quality of downstream data alignment. By using new generation sequencing
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technologies, my work first consisted in evaluating and developing the robustness of
highly multiplexed data from massive sequencing. More precisely, my work aimed at
designing and developing an extensive control quality tool tailored for TCR-seq data,
and determine the impact of sequencing platform changes imposed by providers’ race
for speed, depth and cost. This has been possible, thanks to a massive dataset of 1762
samples obtained by the host laboratory using with two sequencing platforms, HiSeq
and NovaSeq. Chapter 2 of this manuscript will be dedicated to the description of the R
package Quality control for TCR Repertoires (QtCR) and how it led to strategies to

identify reads contamination biases and correct them.

Objective 2: Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is a viral
agent with a pulmonary tropism. In some rare paediatric cases, infection leads to an
acute multi-organ inflammatory syndrome with similar characteristics with Kawasaki
disease and toxic shock syndrome, two diseases mediated by superantigens. From a
paediatric cohort of patient with Multisystem Inflammatory Syndrome in Children
(MIS-C), we used non-invasive whole blood sequencing to assess the polyclonality of
TRBV12-3 expansions, confirming its relevance with partial results obtained with
cytometry and multiplex nucleic acid hybridisation methods. This work, covered in
Chapter 3, highlighted that COVID-19 elicited a superantigen T cell immune response
in patients with recent SARS-CoV?2 infection.

Objective 3: Results obtained from objective 2 showed how TCR sequencing can allow
to confirm the pathophysiology mechanism in a context of superantigen stimulation.
However, this is one specific case with a strong impact of TCR repertoire perturbation
(%TRBV11-2 usage and contraction). As introduced in section 1.2.4, CVD are
associated with different type of antigens, some of them being directed against the self.
Therefore, the alterations of the repertoire before or after the CVD development might
be subtle, and TCR sequencing promise for pathophysiology understanding might be
challenging. To start tackling this challenge and determine whether TCR sequencing
could be used as a biomarker of CVD, we analysed the TCR sequencing of 28 patients
from frozen whole blood, we describe an innovative method to identify a signature of
CDR3 that classifies our patients based on their cardiac repair recovery outcome. We
confirmed our results on control patients and demonstrate how a distinct set of CDR3 is

enriched in the circulating repertoire of patients with good healing outcome.
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Objective 4: Chapter 3 identified a circulating T cell signature of myocardial repair
associated with good healers. In this part, we sought to find this T cell signature on two
other cohorts. First, in cardiac biopsies of patients who died from myocardial infarction.
Second, on a cohort of 69 patients with type II diabetes that just suffered myocardial
infarction. Here, we show how clustering approaches can be leveraged for repertoires

with limited amount of material.
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2.2 METHODS AND COHORTS

2.2.1 Cohorts

2.2.1.1 TRiPoD project

The Treg repertoire in Physiology or Diseases (TRiPoD) is a dataset of 1872 murine
repertoire from 4 T-cell population and 8 different organs. Samples were all prepared by our
lab using the UMI-free SMARTer Human TCR a/b Profiling Kit vl (TaKaRa Bio). n= 509
samples were sequenced using HiSeq 2500 with 300bp, single-end sequencing. n= 1363 using
NovaSeq 6000 with 250bp, paired-end sequencing (see table). Demultiplexing was performed
by the facilities and raw FASTQ were aligned using MiXCR on our servers. TriPod murine
project represent more than 1700 sequenced TCR libraries, sequenced on 23 batches, spanning
an 8 years period. As NovaSeq uses a different chemistry (ExAmp, see 1.3.2), read layout
(single-end vs paired-end), the murine TriPoD project was used as a robust benchmark to ensure

the reproducibility of sequencing across different platforms.

HiSeq 2500 NovaSeq
Read length (bp) 300 250
Read layout single-end paired-end
Sequencing depth 200GB 400GB
Flow Cell splitting Yes (2) Yes (2)
Samples processed 192 192
Theoretical
Reads/sample ~1x10° ~2 x 108

Table 1: Comparison of HiSeq and NovaSeq parameters.

2.2.1.2 The AIR-MI Project

The autoimmune repertoire in myocardial infarction (AIR-MI) is a transnational projects
between French (Leader Dr Mariotti-Ferrandiz), Austrian (Pr Peter Rainer) and German

laboratories (Dr Gustavo Ramos). AIR-MI project is built on the hypothesis that T cell shaped
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adaptive immune processes crucially regulate cardiac repair after injury. The project framework

allowed to exploit data from 3 cohorts:

The Etiology, Titre-Course, and Survival (ETiCS) study is an investigator-initiated,
prospective multicentre diagnostic study under the auspices of the CNHF (Deubner et al.,
2010b). Among the 400 patients, we had access to 150 patients with initial acute myocardial
infarction. Patients were followed for 12 months during 4 visits: initial inclusion, 3-, 6- and 12-
months. Participants were defined into STEMI or non STEMI according to the observation of
acute ST elevation at inclusion following guidelines (Antman et al., 2004). At each timepoints,
a comprehensive cardiac assessment is collected. Baseline assessment includes clinical status,
results from cardiac catheterisation (left and right heart pressures / haemodynamic),

echocardiography, electrocardiogram (ECG), Holter-ECG and blood sampling.

We selected patients with a sufficient initial infarct to assess the clinical recovery, with
baseline EF < 50%. Patients were further grouped into two outcomes, good healer and poor
healers depending out their cardiac recovery outcome. Patients with %3LVEF < 13% between
index hospitalisation and 12-month follow-up were considered poor healers, while %3LVEF >
13% is classified as good healer. Healthy volunteers obtained from Etablissement Frangais du
Sang were collected, with regard to age and sex. Stratification strategy and demographics data

are presented in Figure 11.

Healthy Poor healer Good healer
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Figure 11: (Left) Patient stratification as good or bad healers from the ETiCS cohort. Post-hoc
analysis/stratification scheme of Wiirzburg patients according to the longitudinal change in their LVEF within 12
months after MI (AEF). (Top Right) Sex ratio among patients in cohort. (Bottom right)Age distribution among
groups.

In addition to the ETiCS cohort, we had access to n=30 cardiac biopsies from Institute of

Pathology biobank (Medical University of Graz), with matched non control tissue (n=30), in
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this case lungs. Biopsies were collected from post-MI patients over the last 10 years, and
preserved in formalin-fixed paraffin embedding (FFPE). Cardiac biopsies represent fatal early
MI events, with matched lungs. Data were prepared and sequenced by collaborators. The role
of these samples is not to stratify outcomes of infiltrating T cells, but rather explore the overlap

between the circulating cardiac signatures obtained with the ETiCS cohort for comparison.

Lastly, I determined whether our signature obtained with the ETiCS cohort could be
generalisable to other patients. To this end, we had access to frozen blood samples of patients
from the Empagliflozin in patients with acute Myocardial infarction (EMMY) (Tripolt et al.,
2020; von Lewinski et al., 2022). Participants in the EMMY trial either received a 10mg
Empagliflozin daily dose, or a placebo (NCT03087773). Similarly, to ETiCS, patient’s blood
was collected at hospital admission, and cardiac functions were assessed. At 6-month follow-
up (Visit 4, furthest timepoint), we determined the change in %d0LVEF and stratified patients
in poor and good healers groups. Among the 199 samples sent, we sequenced 116 samples with

sufficient quality on MiniSeq (Illumina), 300bp single-end.

2.2.1.3 MIS-C paediatric patients

As a part of a national collaboration emerging from the rise of Kawasaki-like syndromes
after COVID-19, we investigated the circulating T cell repertoire of paediatric patients.
Paediatric patients with north African ethnicities were reporting Kawasaki-like manifestations
after COVID-19 infection, called MIS-C, prompting suspicion of a similar superantigen effect.
Our collaborators recruited of a cohort of patients with Kawasaki-like clinical symptoms and
we performed deep sequencing of their T cell receptor at baseline hospitalisation and ~6 weeks
after. We obtained n=16 MIS-C patients’ repertoires, with 1- or 2 time-points (hospitalisation
or 6-8 week follow-up). In parallel, we obtained the cytometry Vf profiling or circulatory T
cells at hospitalisation, along with Nanostring TRBV profiling.

2.2.2 Methods

2.2.2.1 RNA extraction from frozen whole blood

Cryopreserved whole blood is a very easy way to collect material in patients which comes
with great challenges in its handling. Whole blood is a tricky material to work with because of

the amount of RNA degrading enzymes (RNAse) it contains, and the labile feature of some
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immune cells, such as neutrophils, who tend to die rapidly after collection, releasing RNAse
and inducing cell death. Multiple commercial methods have been developed to directly address
this issue. One the most popular, PAXgene tubes (PreAnalytix), contains reagents that directly
stabilise intracellular RNA upon collection and reduce the risks of losing material (Chai et al.,
2005). Other methods consist of separating peripheral blood mononucleated cells (PBMC) and
freezing them, to isolate immune cells from granulocytes (neutrophils, basophils and
eosinophils) and blood components (erythrocytes and platelets). This prevent the degradation
of sample RNA, and enrich blood in T cells. Indeed, T cells make up around 20% of circulating
cells in humans, with about 1 x 10° T lymphocytes per mL of blood in healthy adults, although

it can vary greatly during life events such as active infections or treatments.

Red blood cells globin can take up to 76% of of total mRNA transcripts. A whole
trancriptome study from the Genotype-Tissue Expression (GTEx) Consortium have shown red
blood cells globin expression from blood samples take ~60% of the transcriptome (Melé et al.,
2015). Studies focusing on transcripts have found that B-globins could take up to 76% of mRNA
in total blood (Mastrokolias et al., 2012). Benchmarks performed in the lab have shown that -

globin depletion does not affect TCR recovery, or downstream repertoire diversity (results not

shown).
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Figure 12: Expression levels of TRBCI-2 gene in circulating populations,
1 expressed in transcript per millions (TPM). Gene expression from
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BLUEPRINT dataset (Adams et al., 2012)
peripheral T cells

(Adams et al., 2012), lower than actin- gene with 700-4000 TPM. As a comparison, 3-globin
(HHB gene) is expressed at 14200 TPM in erythrocytes in this dataset. This is in-par with
other’s estimation made of about 5S00TPM in “pure lymphocyte population” (Brown et al.,
2015). This stresses the need to collect RNA of the best quality possible, as degradation will

drastically influence the capture of T cell diversity in a sample, both quantitatively and
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qualitatively. Indeed, increasing state of degradation of RNA samples lead to poorer
performance of RT and amplification steps, and hence recovery of full length TCR prior to
alignment (Shen et al., 2018). Genolet et al. also have shown how RNA degradation
preferentially affects TCRa, hence biasing poor quality library towards TCRP recovery
(Genolet et al., 2023).

RNA quality is computed using the RNA Integrity Number (RIN), assigning integrity
value to RNA peaks measurements of ribosomal peaks 18S and 28S (Schroeder et al., 2006).
ETiCS cohort was used to benchmark our ability to capture T cell receptor in the worse
conditions. Indeed, samples were collected more than 10 years ago, and whole blood was
directly stored at -80°C without any preparation. Thawing samples resulted in a very low RNA
quality. Thawing cells ruptures their plasma membrane due to ice crystal formation (Pegg,
2010), resulting in the release of RNA of interest in the extracellular medium, where there is an
intense RNAse activity. Several studies have benchmarked the best kits and methods to extract
RNA from this kind of samples (Kim et al., 2014; Yamagata et al., 2021). They concluded that
fast thawing and NucleoSpin RNA blood kit (Macherey-Nagel) were the best combination for
yield and RNA purity. Healthy volunteers RNA integrity score

obtained from EFS were prepared in a similar

fashion limit bias, and whole blood was stored

at -80°C upon collection for a year prior to quality

library  preparation.  Despite  similar z o * poor
bad

preparation, we obtained low RIN for samples 31 good

from biobanks. Distribution of RIN numbers

obtained from this protocol is shown in Figure 0 .
13. RIN scores and dosage were obtained Healthy  Patients
from Bio Analys er 2100 ( Agilent) or Figure 13: RNA Integrity Numbers obtained from extracted

RNA of healthy volunteers or samples of patients. RIN
TapeStation 4200 (Agilent). thresholds: poor <3, 3<bad<7, good >7

2.2.2.2 Preparation of DNA TCR libraries and sequencing and validation

300ng of RNA template was used for the preparation of libraries from whole blood TCR.
TCR amplification and barcoding was made with SMARTer Human TCR a/b Profiling Kit
version 1 (TakaraBio) following their protocol. Experiments were automatised on pipetting
robot, when possible, to ensure reproducibility. One minor optimisation was made to the
protocol, using twice more DNA template than recommended during second round of PCR
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(barcoding step, 2ul. of DNA instead of 1). Individual libraries were purified using AMPure
XP beads (Agencourt), before qualification on TapeStation 4200. Libraries sequenced in
Miniseq were further purified on agarose gel electrophoresis migration (1% agarose), and DNA

purified using NucleoSpin Gel and PCR Clean-up (Macherey-Nagel).

We stress on the purification part, as it is a crucial and often overlooked step before
sequencing. We noticed striking improvements when performing pool purification before
sequencing, in all systems used in this thesis (MiniSeq, HiSeq or NovaSeq). Pool purification,
although not performed usually in our pipeline, showed important improvement of yield when

done with care (results not shown).

Equimolar pooling of libraries was done before sequencing on dedicated platforms
(MiniSeq, HiSeq or NovaSeq). Demultiplexing was done by platforms (LIGAN, Institut du
Cerveau et de la Moelle, or Institut Pasteur). Raw sequence quality was assessed using FastQC
(Andrews, 2010). TCR sequence alignment was performed using MiXCR v3.0.13 (Bolotin et
al., 2015) using recommended parameters for TaKaRa 5° RACE kit strategy. Validation of TCR
data in accordance with initial material is performed using our QtCR package, developed in

Chapter 0.

66



67



3 RESULTS

3.1 CHAPTER 3: IDENTIFICATION AND CORRECTION OF INDEX HOPPING THROUGH

(DEEP) QUALITY CONTROL OF TCR REPERTOIRES

The TCR sequencing field is in constant evolution with rapidly evolving methods. The
race to increasing multiplexing, deeper sequencing is often at the cost of a thorough quality
control (QC). Indeed, QC is a critical step in data analysis to avoid drawing compromised
conclusion based on experimental biases. In TCR-seq, poor data quality can be attributed to
initial sample retrieval, library preparation or sequencing parameters. So far, there is no
dedicated tool to integrate these information. To this end, I have developed Quality Control for
T cell Repertoires (QtCR), an integrative pipeline that aggregates the relevant information from

all steps prior to sequencing to identify discrepancies and batch effects.

A recent benchmark published by our team showed how the different commercially
available methods for TCR repertoire library preparation could yield biases in downstream
analysis (Barennes et al., 2021). Moreover, another critical step during repertoire data
production is the sequencer. Each generation of sequencer brought deeper sequencing. For
instance, Illumina’s ExAmp technology came with their NovaSeq series (Shen et al., 2014) .
However, most datasets produced in the laboratory were sequenced using HiSeq 2500, which

featured different read length, non-paired data and a lower depth.

To evaluate how these parameters could affect gene mapping and downstream analysis
such as diversity metrics, I had access to a dataset of a murine atlas of more than 1762 TCR
samples produced by the laboratory in the last 6 years. Libraries were all produced using the
same protocol, but were sequenced on two different platforms: HiSeq 2500 and NovaSeq 6000,
which featured the ExAmp technology.

The QtCR tool and its demonstration are detailed as a manuscript submitted for
publication. In brief, we showed how different depth of sequencing did not affect global
clustering of sample nor diversity metrics in this dataset. In contrast, we demonstrated how
single- and paired-end read layouts affected the MiXCR gene alignment, along with the
different reads. Applying a normalisation of read length and layouts, we showed that the
observed batch effects were corrected. Finally, the analysis of samples sequenced with NovaSeq
6000 showed unexpected clustering of samples sharing same sequencing index. This
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observation suggested a well-known phenomenon associated with the recent Illumina
sequencing chemistry, namely index hopping, that lead us develop a novel method to remove

such contamination in batches of samples produced with the NovaSeq sequencer.
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3.1.1 Abstract

Integration of high quality T cell receptor sequencing (TCR-seq) datasets is necessary to
build large-scale atlases of immune receptors. Yet, there is no specialized tools ensuring a
thorough quality control (QC) of the data. We thus developed QtCR, an integrative R package
designed to identify and quantify discrepancies in TCR-seq data on a multi-scale level. We
tested QtCR in a murine dataset of 1762 samples generated with variations in the protocol due
to technology evolution. We found that read length, but not sequencing depth, introduces strong
batch effects that can be mitigated by harmonizing sequencing and alignment layouts. We also
showed that NovaSeq 6000 sequencing introduces index hopping contamination and how it
affect on sample similarity. To tackle this issue, we developed a prior-free algorithm to filter
signal from noise and established its performance by restoring a biologically relevant clustering

in highly contaminated data.
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3.1.2 Introduction

The widespread use of high throughput sequencing and the ever-increasing depth of the new
sequencers have recently revolutionised the field of adaptive immune receptor repertoire
(AIRR). This increase in popularity has been pushed with the help of the development and
commercialization of ready-to-use kits with efficient primers, which allowed relatively robust
and consistent results'. Recent developments in sequencing platforms offer multiplexing
through dual indexing of reads, which allowed an increasing number of simultaneously
sequenced samples in a single run, with up to 96 for most of the TCR kits. The constant
evolution of how AIRR sequencing (AIRR-seq) data are produced, processed and analysed 2
stresses the need to harmonise pipelines of data production through robust benchmarking'. As
such, a scientific society, the AIRR community, has been founded and is leading several studies

to compare and set guidelines on the good practices of AIRR-seq data®~

However, these good practices may not alleviate the main issue of the reliability of the data
production. AIRR-seq, just like any other sequencing approach, is very sensitive to data
production issues®’. Sample collection, extraction, and preparation before sequencing are often
carried out by multiple experimenters, who can also be different from the ultimate end-user (the
bioinformatician) analysing the data. This compartmentalisation of data production and analysis
further complexifies the identification of library preparation issues. To mitigate these issues,
authors have proposed to use technical replicates ® or spike-ins controls!?, but this comes at a
prohibitive cost, especially for large cohorts. Thorough quality control and data collection at
every step of the library production then appear as a critical step towards data analysis to avoid

drawing compromised conclusions on technical biases®.

To date, very few solutions exist to assess the quality of AIRR-seq. FastQC is a widely used
tool to check for poor raw output from the sequencer but was not developed to handle alignment
and mapping metrics''. On the other hand, the most popular AIRR-focused alignment tool,
MiXCR, was recently updated and offers AIRR-tailored QC functions related to the mapping
and alignment'?. However, these tools do not take into account the many technical and
experimental parameters that may have influenced these metrics. Notably, contamination is a
very important issue that is hardly solved, as many factors can lead to it, whether it happens
during collection, storage, library preparation or during sequencing®'>~'>. The latter is often due
to a recently introduced phenomenon called index hopping'®, where sequencing reads are not
correctly attributed to samples due to misassigned indexes and identified in many other

applications'”?°. A widely used technique is singleton removal?!, accounting for errors in
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sequencing, but remains limited for mid- or high-level contamination. Although a recent
approach has been developed to tackle the issue of T-cell receptor sequencing (TCR-seq), it
requires extensive a priori knowledge and assumptions of the contamination, such as control

“clean” datasets, which hinders its potential uses*.

Therefore, given the widespread use of AIRR-seq for pathophysiology study and disease
diagnosis, we believe it is of utmost importance to have efficient quality control tools that
should enable the detection of contamination, but also technical issues to identify technical
outliers from biological outliers. To this end, we first focused on TCR-seq as our main field of
research and developed the Quality control for T cell receptor Repertoire, QtCR, an integrative
tool to aggregate relevant data from the library preparation to sequencing output of TCR-seq
data. QtCR aggregates all the data collected by experimenters during the library preparation,
along with alignment and TCR-seq specific metrics. QtCR offers a wide range of QC metrics
with absolute and relative thresholds to identify abnormal data and outliers about the input

material identifying source of contamination, batch effects or meta-batch effects.

We validated the performance of our tool with a large dataset of a murine TCR atlas covering
eight years of continuous production, multiple alignment references version, different
sequencer platforms and sequencing facilities, as well as various mouse genetic backgrounds

and sorted T cell subsets.

3.1.3 Methods

Mouse experiments

Six- to 80-week-old male and female C57BL/6- and NOD-Foxp3-EGFP transgenic mice
expressing GFP under the control of the Foxp3 gene promoter were, respectively, provided by
B. Malissen (Luminy, Marseille, France) and V. Kuchroo (Brigham and Women’s Hospital,
Boston, MA). All animals were maintained at the Sorbonne Universit¢ Centre
d’Expérimentation Fonctionnelle animal facility under specific pathogen-free conditions in
agreement with the current European legislation on animal care, housing, and scientific
experimentation (agreement number A751315). All procedures were approved by the local

animal ethics committee (Paris, France)
Cell preparation

As detailed in a previous study?’, cells from various lymphoid organs were harvested and

incubated with fluorescent antibodies prior to being sorted on a FACSAria Il cytometer (BD
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Biosciences) with >95% purity into the four subsets: CD4+ FoxP3+ (Tregs), CD4+ FoxP3-
(Teffs), CD8+ FoxP3- (CDS8 T cells) and thymic CD4+ CD8+ (precursors). RNA was extracted
using the RNAqueous Total RNA Isolation Kit (Invitrogen).

Library preparation

Starting from 100 ng of RNA quantified with NanoDrop (ThermoFisher Scientific), 1762 TCR
librairies were prepared with the SMARTer Mouse TCRa/b Profiling Kit V1 (Takara Bio),
assisted with a pipetting robot Ascia (PRIMADIAG) allowing the simultaneous preparation of
96 libraries on PCR plates. Importantly, library position on 96-well plates were randomised
prior to library preparation. Libraries were then quantified prior to sequencing using

BioAnalyzer 2100 (Agilent) or TapeStation 4200 (Agilent).
Sequencing and pre-processing of TCR seq data

TCR libraries were sequenced with either HiSeq 2500 single-end (300 bp) (Illumina) or
NovaSeq 6000 paired-end (250 bp) (Illumina) and demultiplexed by the different facilities.

First, we used FastQC'! v0.11.9 to assess the reads and overall runs quality. Qualified raw
FASTQ files were originally aligned using MiXCR'? v3.0.3 (HiSeq 2500) or MiXCR v3.0.13
(NovaSeq 6000), reflecting evolution of tools over time. Non-productive or ambiguous TCR
were filtered out, along with TCRs with CDR3 between 14 + 8 amino-acid lengths. When

mentioned, clonotypes with counts of 1 (singletons) were removed.
Sample metadata

We collected and compiled several variables for each samples for the investigation of biases in
murine models that can be characterized in four large categories: murine models (genetic
background, intervention), biological material (organ, cell type, number of sorted cells), library
production (barcodes, RNA concentration, cDNA concentration), or sequencer related (type of

sequencer, run, flowcell lane).
Generation of the QtCR objects

Original metadata file, FastQC files, MiXCR alignment reports and MiXCR alignment files
were loaded into QtCR. For all samples, sequenced reads, aligned reads, percentage of aligned
reads were parsed from MiXCR reports. Similarity matrices (Jaccard and Morisita-Horn) and

Renyi profiles were computed from aligned files using the vegan package?* based on clonotypes
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incidence matrix, along with TRV and TRJ gene usage. Principal Component Variance
Analysis (PVCA) was computed using a slightly adapted code from the pvca Bioconductor
package® to make it more flexible. Principal Variance Component of indicated meta-variables
are computed from raw matrices of either similarity or gene usage. Matrices are then centred
but not scaled, and PVCA is performed with a variance threshold of 0.3 We used either the non-
linear uniform manifold approximation and projection (UMAP) algorithm or the linear
principal component analysis (PCA) for reduction of high dimensions matrices into two
dimensions. Low dimension projections on the 2D space are computed from TRV and TRJ gene
usage matrices, Jaccard and Morisita-Horn similarity matrices for TRA and TRB chain

separately and plotted using ggplot2?°.
Detection of diversity outliers

Outliers are detected using the Local Outlier Factor (LOF), an algorithm identifying distant
points in high dimensional space. LOF is determined as the mean reachability of a point A
across its k nearest neighbours?’. Single LOF score interpretation is limited, so we summed it
across multiple values of k to encompass multiple scales of seclusion. For a set of n samples,

the total LOF score of a point 4 is as follows:

[Vnl
LOFypr(A) = ) LOF(A)
k=3
Using Tukey definition of an outlier, we used the 1st quartile and interquartile range to define

the outlier threshold

Outlier threshold = Q1 + 1.5 * IQR
Samples for which LOFiotai(A) > Outlier threshold are considered outliers.
Decontamination of TCR repertoires using DeconTCR

DeconTCR is an original method that uses alignment data to find enriched clonotypes in
samples sharing a feature (here, indexes). Two clonotypes with different nucleotide sequences
can lead to the same amino acid sequence. This creates similarity between samples despite
sequences arising from different clones. We define this process as collision, which generates
false positives during decontamination. Collision is less likely to happen using nucleotide
sequences rather than amino acid. Indeed, the 14 bases long example CDR3

“CASSALASLNEQFF” can be derived from 2 *4* 6* 6* 4* 6* 4* 6* 6* 2* 2* 2* 2* 2 =
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31,850,496 distinct nucleotide combinations. To mitigate false positives due to collision, a
clonotype is defined as TRV-CDR3nt-TRJ. The DeconTCR method first selects clonotypes
shared by at least 30% of samples in a given index. It then computes the enrichment of each
clonotype based on presence/absence per index using a Fisher-test score. For each enriched
clonotype, a Shannon filter threshold is applied to its count distribution among all other samples
of the same index. Samples for which their counts are considered as noise are discarded.
DeconTCR performs a benchmark across different thresholds for the sharing fraction and fisher
enrichment score. An extensive comparison of each combination is evaluated by the user, which

defines the best trade-off between sensitivity and specificity of the filters.

DeconTCR Shannon filters were computed using the vegan package?*. Determination of the
contamination threshold is done by computing the Shannon entropy (H’). For a given

clonotype X shared by n samples with p counts, the formula is as follows.
n
HOO = ) ()
i

Computing the exponential of this formula gives the rank of the threshold to discriminate signal
from noise. A list of dummy distributions is shown in Supplemental figure 8 to show its

performance.

Decontamination performance is assessed on the amino acid clonotype definition to compare
the results with previous analysis. Jaccard and Morisita-Horn similarity matrices were
computed, along with their low-dimension projections as described in the “Generation of QtCR
objects” methods section. The number of clonotypes filtered and corresponding number of

counts filtered for each sample are collected to assess performance.
Statistical tests

Parametric student ¢-test and non-parametric Wilcoxon U-test p-values were computed using

R. P-values were considered significant for p <0.05. For effect size, parametric Cohen’s d and

non-parametric Cliff’s delta (0) were used to assess the magnitude of differences between

conditions.

76



3.1.4 Results (1600 words)

3.1.4.1 Dataset presentation

A comprehensive atlas of 1872 TCR-seq repertoires was used for this study. Due to sequencing
platforms evolution, 509 (27%) repertoires were sequenced with HiSeq 2500 and 1363 (73%)
with NovaSeq 6000 (Illumina) on 22 batches of up to 96 samples (Fig. 1). Samples contained
alpha (TRA) and beta (TRB) sequences from 2 genetic backgrounds (NOD, C57Bl1/6) and 16
projects (combination of genetic backgrounds, sex, age and treatment), sorted T cells in 4 main
subsets, CD4" T cells (Teff), CD8 T cells, CD4 regulatory T cells (Tregs) and thymic immature
T cells (precursors). For each sample, genetic background, organ of origin, sorted cell number,
nucleic acid concentration after extraction and library preparation as well as library preparation
and sequencing batches, plate position and Illumina indexes, sequencer platform, and finally
experimenter identification for each of the steps were compiled into a metadata file (Table 2).
In parallel, TCR-seq data were aligned as described in the material section. Both metadata file
and TCR aligned files were merged using QtCR. Among the additional relevant parsed
parameters, FastQC sample quality, MiXCR version were collected and used in further

analysis.

3.1.4.2 Differences of sequencing depth does not impact sample clustering

When using this massive dataset with samples collected and processed over a span of several
years (Supp. Fig. 1), we initially assessed the reliability of our approach between the two
sequencer platforms. Indeed, HiSeq 2500 was discontinued in 2021, and we switched to
NovaSeq 6000, which offered twice more reads per sample but with a different read length
(Table 1). We compared the amount of sequenced and processed material between HiSeq and
NovaSeq (Fig. 2A). As expected, NovaSeq yielded significantly more raw reads and resulted
in more reads aligned (p < 0.001, Cohen’s d = 0.58). Interestingly, the better yield of reads was
accompanied by a significantly lower percentage of aligned reads and strong effect size of the
aligner for the NovaSeq (p < 0.001, Cohen’s d = 0.41) (Fig. 2B). This quantitative difference
was not associated with a qualitative imbalance between TRA and TRB mapped reads (& Cliff
= 0.10). We looked further into the difference between the alignment performance and

observed that the percentage of aligned sequences varied between batch, suggesting external
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factors associated with the library preparation or the sequencing run? (Fig. 2C). To assess
whether this quantitative difference was associated with differences in generated data, we
compared the diversity of TRA and TRB chain rearrangements and found no major differences
for both chains when comparing the Shannon entropy (8 Cliff = 0.11 and 0.13 respectively)
(Fig. 2D). As gene usage is highly linked to cell subsets and genetic backgrounds, we
investigated whether the differences of technologies resulted in a sequencer-driven clustering.
To measure this, we used principal variance component analysis (PVCA) on the gene
frequency matrices to quantify the amount of variance associated with a set of variables from
the QtCR-compiled metadata (meta-variable). Sequencers accounted for less than 5% of the
weighted variance, confirming that at the global scale of our dataset, the sequencer used had
no impact on clustering (Fig. 2E). Interestingly, we found that the genetic background was the
major driver of variance for the TRA chain, whereas cell type was the main contributor for the
TRB chain. We confirmed this result by projecting the TRBV usage on a 2-dimension space
using principal component analysis (PCA) or UMAP projection, confirming no visible bias

(Fig. 2F).

To evaluate the impact of the sequencer platform on the clone distribution and sharing, we
computed the Jaccard and Morisita-Horn (MH) similarity indices on the list of clonotypes,
which respectively measure the overlap and similarity of distribution of a variable, here a
clonotype, between series of samples. Again, we found no association between sample

similarity and the sequencing technology for both chains (Fig. 2G-H).

3.1.4.3 Read length alignment partially drives T cell subsets’ clustering

We then investigated the sequencer impact on single population of cells. If the sequencer had
no impact on the global variance of four populations and two genetic backgrounds, it might
have been “diluted” by the samples’ heterogeneity. To observe more subtle differences the
sequencer might have introduced, a subset of a homogeneous population of CD8" T cells of
C57Bl1/6 was selected from the whole dataset (Fig. 3A). Local Outlier Factor (LOF) was used
to remove samples with abnormal diversity, which might introduce unwanted variation (Fig.
3B). This method accurately detected and removed under-sequenced samples (Supp. 2). Only
samples within boundaries in both TRA and TRB chains were used for the subsequent analysis.

We then computed PVCA on three experimental variables associated with the dataset,:the
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harvested organ, the lane and the sequencer platform. Strikingly, almost 100% of TRA
Morisita-Horn and TRAV gene usage variability was attributed to the sequencer platform
variable (Fig. 3C). This has been further confirmed on a 2D projection of those two matrices
by PCA (Supp. 3A-B). We obtained similar results in the NOD background and in the Teff
subset (Supp. S4). Given the specific impact of sequencer platform on the TRA
rearrangements, we hypothesised that incorrect TRAV genes mapping lead to the high
differences in MH index, and was likely due to the alignment parameters. As the main
difference between the two sequencers parameters is the read layout (300bp single-end for
HiSeq, 250bp paired-end for NovaSeq), we realigned all the samples by varying the read
length, using paired-end reads or single-end reads and two distinct version of the aligner. As
such, the NovaSeq 250bp paired-end read samples (n=21) with were realigned as 250bp single-
end reads using MiXCR version 3.0.13 (SE 250 NS 3.0.13). The 300bp HiSeq single-end
read samples (n=32) were realigned with the newer aligner version 3.0.13 of MiXCR
(SE 300 HS 3.0.13), or trimmed single-end read to 250bp (SE_250 HS 3.0.13) (Fig. 3D).
We compared these conditions with the original ones, namely 250bp paired-end NovaSeq
(PE_250 NS 3.0.13) and 300bp single-end HiSeq (SE 300 HS 3.0.3). We computed the
pairwise Jensen-Shannon divergence (JSD) matrix between TRAV genes usage in these
different conditions to find the most robust method for both NovaSeq and HiSeq data and
projected samples on the UMAP low dimension space (Fig. 3E). Paired-end layout features
the most dissimilar TRAJ usage of all methods. Interestingly, both 250bp-SE sets of samples
showed the most similarity, even more similar than the duplicated 300bp vs 250timmed bp HiSeq
samples. To measure how overlapping the distributions were, we defined the identity score of
the TRAV distributions by computing the sum of the absolute frequencies’ differences between
our reference (SE_250 HS 3.0.13) and all the others (Fig. 3G). NovaSeq 250bp SE alignment
scored the highest identity (92% identity), confirming its relevance. Paired-end alignment not
only has the lowest identity score, this analysis also revealed that paired-end alignment
identified TRA genes that were not observed in the other methods. These genes can be seen at
the tail of the gene usage distribution. We computed the gene usage and similarity PVCA on
the HiSeq and NovaSeq samples aligned with SE-250bp (Fig. 3G). We completely removed
the sequencer effect on this homogeneous set of samples, without affecting much of the other

meta-variables. These results show that different sequencing technologies with different read
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layouts lead to unexpected gene mapping, which can be circumvented by realigning raw

repertoires on the harmonised layouts.

3.1.4.4 Index hopping introduced by NOVAseq is detected by QtCR

To determine the extent of individual batch effects, we computed the PVCA of each batch
separately on a set of relevant variables: project, cell type, and the [llumina reverse and forward
indexes corresponding to the lines and column of our plates (Fig. 4A). As expected, HiSeq
batches showed a very strong contribution of the cell type to the clustering. However, NovaSeq
rather exhibits a concerning domination of the reverse index impact on the variance, with up
to 80% of the total Jaccard matrix variance, but not in MH. This result suggested that a high
amount of low-counts clonotypes were shared between samples with the index, as Jaccard gives
the same weight to all clonotypes, no matter their abundance. To better understand these results,
we focused on the Batch 19, featuring almost 80% of cumulative index-attributed variance for
the Jaccard TRB index (Fig. 4B) and TRA chain (Supp. 5). Hierarchical clustering of the TRB
Jaccard index showed a clearly defined reverse clustering, confirming the results from the
PVCA (Fig. 4C). These patterns of high similarity between the reverse index were not found
in the MH matrix (Fig. 4D), where sample clustering were more likely influenced by the cell
subset of origin. Sequencing plate layout was designed randomly ruling out that observed
similarity was due to comparable samples being placed on the same lines or column (Fig. 4E).
However, when looking at the individual Jaccard scores of a random sample on a plate (e.g.,
position E11), we observed a very characteristic crosshair pattern (Fig. 4F) described by other
groups and attributed to index hopping?®?°. We also confirmed the PVCA results by showing
that samples from the same reverse (8/8) or forward (11/12) had a significantly higher score
than samples from different indexes (Fig. 4G). Altogether, these results are consistent with an
index hopping contamination due to the switch from HiSeq to NovaSeq sequencing. As index
hopping is a random phenomenon, it should be correlated with the number of reads!”?°. To
confirm this, we computed the correlation between raw sequenced reads and Jaccard index
between two repertoires, and found that repertoires sharing a sequencing index had positively
correlated Jaccard index (same reverse: R = 0.47, same forward: R = 0.55, no common index:
R = 0.18) (Fig. 4H). These results could be extended to all batches, as the mean contribution

of reverse is positively correlated to the amounts of reads on NovaSeq (R=0.45) (Supp. 6).
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3.1.4.5 Correction of index hopping using information theory

Index hopping appeared to be a random process at the sequence/read/template level leading to
the index being exchanged between reads. In the case of redundant dual indexing (RDI), it
means assigning them to another sample on the same line or column (Supp 7). Thus, we
hypothesised that the more common a read is, the more likely it is to be found on all the samples
of a same line or a same column, with the fold change equal to the probablility of index hopping
(Phop) * the number of indexes. Estimations of Phop are in the range of 1/10 and 1/1000 '®%°. In
line with these estimates, in our data, the Pnop was estimated at about 1% (Supp 11). This
contamination results in high frequency clonotypes more likely to be spread among indexes,
with several logs of magnitude lower than in the original sample. Index hopping can then be
assimilated to noise, spreading from an original source of signal. In order to remove artificial
similarity between samples due to index-hopping, we developed DeconTCR, an algorithm that
relies on information theory entropy to identify noise from the original signal (Fig. SA). First,
we identified the TCRs that were significantly enriched for a reverse or a forward, and shared
by at least 30% of all samples with the same index. Each enriched clone count is then ranked
against all the other clones of the same index. To determine a filter threshold, Shannon entropy
is computed on the count distributions. Decontamination performance was then benchmarked
based on the balance diminution of same index similiarity and the number of sequences filtered.
This allowed to determine that a filter threshold of 0.01 was an optimal trade-off (Supp. 9A-
D).

Applied on the 95 samples of “Batch 197, we show that the original UMAP projection
clustering was driven by reverse indexing (Fig. SC-D). Removing singleton did not affect
clustering. A combination of DeconTCR + singletons removal offers the best performance to

restore the expected cell type clustering, Supp 10).

3.1.5 Discussion

In this work, we described how QtCR, an integrative quality control pipeline featuring tools
for identifying variables contributing to variance, is used to identify biases from data of
different production source in TCR-seq sequences. From a set of samples of one cell
population, to 96 multiplexed samples in a single run of multiple T subsets, to an aggregation
of thousands of repertoires from different runs, QtCR efficiently identified expected and

unexpected technical impacts of sequencing.
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Currently, there is no dedicated tool to measure and assess biases introduced by technical and
experimental factors. Here we provide a toolbox to analyse the impact of metadata on data. The
package can be used on the command line for the most advanced functions, but it also features
a user-friendly web interface. Metadata MiAIRR>3*3! compliant and can also accept any other
type of information, such as plate position or the nucleic acid concentration of the sample. The
detailed information of how this is processed by QtCR is described in the online

documentation.

Evaluated on 1872 samples sequenced in 96 multiplexed-sample batches, we showed how
differences in sequencing depth did not affect large scale analysis between repertoires.
Although HiSeq 2500 featured fewer reads than NovaSeq 6000, when we computed high
granularity metrics such as clonotypes diversity, TCR gene usage or similarity distances at the
scale of a large dataset, we found that integrating data obtained from both sequencers did not

critically impact the sample clustering.

When then investigating in more detail how the read length difference between HiSeq 2500
(250bp, single-end) and NovaSeq (300bp, paired-end) could influence the downstream
analysis. We first showed how QtCR accurately detected and removed outliers. We then
demonstrated on the curated dataset of CD8 T cells how murine TRAV gene mapping was
flawed between paired-end and single-end read pairing. A benchmark of read modifications
before alignment and MiXCR'? versions demonstrated that an harmonisation of alignment
methods dramatically reduces the gap between the repertoires. This result highlights how a
consistent alignment procedure is required for clonotype mapping, and stresses the need for an
open alignment method description to ensure robust reproducibility and future reuse of data by

other scientists.

Finally, QtCR identified a pattern of contamination due index hopping in our dataset. Index
hopping is not a new issue, and recent kits were developed with unique dual indexing (UDI) to
drastically reduce the possibilities of hopping through impossible combinations®2. However,
any dataset that has been produced using redundant dual indexing (RDI) needs to address these
issues, especially for reuse in further studies. Single-cells datasets are also on the hook. Indeed,
most commercial kits use 96 UDI, but it does not completely alleviate the problem and leads

to “phantom” cells*, which can also lead to the false discovery of TCRs. This is of the utmost
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concern as most of the new strategies developed heavily rely on the sharing of TCR to infer

clinical conclusions*.

In order to mitigate with index hopping, we designed DeconTCR, an unbiased method for
decontaminating data based on shared features. Using this novel and efficient method, we
showed how DeconTCR restored a biologically accurate clustering after removing the index-
induced contamination with minimal alteration of the data. DeconTCR works best in a random
distribution of samples to limit possible confounding factors; hence, it might not be as efficient
with all datasets. Randomising samples is a recommended practice for any experimental

35-38

design®°, and our method confirms that TCR multi-batch projects also need careful planning.

Our work focused on TCR-seq, but can also be ported to any AIRR-seq. BCR-seq shares many
common characteristics with TCR-seq, such as the need to capture a full-length receptor
through specific primers, an immense diversity of possible receptors generated, and very

similar analysis methods?!%2!-%

. BCR-seq and TCR-seq are often pre-processed in a
comparable fashion '>4%#! thus QtCR could be adapted and optimised to support BCR-QC

with minimal modifications.

This study emphasises the importance of providing a comprehensive metadata with publicly
available datasets. We also stress the importance of specifying the parameters used for
alignment. AIRR community Minimal Standards Working Group set standards for metadata in
collaboration with NCBI to facilitate the sharing of such information®’. This practice is
imperative for upcoming research initiatives as it will enhance our capacity to comprehend and
effectively compare NGS derived datasets. Our findings strongly encourage thorough quality
control before any AIRR-seq integration of data from different origins (batches, protocols,

labs...).

Our investigations show the importance of collecting experimental metadata, since repertoires
produced with different sequencing methods or aligned differently cannot be compared without
adjustment. Metadata should be as standardised as possible to facilitate data sharing and
comparisons’. However, reality shows that overly comprehensive or technical standards are a
barrier to correct metadata filling (Supp 12). This points to the need for a simple tool,
accessible to all, to fill in metadata as experiments progress (and thus avoid disconnection

between those who produce the data and those who analyse it*.
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Furthermore, with QtCR we identified the impact of the alignment procedure on data
comparison.. Therefore, although obvious, these results emphasize the critical need of sharing
raw data rather than processed ones. This will not only allow evaluating how comparable

datasets could be, but also ensure accurate comparison especially when gene reference change.

Altogether, QtCR is a user-friendly and flexible tool that should enable advanced quality
control, identification of real outliers and allow intervention when contaminations are
suspected. The flexibility of the tool should allow it to identify other sources of bias or
contaminations not covered in this study simply by adding additional variables in the metadata.
This tool should permit a better integration of AIRR datasets from various platforms and
experimental design by determining the impact of technical bias on biological interpretations,

opening data sharing to a new era of data reuse and comparison.
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3.1.6 Figures and legends

3.1.6.1 Legends

Figure 1 : QtCR workflow and dataset presentation

A : QtCR workflow overview. Experimental metadata is collected during all all TCR libraries
production steps. We use QtCR to aggregate all the data and compute TCR-related metrics.
These metrics are then compared to experimental metadata to identify 1) outliers based on
discrepancies between aligned and expected output, and ii) experimental or biological
features associated with sample clustering.

Figure 2 : Differences of sequencing depth does not impact sample clustering

A : Violin plots of the amounts of raw reads (left) or aligned reads (right) between HiSeq
2500 (n=509) and NovaSeq 6000 (n=1363) TCR-seq samples.

B : Violin plot of the percentage of aligned reads out of the sequenced reads (left), or the
proportion of TRB reads (right) between HiSeq 2500 and NovaSeq 6000 TCR-seq samples.
C : Violin plot of the percentage of aligned reads per batch.

D : Shannon index diversity between HiSeq and NovaSeq samples, TRA (left) and TRB
(right).

E : proportion of gene usage variance explained by each meta-variable.

F : PCA (left) and UMAP (right) projection of sample TRBV gene usage.

G : Proportion of similarity matrix variance explained by each meta-variable.

H : PCA (left) and UMAP (right) projection of sample TRA jaccard index.

Figure 3 : Read length alignment partially drives T cell clustering

A : Highlighted C57BI1/6 young females CD8 T cells repertoires PCA projection of the
complete murine dataset.

B : Distribution of TRA and TRB LOF scores of C57Bl/6 young females CD8 T cells
repertoires with inliers (green) and outliers (red). Dashed red lines correspond to the outlier
threshold.

C : Proportion variance explained by each meta-variable in similarity matrix and genes usage.
D : Jensen-Shannon Divergence of TRAV genes usages between conditions.

E : Identity score between TRAV usage distributions compared to HiSeq 2500 samples
aligned with 250pb, single-end and 3.0.13 version of MiXCR. TRAV genes are ordered by
decreasing frequencies found in condition SE 250 HS 3.0.13 (green).

Figure 4 : Unexpected index hopping introduced by NOV Aseq is detected by QtCR

A : PVCA contribution of meta-variables among all batches, for Jaccard and MH indexes.
Batches with less than X samples were discarded as we could not properly evaluate dual
indexing impact.

B : PVCA scores of “Batch 19”.

C-D : Heatmap of the scores of Jaccard (C) and MH (D) index between the Batch 19 samples
(n=95)

E : Distribution of cell subsets in the original plate sent to sequencing.
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F : Jaccard overlap scores of Batch 19 compared to sample So (red).

G :Jaccard means score of Batch 19 sample sharing a reverse (top) or a forward index
bottom). Confidence intervals expressed in standard deviation. Wilcoxon U-test.

H : Amount of reads in a sample and associated Jaccard score

Figure 5 : Correction of index hopping using DeconTCR

A : Index hopping mechanism. On redundant dual indexing (RDI), reverse index (i5) and
forward (i7) are used to individually barcode each sample. In a 96 well plate, the 8 reverse
and 12 forward correspond to lines and columns, respectively. During sequencing, non-
specific annealing of barcodes happen at a random rate and introduce incorrect read
assignments.

B : DeconTCR workflow. 1) Reads enriched for each barcode are identified. 2)We use the
Shannon entropy to identify the source of contamination (true signal) from contaminated
samples (noise). This process is repeated for clonotype across all indexes. 3) Freshly filtered
samples are then reanalysed to qualify the amount of contamination eliminated and
improvement of biologically-related clustering.

C : Projection of the contaminated dataset after removing singletons, going through
DeconTCR, or both. Top panels indicate cell type clustering, bottom panels indicate reverse
clustering.

D : Jaccard similarity matrix of Batch 19 prior and after going through DeconTCR and
singletons removal. Samples were arranged either based on their cell type (top) or reverse
(bottom).

E : Percentage of clone counts remaining in samples after using DeconTCR for decreasingly
stringent fisher thresholds compared to the original unfiltered dataset.

F : Percentage of clone counts remaining in samples after using DeconTCR for decreasingly
stringent fisher thresholds compared to the original unfiltered dataset.

G-H : For each reverse (G) or forward (H), we computed the mean intra- and extra-cluster
distances (respectively dotted and full lines) for the Jaccard TRB matrix.
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3.1.6.2

Figure 1
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Figure 2
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Figure 3
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Meta-variable contribution

Figure 4
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3.1.6.3 Tables

Table 1: Specifications of sequencers HiSeq 2500 and NovaSeq 6000 used in this study

HiSeq 2500 NovaSeq
Read length (bp) 300 250
Read layout single-end paired-end
Sequencing depth 200GB 400GB
Flow Cell splitting Yes (2) Yes (2)
Samples processed 192 192
Theoretical 6 6
Reads/sample Ix10 2x 10

Table 2: Description of metavariables used in the murine dataset analysis in QtCR

sample_id unique identifying name for each library

project Category combining both intervention and genetic background
run sequencing run unique 1D

lane sequencing run unique ID + flowcell lane (1 or 2)

species Mus Musculus

reverse [Mlumina D50X index

forward [Mlumina D7XX index

techno Sequencer used (HiSeq 2500 or NovaSeq 6000)

organ Organ from which cells were sorted

cell number

Number of sorted cell before lysis

genetic_bakgroun
d

Mouse genetic background

rna_conc

Concentration of libraries before preparation

cell _type

Sorted cell types were aggregated into precursors, CD4, CD8 and

Treg
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3.1.6.4 Supplementary figures
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Supplemental 1 : Timeline of production of Tripod samples. The dataset we used features
cells that were sorted back in 2015 and sequenced until mid 2022. Most samples were sorted
before 2020, year at which the facility stopped supporting HiSeq 2500 sequencers and
swithed to NovaSeq 6000 (red line).
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Supplemental 2 : Outliers based on the TCR diversity Renyi profile that were further removed
from the analysis of Figure 2. QtCR uses Local Outlier Factor (LOF) to detect samples that are
isolated to other when projected onto a space. Please refer to the Methods section for more details
on the approach.
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Supplemental 3: Principal Component Analysis of C57Bl/6 young females CDS cells

A : PCA of the Morisita-Horn similarity of TRA clonotypes on samples sequenced using HiSeq 2500
(blue) or NovaSeq (red)

B : PCA of the TRAV usage on samples sequenced using HiSeq 2500 (blue) or NovaSeq (red)
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Supplemental 4 : A : Highlighted C57B1/6 young CD4 T cells repertoires PCA projection of the
complete murine dataset.

B : Distribution of TRA and TRB LOF scores of C57BI1/6 young females CD4 T cells repertoires
with inliers (green) and outliers (red). Dashed red lines correspond to the outlier threshold.

C : Proportion of variance explained by each meta-variable in similarity matrix and genes usage
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Variance contribution
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Supplemental 5 : UMAP of Jaccard index, TRB. Clustering of samples is driven

by the reverse index. Samples from TRA chain are also clustered by reverse.

Correlation between raw reads per sample and meta—variable contribution to similarity matrix
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overall variance of Jaccard or Morisita Horn similarity Matrix. Pearson coefficient.
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Supplemental 7: Mechanism for dual indexing hopping and line/column
contamination. In this example, a DNA fragment has been hybridised to the flowcell.
(left) Priming of the reverse results in elongation of the read and correct barcode
sequencing. (right) Free indexes remaining in the sample after poor purification of
libraries or non-specific hybridisation results in elongation of a read with another
barcode. During multiplexing, this will lead to the wrong assignment of reads. In
this example, this lead to initial read in AO1 to be assigned the sample in GO1.
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Filtered frequencies
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Supplemental 8 : 4 examples of counts distribution and the Shannon threshold defined to
filter noise from signal. In all examples, the Shannon threshold was able to correctly
distinguish between a strong signal and background noise, even when confronted to more
subtle differences (distr4).
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Supp 9: Evaluation of different threshold performance on decontamination of Batch 19 (n=95
samples). X axis represent the Fisher test pvalue used for considering significant contamination. A
higher pvalue indicates less stringent threshold, and thus more read to be filtered. For each analysis,
we plotted the results with (left) or removed singletons (right) after decontamination.

E: Amount of the cumulative frequencies of clonotypes filtered per index. Each point is a sample,
colored by reverse.

F: Percentage of unique clonotypes remaining in samples after decontamination. Each point is a
sample, colored by reverse.

G: Mean Jaccard reverse score across samples. Jaccard distance between samples sharing a same
reverse (solid) or using different (dashed) reverse were plotted. Ideally, there should not be a
difference between those two lines, as samples are placed randomly. We see an optimal of clustering at
0.01

H: Similar plot as G, but using forward primers.
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Supplemental 10 : Sample “tripod-51-1479” similarity after decontamination of Batch 19
with DeconTCR. Similarity was performed using Jaccard index.
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Supplemental 11: Index hopping probability calculation. To estimate Phop, we used a spiked-in library
from a 96 well batch sequenced with NovaSeq. On position H9, we sequenced a unique clone (TRBV2
CASEDGLATYEQYF TRBJ2-7) with 10° counts associated.

A : distribution of counts in the plate. A very typical cross pattern is observed in line H and column 9.
B: Assuming this is only due to contamination, the ratio between contamination and original signal can

be estimated to Phop.
C : we confirmed DeconTCR performance in identifying noise. DeconTCR confidently identified that

only the 1% clone was true signal.
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cell_subset sequencing_platform software_versions strain_name tissue

Supplemental 12 : iReceptor metadata investigation reveals incomplete filling.

We analyzed the user-filled metadata from online iReceptor database. The percentage indicates the
proportion of correct information for each data item. We classified information as good if they were
both correctly named and relevant. In the 5 columns analogous of our study, we found that only 16%
of samples have correctly filled sequencing platform column. More surprisingly, for 59.2% of
samples, the cell population was not specified.

relevant information
. good
naming
B not informative
empty

Database was downloaded on 2023-09-07. It includes 9876 samples from 91 studies.
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3.2 CHAPTER 4: POLYCLONAL EXPANSION OF TCR VBETA 21.3+ CD4+ AND CD8+
T CELLS IS A HALLMARK OF MULTISYSTEM INFLAMMATORY SYNDROME IN

CHILDREN

The second aim of my PhD was to reveal the promises of TCR sequencing in
pathophysiology understanding. This objective took place during the 2019 SARS-CoV-2
pandemic. Early reports showed how children were as much subject to COVID-19 symptoms
compared to adults (W. Liu et al., 2020; Lu et al., 2020). Children displayed typically milder
symptoms and lower number of cases. However, clinicians reported a large outbreak of
children with symptoms analogous to Kawasaki or toxic shock syndrome, diseases mediated
by superantigen effects. This acute disease was named multiple inflammatory symptom disease

in children, or MIS-C, due to the clinical manifestations in patients.

MIS-C patients harboured high percentage of circulating T cells with some V3 as shown
in cytometry. As part of a collaboration between French hospitals to investigate this emerging
disease, we sought to confirm the role of SARS-CoV-2 as a superantigen. To this end, we had
access to peripheral blood repertoires of MIS-C paediatric patients. We performed massive
parallel sequencing on the TCR genes to assess the clonal expansion level of TCRs using the

TRBV12 genes, identified from cytometry.

As part of this collaborative work, I was dedicated to the production and analysis of TCR
sequencing data from whole blood paediatric patients. In the results presented as a published
article in Science Immunology, we demonstrated how TRBV12 expansions were oligclonal,
and did not persist in time. In line with this result, we confirmed that TRBV11-2 expansions
were not preferentially associated to a particular TRVJ gene. We show here how TCR-seq can
complement cytometry or gene expression profiling approaches to confirm the superantigen

effect, and provide additional information on the non-specificity of the response.
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INTRODUCTION

At the end of April 2020, European clinicians warned public health
agencies about an abnormal increase of Kawasaki-like diseases and
myocarditis requiring critical care support in the context of the
ongoing coronavirus disease 2019 (COVID-19) epidemic in chil-
dren (I-3). American clinicians also reported a large outbreak of
severe inflammation in children after COVID-19 infection, a condi-
tion that is now named pediatric inflammatory multisystemic syn-
drome or MIS-C (4-6). The clinical phenotype of this emerging
disease is broad and encompasses features of Kawasaki disease (KD)
and toxic shock syndrome (TSS). Many cases require intensive care
support, making MIS-C one of the most severe manifestation of
COVID-19 in children. MIS-C occurs 3 to 4 weeks after acute COVID-19
in children (3, 5-7).

To date, reports on MIS-C show slight differences in cytokine
profiling and immunophenotype between MIS-C and KD or pedi-
atric COVID-19 (8, 9). Analysis of T cells reveals a lower number of
T cells in MIS-C with no or subtle signs of activation (10). Multi-
dimensional immune profiling on small numbers of patients shows
differences between acute COVID-19 and prepandemic KD (8, 11).
A subset of activated CD8 T cells expressing the CX3C chemokine
receptor (CX3CR1) is observed in MIS-C (12), and both CD8 and
natural killer (NK) cells demonstrate an elevated expression of cyto-
toxicity genes (13). Anti-severe acute respiratory syndrome corona-
virus 2 (SARS-CoV-2) antibodies (Abs) are equally produced in
pediatric COVID-19 and MIS-C. Autoantibodies are uniquely
found during MIS-C or KD, which supports the contribution of the
humoral response to both diseases (8, 11). Last, a role for genetic
factors is evocated in MIS-C pathogenesis because it occurs more
frequently in Hispanic or African children (14-16). Despite these
pioneer studies, the immunological mechanism underlying MIS-C
remains unknown.

To address this question, we compared the immune profile of
patients with MIS-C with that of patients with COVID-19 and that
of patients with other clinically similar entities such as KD and
TSS. For this, we explored the cytokine and cellular immune profile
using different techniques. Using flow cytometry and transcriptom-
ic analyses, we uncovered a specific VB21.3" T cell expansion in
24 of 32 tested patients with MIS-C when assessed in the first month
after onset. T cell receptor (TCR) sequencing revealed the polyclonal
nature of the VB21.3" expansion. No specific human leukocyte
antigen (HLA) bias was identified in patients, but we found a specific
activation profile within VB21.3" T cells. This activation was tran-
sient with a normalization of the repertoire within days to weeks
after the inflammatory episode. Together, our findings provide an
immunological signature in MIS-C with potential implication in
the diagnosis and treatment of this rare disease.

RESULTS

MIS-C presentation overlapped with TSS and KD

We took a cohort of 36 children with MIS-C and compared them
with 16 KD cases diagnosed during and before the pandemic,
58 retrospective cases of patients with TSS, and 42 patients with
acute COVID-19 (11 children and 31 adults). This comparison was
motivated by previous descriptions of MIS-C in Europe and in the
United States, showing a clinical overlap between staphylococcal
toxin-mediated T'SS and KD in patients with MIS-C (I-3). Figure 1A
outlines the study flowchart and the clinical and biological

Moreews et al., Sci. Immunol. 6, eabh1516 (2021) 25 May 2021

parameters we evaluated. Patients diagnosed for MIS-C, classical
KD, TSS, or acute COVID-19 were included. Patients were then
subjected to deep immunological analyses combining cytokine
profiling, TCR Vp analysis, and T cell stimulation assays (Fig. 1A).
We confirmed the strong clinical overlap between MIS-C, TSS,
and KD. Many patients in the MIS-C group also fulfilled some of
the five major criteria for TSS and KD, respectively (Fig. 1B). Con-
sidering the clinical parameters, the most frequent features of pa-
tients with MIS-C in our cohort were fever, cardiac dysfunction,
gastrointestinal symptoms, coagulopathy, and systemic inflamma-
tion (table S1). Additional clinical data are presented in table S2 for
KD, TSS, and acute COVID-19 and in table S3 for all patients.
Moreover, table S4 gives a list of the patients analyzed in each of the
following figure panels.

High levels of proinflammatory cytokines in MIS-C
contrasted with lymphopenia and low HLA-DR expression

in monocytes

SARS-CoV-2 can cause fatal acute respiratory distress syndrome in
patients at risk. This manifestation is caused by delayed and poorly
controlled immune responses, with a deleterious role of inflamma-
tory cytokines. Moreover, we and others have identified a subgroup
of severe COVID-19 patients with impaired type I interferon (IFN)
production (17-20). Thus, a regulated production of cytokines is
paramount for control of SARS-CoV-2 infection. This prompted us
to investigate how cytokines could contribute to MIS-C pathogene-
sis. We compared the serum levels of IFN-o, IFN-y, tumor necrosis
factor-o (TNF-a), interleukin 10 (IL-10), soluble CD25 (sCD25),
monocyte chemoattractant protein 1 (MCP1), IL-1 receptor antag-
onist (IL-1Ra), IL-6, and IL-18 between healthy controls and MIS-C,
KD, TSS, and different forms of COVID-19 (mild pediatric, mild,
or severe adult-onset COVID-19; see table S2 for a list of clinical
features in the different patients’ groups).

The expression of IFN-stimulated genes (ISGs) in blood cells
was significantly higher in MIS-C compared with controls but rath-
er low compared with patients with COVID-19 (Fig. 2, A to C). The
level of serum IFN-a2 followed the same trends, whereas serum
IFN-y was variable among patients with MIS-C, with very high lev-
els in a few patients. The expression of the other cytokines mea-
sured (IL-6, IL-10, IL-18, TNF-a, MCP1, IL-1RA, and sCD25) was
very high in patients with MIS-C compared with controls and very
similar to that of patients with KD, TSS, and severe COVID-19
(Fig. 2, B and C). The level of sCD25 was significantly higher in
patients with TSS than in patients with MIS-C and significantly
lower in patients with severe COVID-19 than in patients with
MIS-C (Fig. 2, B and C). A previous study found higher levels of
serum IL-6 in patients with KD than in patients with MIS-C, con-
trasting with our data (8).

To further explore the MIS-C immunological profile, we quanti-
fied the number of peripheral lymphocytes of different types and
the expression of HLA-DR in patients’ monocytes. T and NK cell
counts were, on average, very low in patients with MIS-C and KD,
whereas B cell counts were normal (Fig. 2D and fig. S1). We found
a decreased expression of HLA-DR in monocytes in both patients
with KD and MIS-C compared with controls (Fig. 2E and fig. S1).
Together, our data show a strong similarity in cytokine profiles be-
tween MIS-C, KD, and TSS and highlight the decreased lymphocyte
counts and low HLA-DR expression in monocytes in patients with
MIS-C compared with controls.
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In vitro study of Ag/SARS-CoV-2
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TSS-Str-4
TSS-Str-5
TSS-5tr-6
TSS-5tr-8
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12 e

*TSS major criteria according to wwwn.cdc.gov/nndss/conditions/toxic-
shock-syndrome-other-than-streptococcal/case-definition/2011/

**Kawasaki principle criteria other than fever: Brian W. et al., 2017

Fig. 1. Study design and clinical features of patients with MIS-C. (A) Outline of the study including patients with MIS-C, KD, TSS, and acute COVID-19 and the immu-
nological investigation workflow. (B) Heatmap showing the number of major criteria of TSS or KD for patients with TSS, MIS-C, and KD included in our study, considering
the following case definition criteria: five clinical items for TSS (fever, rash, desquamation, hypotension, and multisystem involvement) and five clinical items for KD in
addition to fever (rash, cervical lymphadenopathy, bilateral conjunctivitis, oral mucosal changes, and peripheral extremity changes).

Expansion of VB21.3" peripheral T cells in a large fraction

of patients with MIS-C

TSS toxin 1 (TSST1)-related TSS is associated with a skewing of the
T cell repertoire toward VP2 as a result of TSST1 superantigen-
induced proliferation of VB2" T cells (21). Every other Staphylococcus
aureus superantigenic toxin induces the expansion of specific TCR
VB subsets, i.e., VB 5.2, 5.3,7.2, 9, 16, 18, and 22 for staphylococcal
enterotoxin A (SEA) or VB 3, 12, 13.2, 14, 17, and 20 for SEB (22).
Given the similarities between TSS and MIS-C, we explored the
possibility that MIS-C was also associated with specific T cell ex-
pansions. To explore the T cell repertoire in MIS-C, we first used
flow cytometry to assess the distribution of VP subunits in T cells
from patients with MIS-C, in comparison with patients with KD,
TSS, and COVID-19 (Fig. 3A and fig. S2A). As expected, patients
with TSS displayed the hallmark expansion of the VB2" subset.
Several VB-specific expansions were also visible in patients with
MIS-C and, in most cases, VB21.3" expansions (Fig. 3A) in both
CD4 and CD8 T subsets (fig. S3A). These expansions had similar
amplitudes as the VB2 expansions in TSS (Fig. 3A). A principal
components analysis (PCA) of the VB distribution in CD4 and CD8
T cells showed that the main parameters separating the different
patients were the frequency of V2" and of VB21.3" cells (fig. S3,
B and C). Overall, the expansion of VB21.3" T cell subsets was seen
in 15 of 26 (58%) patients with MIS-C and in none of the other

Moreews et al., Sci. Immunol. 6, eabh1516 (2021) 25 May 2021

conditions analyzed by flow cytometry, i.e., KD, TSS,and COVID-19
(Fig. 3A). Next, we wanted to use a different technique to test the
specificity of this expansion, and we therefore performed transcrip-
tomic analyses of VP expression in peripheral blood mononuclear
cells (PBMCs) using the NanoString technology. This technique also
requires much less material than flow cytometry, which allowed
us to run lymphopenic samples from severe COVID-19 cases. This
transcriptomic analysis firmly established that the VB21.3" T cell expan-
sion is a hallmark of MIS-C because it was seen in 18 of 23 patients
with MIS-C tested (fig. S3D). Thus, taking together flow cytometry
and NanoString analyses, we found that 24 of 32 (75%) patients
with MIS-C and none in the other clinical groups displayed T cell
receptor beta variable genes 11-2 (TRBV11-2)/VB21.3" expansions.

We then compared the level of serum cytokines between MIS-C
patients with and without VB21.3" T cell expansions at the time of
the acute episode. The levels of IL-18 and IL-1RA (Fig. 3, C and D)
were associated with the polyclonal VB21.3 expansions, but not
those of the other cytokines tested (fig. S4, A and B), suggesting that
VB21.3" T cells were associated with the cytokine storm.

TCR sequencing highlighted the polyclonal nature of TCR
VB21.3 expansions

To investigate the clonality of VB21.3" expanded cells, we analyzed
the TCR repertoire of 11 patients with MIS-C for whom whole-blood

30f11

£202 ‘22 200100 U0 NHISN | e 610'90us 105" Mamm//sdny Wod) pepeoumod



SCIENCE IMMUNOLOGY | RESEARCH ARTICLE

A Type land Il interferons

X%
%%

1000, — 100,000 . 1000 FT3
T . 10,000 2 : 1
100 > . ¥ % 1000 ) £ 2 100 1 =
10 o . . ® S= 100 . -~_ 10 o ¢ ) 2
O E 4 ; . £ v & P o £ f
GA I LETIEE SRR S O A RN R
0.1 ° . o1 . - . 0.1 . .
001l — — 001+ 0011 —— . .
EL O F O L OO FE® & S L OfF PP &
9 Y& 8 S NSRS SN ES
& & & & & & &
B Other cytokines o
*% AKX
* 100,000 HAE
100 **-);** 1000 *—j'_ XX - .
*x%
: — ko, T
.E . T . 1‘ o 1004 S .i . Q¢ 10,0005 b ; 3
Z2 10 £ 3 '} 42 . 3 @?‘2 f b '{
i ‘ 10 } 1 f 1000{ g B
l » ¢
. 3 LT r .,
- T — 9 o & 100 oS 9 o &
P © O Ff O & P OCFOR S SO OGO S
TN T E TN < & TS & T¥ o
¥ RSl ¥ & & RS
€ & ¢ ?¢ N <] Nl
ol
XXX Xx¥ -
100,000 * . 100,000 T A 1000 *::* = .1
10,000 * i SR 1007 Toxx ? L=
=_ Y . > < _ 100004 = . _ e o
a € o cg 'V . 0z 10 i | ¢ .
Y3 1000 1 2 T I b =,
E % % — 2 ’ =3a 1 I v k J
$ g‘- v = 1000 3 S
100 . ! . Y ; 01] =
10 +g—7—7— —r 100 ? 7 — T 0.01 S e o .¢9 0' I
L © L © N L © NS NN
RPN\ NN YWY G WG D N <
& TV oS O VO © © T NE©
& s 13 RSy & &
<€ Nz Q¢ Nz < N
XX¥
10,000 paore ek C statistical comparison of cytokines between MIS-C and other groups
. . ISG IFN-o | IFN-y | TNF-a | 110 | scD25 | MCP1 | IL-IRA | IL-6 118
® = 1000 * . i % MIS-Cs. ctl [C996% | ms [ 000029 | <0001 | <0001 | <0001 | 0039 | <0001 | <0001 | <0001
=2 Y . + % MIS-Cvs. ped-COVID | *% | 0932 | ns ns ns ns ns | 0932 | 002 | 0032
100 3 °
MIS-Cvs.KD| ns ns ns ns ns ns ns ns ns ns
0 MIS-Cvs. mild-COVID| <001 | ocoza | |ooms | aor | cooor | | oooz | owor | ooz
N 04\0 O @\(}' @©0§ & MIS-Cvs.sev-COVID| ns | ms | ns | ms [ ns | P [ ms | m | oms | ws
er’b @b,b%é\& MIS-C vs. TSS ns ns ns ns | 000778 000318 | 00115 | o ns
D Immunophenotyping 3000 600
. Tlymphocytes ) B lymphocytes 1 NK cells
4000
= = . Normal 3 Normal
N | lormal
E 3000 4 . ra?\rgmea 52000- range E 400 range
‘é o MIS-C -E o MIS-C g ) o MIS-C
= KD S KD S KD
< 2000 - c . c .
T <5 1000 1 1 T 2004
o __L_ -%'. -
0 g 5 ° 7 0
9
& & &
E Monocyte activation
Mono-HLA-DR
LG normal  Fig. 2. Systemic inflammation and signs of immune paralysis in patients
MisC16 I @9 with MIS-C. (A) Left: IFN score calculated as the normalized mean expression of
MIC12 six 1ISGs measured using the NanoString technology, as previously described
Mnfifgg -— (38, 45). Middle: Serum IFN-q, in different groups of patients, as measured with
MISCS - — the Simoa technology. Right: Serum IFN-y level measured by enzyme-linked
MECC — immunosorbent assay (ELISA). (B). Serum levels of the indicated cytokines as
Mis-C-2 ] - < T - X measured by automated ELISA. (C) Table showing the statistical results of the
& ¥ ¢ & comparison of cytokine levels between MIS-C and other groups, as indicated.

Average number of Ab bound per cell

(D) T, B, and NK lymphocyte counts measured by flow cytometry in MIS-C and KD.
(E) HLA-DR expression in T cells and monocytes, as measured by flow cytometry in

MIS-C. Gray shading indicates the derived central 95% HD (healthy donor) reference interval (D and E). See table S4 for subject numbers per panel. Statistical test: Kruskal-Wallis
test between healthy donors and all other groups with adjustment for multiple comparisons using Benjamini-Hochberg correction (A and B) or between MIS-C and all
other groups (C) with the same strategy. *P < 0.05, **P < 0.01, and ***P < 0.001. ns, not significant.

Moreews et al., Sci. Immunol. 6, eabh1516 (2021)

25 May 2021

40f 11

£202 ‘22 200100 U0 NHISN | e 610'90us 105" Mamm//sdny Wod) pepeoumod



SCIENCE IMMUNOLOGY | RESEARCH ARTICLE

Fig. 3. Polyclonal VB21.3* T cell
expansion in patients with MIS-C.
(A) Frequency of total CD3"* T cells
expressing the indicated VB chains,
as measured by flow cytometry
using specific Abs against the
corresponding V@ within PBMCs of
patients of the indicated group. Pa-
tients with TSS, mild COVID-19, pe-
diatric COVID-19 (ped-COVID), KD,
and MIS-C are colored in blue, pink,
dark blue, orange, and green, re-
spectively. Bubbles represent the
normalized individual VB frequen-
cy reported to the mean frequency
for each VB in the general adult
population. (B) Normalized frequen-
cy of VB21.3* T cells in different
clinical conditions, as indicated.
(Cand D) Serum IL-18 (C) and IL-TRA
(D) levels in MIS-C patients with or
without (wo) VB21.3* T cell expan-
sions (exp). (E to G) Chord diagrams
of the TRBV (bottom, gray) and TRBJ
(top, blue) combinations assessed
by TCR sequencing of TCRap chains
in whole blood of patients with
MIS-C. The relative frequency of all
TRBVBJ combinations have been
calculated per sample on the full
TRB repertoire data. Combinations
using TRBV11-2 are highlighted in
red. Each red line indicates pairing
with a given TRBJ, and the thick-
ness indicates the frequency of this
pairing. The percentage values
under each chart indicate the per-
centage of clonotypes composed
with the TRBV11-2 gene. In (E) to
(G), the CDR3 length distribution of
clonotypes using TRBV11-2 is shown
as a histogram graph. Each clono-
type is represented as a gray line.
The thickness of the line represents
the frequency of the clonotype
within each repertoire. Because
most of the clonotypes are notabun-
dant, all the gray lines are stacked
together and appear as a unique
gray bar, which reflects the lack of
expansion. Expanded clonotypes
identified as detailed in Materials
and Methods are shown in red. In
(F) and (G), the same four patients
are shown during the MIS-C epi-
sode (F) and after resolution (G).
(H) Frequency of VB21.3* T cells at

different time points during and after the MIS-C episode in different patients, as assessed by flow cytometry. (I) Annexin-V staining of T cells in the indicated patients’
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RNA was available by TCR sequencing. We analyzed the composi-
tion of the TCR B rearrangements involving the TRBV11-2 gene
(which corresponds to VB21.3). First, by representing the TRBV11-2/
T cell receptor beta joining genes (TRB]J) combination usage as chord
diagrams (Fig. 3, E and F), we confirmed the expansion of T cells
using TRBV11-2in 7 of 11 patients. These TRBV11-2 rearrange-
ments were associated with multiple TRBJ genes, suggesting the
polyclonal nature of the expansions. To further evaluate polyclonal-
ity, we analyzed the hypervariable sequence CDR3 length distribu-
tion of TRBV11-2 clonotypes (bar plots, Fig. 3, E to G). The CDR3
size distributions showed a bell-shaped Gaussian distribution as
expected in polyclonal repertoires (23-25). To evaluate the degree
of polyclonality, we identified the expanded clonotypes by setting a
threshold based on the binomial distribution of the clonotype
frequencies per sample (see Materials and Methods and fig. S5A).
No major monoclonal expansions (red lines in the CDR3 spectra-
types) explaining the global TRBV11-2 expansion were detected.
Instead, most of the clonotypes were found at low frequencies (gray
lines), typical of a polyclonal diverse repertoire. The percentages of
expanded clonotypes were not significantly different between patients
with or without TRBV11-2. We calculated the cumulative frequencies
of these expanded clonotypes within the full repertoire and found
that they were always far below the frequency of the full TRBV11-2
expansion in patients with expansions, representing, on average,
0.51% of the total repertoire. Last, these limited expansions repre-
sented, on average, 4.47% of the TRBV11-2 repertoire in patients
with TRBV11-2 expansions and 6.31% in patients without TRBV11-2
expansions (table S6 and fig. S5B). To confirm the polyclonality of
the TRBV11-2 expansion, we computed the Berger-Parker index
(BPI) on TRBV11-2 clonotype for patients with MIS-C harboring or
not TRBV11-2 expansions (fig. S5C). This index measures the
proportional abundance of the most frequent clonotypes within
TRBV11-2 clonotypes. There were no significant differences when
we compared the BPI on TRBV11-2 clonotypes between patients
with or without TRBV11-2 expansions, further confirming that
TRBV11-2 expansions in the seven patients were not explained by
monoclonal expansions.

Next, to address whether the VB21.3" T cell expansion persisted
overtime, we repeated the TCR sequencing and the flow cytometry
VB analyses in a group of patients for which blood samples were
available during and after the acute inflammatory episode. As
shown in Fig. 3 (F to H), the Vb21.3/TRBV11-2 distributions for all
the patients returned to normal within days to weeks after MIS-C.
When we compared the CDR3 length distributions by calculating
the perturbation score using the ISEApeaks tool between reper-
toires obtained during and after the acute response, we found no
differences between the two groups, further supporting the poly-
clonal expansion profile of TRBV11-2 during the acute response
(fig. S5D). Last, this transient expansion suggested a proapoptotic
phenotype of VB21.3" T cell. To test this hypothesis, we stained PBMCs
from patients with MIS-C with annexin-V that marks early apoptot-
ic cells. A higher fraction of VB21.3" compared with VB21.3™ T cells
were stained with annexin-V in MIS-C patients with Vp21.3" ex-
pansions (Fig. 31 and fig. S2B), which substantiated our hypothesis.

Vp21.3"* T cells had an activated phenotype but did not react
against SARS-CoV-2 peptides

Because VB21.3" T cells expand in patients with MIS-C, we investi-
gated their activation status and the mechanisms underlying their

Moreews et al., Sci. Immunol. 6, eabh1516 (2021) 25 May 2021

proliferation. We found that the activation markers HLA-DR and
CD38 were expressed at high levels in both CD4 and CD8 T cells
from MIS-C patients with VB21.3" expansions compared with those
without expansions and to healthy controls (Fig. 4, A and B). This
was due to a specific up-regulation of CD38 and HLA-DR in Vf21.3*
CD4 and CD8 T cells in MIS-C patients with VB21.3 expansions
compared with those without VB21.3 expansions (Fig. 4, C and D).
A recent paper reports a specific activation of CX3CR1" CD4 and
CD8 T cells in patients with MIS-C, as assessed by HLA-DR/CD38
levels (12). This prompted us to measure CX3CR1 levels in Vp21.3*
T cells. As shown in Fig. 4E and fig. S6A, VB21.3" T cells overex-
pressed CX3CR1 in both CD4 and CD8 T cells in MIS-C patients
with V21.3" expansions compared with those without expansions,
although the percentage of CX3CR1" cells was not higher in MIS-C
than in control patients (fig. S7A). Moreover, in patients with MIS-C,
a large frequency of non-naive CX3CR1* CD4 and CD8 T cells had
an activated phenotype as previously reported (fig. S7B) (12).

Given that MIS-C came about weeks after COVID-19, we won-
dered whether VB21.3" T cells were raised against SARS-CoV-2 an-
tigens. To test this possibility, we stimulated PBMCs from patients
with MIS-C or convalescent COVID-19 with a commercial cocktail
of SARS-CoV-2 peptides spanning S, N, and M viral proteins. T cells
from patients with MIS-C responded poorly to stimulation with
viral peptides, regardless of VB21.3 expansion, compared with T cells
from patients with convalescent COVID-19 that responded well
(Fig. 4, F and G, and fig. S6, B and C). This was not due to a lack of
adaptive anti—-SARS-CoV-2 response, because all patients with
MIS-C tested had high SARS-CoV-2-specific Ab levels (fig. S7, C
and E). Last, we could not identify any specific allele nor mutations
of classical HLA class I or class II genes associated with TRBV11-2
expansions by genomic sequencing of the HLA loci of 13 patients
with MIS-C (table S4). Together with the lack of V21.3" expansion
in patients with COVID-19, these data showed that VB21.3* T cells
were not specific for HLA-restricted SARS-CoV-2 peptides. To-
gether, these data revealed that the VB21.3" CD4 and CD8 T cell
expansion were highly activated and expressed CX3CR1 but had
poor responsiveness to SARS-CoV-2 antigens.

DISCUSSION

Here, we confirmed the strong overlap in clinical phenotype be-
tween KD, MIS-C, and TSS; MIS-C and TSS had similar defining
features, specifically cardiac dysfunction, hypotension, maculopap-
ular skin rash, and conjunctivitis. We recently identified the critical
importance of early steroid therapy in the management of MIS-C,
similarly to what has been previously shown in TSS (26, 27). MIS-C
and TSS are obviously linked to infections, whereas many KD fea-
tures suggest an infectious cause for KD as well (28). The epidemic
of a novel coronavirus in 2005 (New Haven) was associated to KD
and linked the viral infection to vascular inflammation (29).

We found important similarities in terms of cytokine expression
between MIS-C, TSS, and KD, such as high TNF-a, IL-6, IL-18, and
IL-1Ra levels. A previous study noted that a subgroup of patients
with severe MIS-C had higher levels of IFN-vy, IL-18, GM-CSF
(granulocyte-macrophage colony-stimulating factor), RANTES (regu-
lated upon activation, normal T cell expressed and secreted), IP-10
(interferon gamma-induced protein 10), IL-1a, and SDF-1 (stromal
cell-derived factor 1) than patients with mild MIS-C or KD (30).
We also observed a subset of patients with MIS-C with high serum
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Fig. 4. T cell activation within
VB21.3 and stimulation of T cells
with viral peptides in vitro.
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MIS-C without V821.3 expansion

MIS-C with VB21.3 expansion

(wo exp) (with exp)

(A to D) Flow cytometry analy-
sis of CD38 and HLA-DR expres-
sion in CD4 or CD8 T cells from
the indicated patients’ groups
(exp: VB21.3* T cell expansion).
(A) A representative staining
and (B) the mean + SD frequency
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IEN-vy, IL-18, and sCD25. These observations confirm previous re-
ports showing a clinical and biological overlap between MIS-C and
macrophage activation syndrome (3) and suggest the importance of
IEN-y in the disease.

Here, we reported the expansion of a TCR VB21.3" T cell subset
with an activated phenotype in as many as 75% of patients with
MIS-C. VB21.3" T cell expansions were also reported in smaller
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numbers of patients with MIS-C in two recent studies (13, 31).
In both Porritt et al. (31) and our study, VB21.3" T cell expansions
appeared polyclonal as judged by the large number of TRBJ gene
segments associated with TRBV11.2 and by the even distribution of
the CDR3 domain. Our study further showed that VB21.3" CD4
and CD8 T cell expansions are a discriminating feature of patients
with MIS-C compared with patients with KD, TSS, and COVID-19.
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We observed a correlation between VB321.3" T cell expansions and
the level of serum cytokines IL-18 and IL-1RA from matching samples,
confirming a previous study (31) and indicating that V321.3* T cell
expansions were associated with the cytokine storm. Our data also
showed that VB21.3" T cells have an activated phenotype, with high
HLA-DR and CD38 expression, and that activated V21.3" T cells
expressed high levels of CX3CR1, a marker of patrolling monocytes
and of cytotoxic lymphocytes. CX3CR1 binds to CX3CL1, a membrane-
bound chemokine induced on vascular endothelial cells upon inflam-
mation (12). The CX3CL1-CX3CRI axis is thought to have an important
role in vascular inflammation in different inflammatory diseases
(32) and could contribute to MIS-C pathogenesis. This interaction
could promote the cytotoxic action of different lymphocyte pop-
ulations, which fits with the reported elevated expression of cyto-
toxicity genes in NK and CD8" T cells in patients with MIS-C (13).

We demonstrated that both TSS and MIS-C were marked by the
polyclonal proliferation of a specific VB subset, i.e., VB2" cells for
TSS related to TSST1 and VB21.3" cells for MIS-C. The amplitude
of the expansion was also similar in both syndromes. Considering
the other clinical phenotype similarities between MIS-C and TSS
shown in this study, cytokine production and treatment, this raises
the hypothesis that VB21.3" cell expansions are caused by a super-
antigen structure in MIS-C. The term superantigen has been coined
by Kappler and Marrack as an operational definition of various
T cell-activating substances with specificity for T cell antigen re-
ceptors VP subunits regardless of the rearrangement and antigen
specificity (33). Superantigens bind external regions of TCR and
MHC molecules (34) and can induce massive expansions of T cells
expressing one specific TCR VP chain, whereas classical antigens
induce the expansion of T cells bearing different V. Previous
papers have suggested that the SARS-CoV-2 spike protein could
behave as a superantigen structure (35). Using in silico modeling,
Porritt et al. identified a putative interaction between VB21.3 and a
superantigen-like motif in spike. However, VB21.3" T cell expan-
sions occur in a delayed manner relative to SARS-CoV-2 infection,
and the virus is often undetectable in patients with MIS-C at the
time of the acute inflammation. The kinetics of MIS-C relative to
COVID-19 is compatible with a causal role of anti-SARS-CoV-2
Abs. One can hypothesize that immune complexes composed of
SARS-CoV-2 bound to Abs may act as superantigen structures.
However, a previous study failed to detect these immune complexes
in patients with MIS-C (30). In addition, VB-restricted T cells
adhere to endothelial cells after superantigen activation (36), and,
thus, the CX3CR1" VB21.3-expanded T cells may play a role in vas-
cular injury in MIS-C. Alternative mechanisms may be put forward,
such as secondary autoimmune reactions. Several studies have in-
deed reported the appearance of autoantibodies in patients with
MIS-C, some of which directed against endothelial antigens (8, 11),
whereas others have reported immune events consistent with auto-
immunity, such as the expansion of proliferating plasmablasts (13)
or the persistence of functional SARS-CoV-2-specific monocyte-
activating Abs (37). How B cell-mediated autoimmunity would be
linked to VB-specific T cell expansions is, however, unclear. One
could speculate that immune complexes composed of autoantibodies
and endogenous antigens could behave as superantigens.

Last, given the rarity of MIS-C, there could be a genetic suscep-
tibility to this postinfectious disease, promoting hyperinflammato-
ry reaction of adaptive immunity in response to SARS-CoV-2 (16).
We limited our analysis to classical HLA alleles but did not find any

Moreews et al., Sci. Immunol. 6, eabh1516 (2021) 25 May 2021

significant association, although a previous study reported an HLA-I
bias in a smallest group of patients with MIS-C (31). Our MIS-C
samples were obtained in most of cases after anti-inflammatory
treatments (see table S3), and it is likely that those treatments affect
the level of serum cytokines, which could have affected the com-
parisons we made between clinical conditions and the associations
between cytokines and T cell expansions. Together, MIS-C shared
clinical and immunological anomalies with KD and TSS but was
specifically characterized by a polyclonal VB21.3 expansion in CD4
and CD8 T cells associated to activation and CX3CR1 expression.

MATERIALS AND METHODS
More information for all of these protocols can be found in the Sup-
plementary Materials.

Study design and human subjects

The immunological profiles of 36 MIS-C, 16 KD, 58 TSS, and
42 non-MIS-C COVID-19 cases were included (Fig. 1A). Samples
were collected within the first week of symptoms and analyzed for
cytokine immunoprofiling, standard immunophenotyping, VP ex-
pression, TCR sequencing, and SARS-CoV-2-dependent T cell re-
sponse. Because of low-volume sampling of pediatric patients, we
did not have the same availability for research blood draws. The
samples used for each experiment are detailed in table S4. The main
clinical features are summarized in tables S1 to S3. Written in-
formed consent was obtained for all data collection and blood sam-
pling as detailed in the Supplementary Materials.

Immunological analyses

Cytokines and IFN score assessment

Plasma concentrations of IL-6, TNF-a, IFN-y, IL-10, IL-18, MCP-1,
IL-1RA, and sCD25 were measured by Simple Plex technology
using an enzyme-linked lectin assay instrument (ProteinSimple).
Plasma IFN-a concentrations were determined by single-molecule
array (Simoa) on an HD-1 analyzer (Quanterix) using a commercial
kit for IFN-02 quantification (Quanterix). RNA was extracted from
whole blood, and IFN score was obtained using nCounter analysis
technology (NanoString Technologies) by calculating the median of
the normalized count of six ISGs as previously described (38).

T cell VB repertoire analysis and immunophenotyping

PBMC:s were stained with surface markers, CD3, CD4, CD8, CD14,
CD16, CD19, CCR7, CD38, VB21.3, HLA-DR, CX3CRI, and
CD45RA (further details on these stains are included in the Supple-
mental Materials). Cell apoptosis was assessed by annexin-V
staining. All samples were acquired on a BD LSRFortessa (BD
Biosciences) flow cytometer and analyzed using Flow]Jo version
10 software. Monocyte HLA-DR expression was determined on
EDTA-anticoagulated peripheral whole blood as previously de-
scribed (39). The phenotypic analysis of T cell VB repertoire was
performed on whole blood sample using the IOTest Beta Mark kit
(Beckman Coulter). Whole-blood cells were stained for CD3, CD4,
CD8, and each combination of three fluorescein isothiocyanate (FITC)-,
phycoerythrin (PE)-, and FITC/PE-conjugated anti-V 3 monoclo-
nal Abs (mAbs) (Beckman Coulter) in eight sample tubes. Expan-
sions were defined, respectively, for values above the mean + 2 SD or
below the minimum reference values of the corresponding fam-
ily. Additional samples were analyzed for TRBV from total RNA
with NanoString technology (Supplementary Materials).
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TCR sequencing and analysis

TCR o/ libraries were prepared from 300 ng of RNA from each
sample with the SMARTer Human TCR a/b Profiling Kit (Taka-
ra Bio) (40). The sequencing was carried out on a MiSeq Illumina
sequencer using the MiSeq v3 PE300 protocol at the Biomics Plat-
form (Institut Pasteur, Paris, France). Single-end sequences were
aligned and annotated using MiXCR 3.0.13 (41), providing a list of
clonotypes. Analyses were performed in R 4.0.3 on the TRB clono-
type lists obtained with MiXCR. For each clonotype, read count was
recorded. Frequencies for TRBV, TRBJ, and clonotypes were calcu-
lated on the basis of the total read counts per sample. Chord dia-
grams were made using the circlize package (42) on TRBVB]
frequencies, and CDR3 length spectratypes were made using gg-
plot2 (43) using clonotype frequencies. To identify TRBV11-2 ex-
panded clonotypes, the first (Q1) and third (Q3) quartiles and the
interquartile range (IQR) were computed for all patients without
TRBV11-2 expansion. Expanded clonotypes are defined as those
with counts superior to Q3 + (1.5*IQR).

Stimulation with SARS-CoV-2 overlapping peptide pools

and flow cytometry

PBMCs were stimulated with SARS-CoV-2 PepTivator pooled S, N,
and M peptides (Miltenyi Biotec) at a final concentration of 2 ug
ml™ for 1 hour in the presence of 2 ug ml™ of mAbs CD28 and
CD49d and then for an additional 5 hours with GolgiPlug and
GolgiStop (BD Biosciences). Similar surface markers were stained. Cells
were then washed, fixed with Cytofix/Cytoperm (BD Biosciences),
and stained with V450-conjugated anti-IFN-y. All samples were
acquired on a BD LSRFortessa (BD Biosciences) flow cytometer and
analyzed using FlowJo version 10 software.

Serology

Serum samples were tested with three commercial assays: the Wantai
Ab assay detecting total Abs against the receptor binding domain
(RBD) of the S protein, the bioMérieux VIDAS assay detecting
immunoglobulin G (IgG) to the RBD, and the Abbott ARCHITECH
assay detecting IgG to the N protein.

Statistical analyses

All tests were performed two sided with a nominal significance
threshold of P < 0.05. We used nonparametric tests appropriated to
the low number of observations in each of our experimental condi-
tions, i.e., the Wilcoxon or Kruskal-Wallis test depending on whether
we have two or more conditions to compare, respectively. Multiple
comparisons performed with the Dunn’s all-pairs comparison for
Kruskal-type ranked data were corrected by the false discovery rate
method of Benjamini-Hochberg (44). PCA was made in R with stats
package and visualized with ggplot2 (43) for V frequencies ob-
tained by flow cytometry. All statistical analyses were performed
using GraphPad with the help of a professional biostatistician.

SUPPLEMENTARY MATERIALS
immunology.sciencemag.org/cgi/content/full/6/59/eabh1516/DC1
Methods

Figs.S1to S7

Tables S1to S7

View/request a protocol for this paper from Bio-protocol.
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MIS-C’s unique TCR repertoire

Multisystem inflammatory syndrome in children (MIS-C) is a severe complication that develops in children previously
infected with SARS-CoV-2, with similar features to Kawasaki disease (KD) and toxic shock syndrome (TSS). It is

still unclear what immunologic correlates differentiate MIS-C from KD and TSS. Here, Moreews et al. looked at the
circulating T cell repertoire and phenotype of 36 patients with MIS-C, 16 with KD, 58 with TSS, and 42 with COVID-19.
They found that 75% of patients with MIS-C, and none from the other groups, expressed the V#21.3 T cell receptor

# chain variable region in both CD4 and CD8 T cells. These cells had an activated and vascular patrolling phenotype
but were not specific to SARS-CoV-2. Together, this work shows unique T cell responses in patients with MIS-C after
convalescence.

View the article online

https://lwww.science.org/doi/10.1126/sciimmunol.abh1516
Permissions

https://lwww.science.org/help/reprints-and-permissions

Use of this article is subject to the Terms of service

Science Immunology (ISSN 2470-9468) is published by the American Association for the Advancement of Science. 1200 New York Avenue
NW, Washington, DC 20005. The title Science Immunology is a registered trademark of AAAS.

Copyright © 2021 The Authors, some rights reserved; exclusive licensee American Association for the Advancement of Science. No claim
to original U.S. Government Works. Distributed under a Creative Commons Attribution License 4.0 (CC BY).

€202 ‘22 J900100 U0 NHISN | T 610'90us 105" MMM/ Sd1y Woa) pepeoumoq


https://www.science.org/content/page/terms-service

Science Immunology

RAVAAAS

Supplementary Materials for

Polyclonal expansion of TCR Vf 21.3" CD4" and CDS8" T cells is a hallmark of
multisystem inflammatory syndrome in children

Marion Moreews et al.

Corresponding author: Alexandre Belot, alexandre.belot@chu-lyon.fr

Sci. Immunol. 6, eabh1516 (2021)
DOI: 10.1126/sciimmunol.abh1516

The PDF file includes:

Methods

Figs. S1to S7
Tables S1 to S6
Legend for table S7

Other Supplementary Material for this manuscript includes the following:

Table S7



Methods:
Study design and Human subjects

The 36 MIS-C patients were included from April 2020 to April 2021 from French
participating centers (HPI COVID). We took advantage of previous collection of KD
from Necker's Hospital and additional patients with KD or TSS previously included
into a study on toxic shock syndrome (approved by the Ethical review board Sud Est
IV, DC-2008-176). Acute COVID-19 patients were derived from either HPI project on
pediatric COVID-19 (HPI COVID), n=11 or from two ongoing project on mild adult
COVID-19 in health care providers (COVID-SER), n=21 or severe adult COVID-19 in
critical care unit (COVID-Rea), n=10. All patients could not be included in all analysis,

this information is provided in Table S1.

HPI COVID: Written informed consent was obtained for data collection and blood
sampling relating to patients and healthy control subjects. The clinical study for
children has been registered on ClinicalTrial.gov(NCT04376476) and approved by
the national review board for biomedical research in April 2020 (Comité de Protection
des Personnes Sud Méditerranée |, Marseille, France) (ID-RCB: 2020-A01102-37).

COVID-SER: For the mild adult COVID-19 cohort, the clinical study registered on
ClinicalTrial.gov (NCT04341142) has been fully detailed 48. In the present study,
only patients with mild symptoms of COVID-19 were included. Written informed
consent was obtained from all participants and approval was obtained from the
national review board for biomedical research in April 2020 (Comité de Protection
des Personnes Sud Méditerranée |, Marseille, France; ID RCB 2020-A00932-37).

COVID-rea: For the severe adult COVID-19 cohort, the study was registered to the
French National Data Protection Agency under the number 20-097 and was
approved by an ethical committee for biomedical research (Comité de Protection des
Personnes HCL) under the number N°20-41. In agreement with the General Data
Protection Regulation (Regulation (EU) 2016/679 and Directive 95/46/EC) and the
French data protection law (Law n°78-17 on 06/01/1978 and Décret n°2019-536 on
29/05/2019), we obtained consent from each patient or his next of kin.

Cytokines and IFN score assessment



Whole blood was sampled on EDTA tubes and plasma was frozen at -20°C within 4
hours following blood collection. Plasma concentrations of IL-6, TNF-a, IFN-g, IL-10,
MCP-1, IL-1ra and CD25s were measured by Simpleplex technology using ELLA
instrument (ProteinSimple), following manufacturer’s instructions. Plasma IFN-a
concentrations were determined by single-molecule array (Simoa) on a HD-1
Analyzer (Quanterix) using a commercial kit for IFN-a2 quantification (Quanterix).
Whole blood was collected on PAXgene blood RNA tubes (BD Biosciences) or on
EDTA tubes for IFN signature, RNA extraction was performed with the kit maxwell 16
LEV simply RNA blood associated with the Maxwell extractor (Promega) and
guantified by absorbance (Nanovue). IFN score was obtained using nCounter
analysis technology (NanoString Technologies) by calculating the mediane of the

normalized count of 6 ISGs as previously described(45)
Lymphocytes immunophenotyping

CD3, CD4 and CD8 T Ilymphocyte subsets were enumerated on EDTA-
anticoagulated peripheral whole blood by single-platform the fully automated
volumetric single plateforme technology flow cytometer AQUIOS CL (Beckman-
Coulter) as previously described(46). The phenotypic characterization of B, NK and T
activated lymphocyte subsets were performed on EDTA-anticoagulated whole blood
using the following combination of monoclonal antibodies: APC-Alexa Fluor 750-
conjugated anti-CD3, Pacific Blue-conjugated anti-CD4, Krome Orange-conjugated
anti-CD8, FITC-conjugated anti-HLA-DR, APC-conjugated anti-CD19, Krome
Orange-conjugated anti-CD16 and ECD-conjugated anti-CD56 (Beckman-Coulter).
The preparations were lysed and fixed by thoroughly mixing and incubating for 10
min successively with 500uL of OptiLyse C reagent (Beckman-Coulter) and 1mL of
PBS. The cells were centrifuged for 5min at 4009, resuspended in 500ul of PBS and

acquired on a NAVIOS flow cytometer (Beckman-Coulter).
Monocyte HLA-DR expression assessment

Monocyte HLA-DR expression was evaluated on EDTA-anticoagulated blood
processed within 3 hours after withdrawal. The expression of mHLA-DR was
determined using the Anti-HLA-DR/Anti-Monocyte Quantibrite assay (BD
Biosciences, San Jose, USA) on a Navios flow cytometer (Beckman Coulter,

Hialeah, FL) and flow data were analysed using Navios software (Beckman Coulter).



Total number of antibodies bound per cell (AB/C) were quantified using calibration
with a standard curve determined with BD Quantibrite phycoerythrin (PE) beads (BD

Biosciences) as described previously (47).
T-cell VB repertoire analysis and immunophenotyping

The phenotypic analysis of T-cell VB repertoire was performed on whole blood
sample using the 10Test Beta Mark kit (Beckman-Coulter) containing 24 monoclonal
antibodies (mAbs) identifying ~ 70% of the T cell repertoire. Whole blood cells were
stained with APC-Alexa Fluor 750-conjugated anti-CD3, Pacific Blue-conjugated anti-
CD4, Krome Orange-conjugated anti-CD8 and each combination of 3 FITC-, PE- and
FITC/PE-conjugated anti-VB mAbs (Beckman-Coulter) in 8 sample tubes. Whole
blood sample were lysed with OptiLyse C Lysing Solution (Beckman-Coulter),
washed and fixed in 0.5% formaldehyde in PBS. 0.5 to 10* T cells were acquired on
a NAVIOS flow cytometer and data were analyzed using NAVIOS software.
Lymphocytes were first gated according to FSC/SSC parameter, then by selection of
CD3+, CD4+ and CD3+CD4- positive cells. The proportion of each V[ family was
compared to the minimum and the mean+2SD of each reference values obtained
from data from 10Test Beta Mark® kit to evaluate expanded or restricted VB family.
Expansions or restrictions were defined respectively for values above the mean+2SD
or below the minimum reference values of the corresponding family. Additional
samples were analyzed for TRBV from total RNA with Nanostring technology

(Supplemental Material).
Nanostring TCR expression analysis

Total RNA was extracted from PAXgene™ tubes using the Maxwell® 16 LEV
simplyRNA Blood kit (Promega), following the manufacturer's guidelines. The RNA
guantity was determined using a Nanodrop (Thermo Scientific). 200 ng total RNA
were hybridized with the nCounter® T cell repertoire panel (Nanostring®, #LBL-
10805-01) and counted on an nCounter® FLEX platform according to the
manufacturer's guidelines. Raw counts were normalized using internal positive
standards and 12 housekeeping genes. Raw counts of TRBV genes were expressed
as a proportion among total TRBV gene counts for each patient and normalized

using the median value from the healthy control group.

TCR-sequencing



RNA was extracted from whole blood as reported above. T cell receptor (TCR)
alpha/beta libraries were prepared from 300ng of RNA from each sample with
SMARTer Human TCR a/b Profiling Kit (Takarabio) following provider protocol as
previously described (32). Briefly, the reverse transcription was performed using a
mixture of TRBC and TRAC reverse primers and further extended with a template-
switching oligonucleotide (SMART-Seq v4). cDNAs were then amplified following two
semi-nested PCR: a first PCR with TRBC and TRAC reverse primers as well as a
forward primer hybridizing to the SMART-Seq v4 sequence added by template-
switching and a second PCR targeting the PCR1 amplicons with reverse and forward
primer including Illumina Indexes allowing for sample barcoding. PCR2 are then
purified using AMPUre XP beads (Beckman-Coulter). The sequencing was then
carried out on a MiSeq lllumina sequencer using the MiSeq v3 PE300 protocol at the
Biomics Platform (Institut Pasteur, Paris, France). Single end sequences were
aligned and annotated using MiXCR 3.0.13 (48), providing a list of clonotypes, each
of which is defined as a uniqgue combination of one TRBV gene with one CDR3

amino-acid sequence and one TRBJ gene.
TCR-Seq repertoire analysis

Analyses were performed in R 4.0.3 on the TRB clonotype lists obtained with MiXCR.
For each clonotype, read count was recorded. Frequencies for TRBV, TRBJ and
clonotypes were calculated based on the total read counts per sample. Chord
diagrams were made using the circlize package(49) on TRBVBJ frequencies, CDR3
length spectratypes were made using ggplot2 (43) using clonotype frequencies. To
identify TRBV11-2 expanded clonotypes, first (Q1) and third (Q3) quartiles and the
interquartile range (IQR) were computed for all patients without TRBV11-2
expansion. Expanded clonotypes are defined as those with counts superiors to
Q3+(1.5*IQR).

Immunophenotyping of VB 21.3+ T cells

Thawed PBMC were labeled labeled using Fixable Viability Dye eFluor™ 506 from
Thermo Fisher. PBMCs were stained with surface markers, APC-conjugated anti-
CD3, BUV486- conjugated anti-CD4, PE-Cy7-conjugated anti-CD8, APC-Cy7-
conjugated anti-CD14, APC-Cy7-conjugated anti-CD16, APC-Cy7-conjugated anti-
CD19, BV711-conjuagetd anti-CCR7 and BV421-conjugated anti-CD38 (BioLegend),



FITC-conjugated anti-Vb21.3 (Miltenyi), Biotin-conjugated anti-HLA-DR, APC-
conjugated CX3CR1 (Ebiosciences), BV605-conjugated anti-CD45RA and
streptavidine-conjugated PE-texas Red (BD). Cells were then washed, fixed with
PBS/Formalin 2%(Sigma-Aldrich). Cell apoptosis was assessed by annexin V
staining with the PE Annexin V Apoptosis Detection Kit | (BD). All samples were
acquired on a BD LSRFortessa (BD Biosciences) flow cytometer and analyzed using
FlowJo version 10 software.

Stimulation with SARS-CoV-2 overlapping peptide pools and flow cytometry

Briefly, overnight-rested PBMCs were stimulated with SARS-CoV-2 PepTivator
pooled peptides (Miltenyi Biotec) at a final concentration of 2 ugmi-1 for 1 h in the
presence of 2 ugml-1 monoclonal antibodies CD28 and CD49d, and then for an
additional 5h with GolgiPlug and GolgiStop (BD Biosciences). Dead cells were
labeled using LIVE/DEAD Fixable near IR dye from Invitrogen. Surface markers,
including APC-conjugated anti-CD3, BUV486- conjugated anti-CD4, PE-Cy7-
conjugated anti-CD8, APC-Cy7-conjugated anti-CD14, APC-Cy7-conjugated anti-
CD16 and APC-Cy7-conjugated anti-CD19 (BioLegend) and FITC-conjugated anti-
Vb21.3 (Miltenyi) were stained. Cells were then washed, fixed with Cytofix/Cytoperm
(BD Biosciences) and stained with V450- conjugated anti-IFNy (eBioscience).
Negative controls without peptide stimulation were run for each sample. All samples
were acquired on a BD LSRFortessa (BD Biosciences) flow cytometer and analyzed

using FlowJo version 10 software.
Serology

Serum samples were tested with three commercial assays: the Wantai Ab assay
detecting total antibodies against the receptor binding domain (RBD) of the S protein,
the bioMérieux Vidas assay detecting 1gG to the RBD and the Abbott Architect assay
detecting IgG to the N protein.
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Figure S1: Assessment of T, B, NK cells and HLA-DR monocytes.

Gating strategy and representative flow cytometry plots for immune populations from

whole blood stain of CD4+ and CD8+ T cells (A), NK cells and B cells (B) and for

HLA-DR expression in monocytes (C).
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Figure S2: Assessment of T-cell receptor repertoire and T cell apoptosis by flow
cytometry

(A) Representative flow cytometry plots of total CD3+ T cells expressing the indicated
V-beta (VB) chains using specific antibodies against the corresponding V[ within
PBMCs of one patient (KD-12) as shown in Figure 3A.

(B) Annexin-V staining of T cells in the indicated patients’ groups as determined by
flow cytometry. Results show the the Annexin-V fluorescence in VB321.3+ vs V[321.3-

T cells.
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Figure S3: VB TCR repertoire analysis

(A) VB21.3 TCR expansions in CD4 and CD8 T cells from MIS-C patients as
determined by flow cytometry. (B-C) Principal component analysis of the Vp
distribution of CD3 T cells in the different clinical groups. Black vectors correspond to
the contribution of Vp2+, VB3+ and VB21.3+ cells to the representation. Percentages
correspond to the variance captured by each axis. (B) highlights the different clinical
conditions while (C) highlights the MIS-C patients during the acute episode (peak)
and after (distant). One patient (MISC-15) for which 2 time points were available, was
added to the same representation. (D) Transcriptomic analysis of TRBV genes
expression in MIS-C patients, mild COVID19 patients at diagnosis and 6 months after
infection, COVID19 patients hospitalized in intensive care units and healthy controls
using the TCR diversity panel from Nanostring. Results are expressed relative to the
median of healthy controls for each gene expression. Red spikes represent TRBV
genes with ratio > 4. N=23 in MIS-C patients, N=5 in mild COVID19 group and
COVID19 patients hospitalized in intensive care unit and N=16 in healthy controls.

TRBV11-2 is the transcript encoding for V21.3.
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Figure S4: Cytokine assessment in MIS-C
(A-B) Blood ISG score, as described in Fig.2 legend, or serum cytokine levels in MIS-
C patients with or without V321.3 expansion. N=6 to 11 per group, as indicated in

Table S2; Statistical test: Mann-Withney.
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Figure S5: TRBV11-2 polyclonality assessment

(A) Comparison of TRBV11-2 clonotype distribution between MIS-C patients with
TRBV11-2 expansion (light green) and without TRBV11-2 expansion (dark green).
TRBV11-2 clonotypes are plotted by increasing ranks as a function of their frequency
in the repertoire. The red line indicates the expansion threshold determined as
described in the method section. (B) Percentage of expanded clonotypes among
TRBV11-2 clonotypes. (C). Berger-Parker index computed on TRBV11-2 clonotypes.
(D) Perturbation score of the TRBV11-2 CDR3 length distribution during and after the
inflammatory response of MIS-C patients with TRBV11-2 expansions during the

acute phase. Statistics were calculated using the Mann-Whitney test.



MIS-C wo exp MIS-C with exp MIS-C wo exp MIS-C with exp
A
E 033 E 042 4.
10’
10® o 107 o E
VB21.3 e
! 10t 10t ]
10° o
3 3 E 3
0o 0o
3 3 v d L |
3 | 34 T
0* 0t o o
T T T T LARRS | T T T T T gy T T A T Py T T A
< o \Da 1 o \Da 104 [ee) [ Wa |[|4 o \Da 10
e a
o O
E 936 3 10° o 10° 4
b 2.09 3
10° 10°
1 1 107 o 10*
VB21.3+ 3 E
10 10t o
10 o 10°
o q o q E 3
E | a LI | L |
n o1 RIEE BIEE
-0 . SN S— 10 . S — i b} T T T i | T T
I 10? 10 1t I 0 w? w* 0 w0? w*
> >
CX3CR1 CX3CR1
B
. HD Late-AM-COVID MIS-C wo exp MIS-C with exp
0018 | 033 | ]
10° o 10® : 0°
8 w? ': 1wt 10 ':
o E
103 | 103 | |I:|3 |
o g o q o 3
0% RURE 10 4 RURE
T T T T T ™Y T T ™ T T T Ty T T L) Ty T T Ty T L Ty T T 4 Ty 5
o ot 10’ 0 it I u 0 10° 0 1o LN
»
IFNg
C HD Late-AM-COVID MIS-C wo exp MIS-C with exp
A .
5 © o 0.11 "y 0.13
'y 0.007 3 "3 E
4 o
ot 10 1wt 10 F
VB21.3- E E 1
3
3 3 10 o
w0’ 1o 10 ] 3
0
LI | o * 9 i
] 3 3 T T Ty
py Ty | Ty A | ey — ; p
8 T l'; T T |‘04 T |‘05 M wq |[|5 0 ‘04 m§ o 10 1o
10° 5 0 o o 024 o4 0 10y 0
& -l
10t o ot 10t 10 3
VB21.3+
w3 10° 0w’ 10°
L | 03 L | K |
LA . AL | T Ty 1 1 T T T T TR A | Ty
v 10t o - "; o I Im“ ‘ ‘105 ' "; I Im" ‘195 o w? o’
>
>

IFNg



Figure S6: Analysis of T cell activation within VB321.3 by flow cytometry

(A) Representative flow cytometry plots of CX3CR1 expression in VB21.3- and
VB21.3+ CD4 or CD8 T cells of one patient in each group as shown in Figure 4E. (B-
C) Representative flow cytometry plots of IFNg-expressing T cells following SARS-

CoV2 peptide stimulation within CD3+ T cells (B) and within V321.3+ and VB21.3- T
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Figure S7: T cell phenotyping and SARS-CoV2 serology

(A) CX3CR1 expression in non-naive (nn) CD4 or CD8 T cells. (B) HLA-DR and

CD38 expression in nn CD4 or CD8 T cells expressing or not CX3CR1 in healthy

donors (black) and MIS-C (green). N=4 to 6 per group, as indicated in Table S2;

Statistical test: paired or unpaired Mann-Withney. (C-E) SARS-CoV-2 serology (as

indicated) of patients with MIS-C or mild COVID-19 that were explored for SARS-Cov

2 T cell activation in Figure 4F-G Dotted lines represent positive threshold

recommended by each manufacturer.



Table S1: Clinical description of all MIS-C patients included in the study.

MIS-C patient characteristics:
N=36

Age, median [Min-Max] 7.8[1.2-15.2]
Sex Ratio (Male/Female) 26/10
Main Ethnicity (n, %)
White 14 (40%)
Afro-Caribbean 20 (54%)
Middle Eastern 2 (6%)
WHO MIS-C criterias* (n, %)
-fever > 3 days 36 (100%)
-Rash 25 (69%)
-Conjunctivitis 22 (61%)
-Muco-cutaneous inflammation signs (oral, hands or feet) 24 (67%)
-Gastrointestinal symptoms (diarrhoea, vomiting, or 35 (97%)
abdominal pain)
-Hypotension/shock 16 (44%)
-Cardiac dysfunction or abnormalities

elevated Troponin 26 (72%)

elevated NT-pro-BNP 32 (89%)
-Coagulopathy

elevated D-Dimers 34 (94%)

-Inflammatory markers
elevated C-reactive protein

36 (100%)

Evidence of COVID-19 (n, %)

36 (100%)

-SARS-Cov-2 PCR 11 (31%)
-SARS-Cov-2 serology 33 (92%)
Vasoactive medications 14 (40%)
Intensive care unit (ICU) admission 31 (86%)




Table S2: Demographic and clinical data of pediatric patients with Kawasaki Disease
or Toxic shock syndrome (S.aureus or S. pyogenes) or COVID-19 and adult patients

with mild or severe COVID-19

children
. . . with ,
L children children with : adult with adult
pediatric , . Toxic )
COVID- with Toxic shock shock mild severe
Kawasaki syndrome COVID- COVID-
19 ) syndrome
Disease  (S.aureus) 19 19
(S.pyoge
nes)
N=11 N=16 N=39 N=19 N=21 N=10
Age v). 60.8
median i'756] [0.1 i'598] 01 147104180 41[0.7-18] ps . [29.2- 142 5.
[Min-Max] : ' ' 78.8]
Sex ratio
(M/F) 8/3 7/9 10/29 9/10 3/18 5/5
ICU 0 0 36 (100%) 0 o 10
admission 3 @7%) 3 (18%) (n=36) 19 (100%) 0 (0%) (100%)
Vasoactive o o 19 (65%) o o o
medications  © (0%) 1 (6%) (n=29) 15 (83%) 0 (0%) 3 (30%)
Table S3: Patients clinical characteristics
TCR
Vbeta TCR Cytokines ;I;(leaétment or
Pai Age ICU Vasoactive | repertoire . analysis .
atient Sex - - . repertoire Systemic
y) admission | medication | analysis ) or IFN I icoid
by flow | Sequencing signature glucocorticoids
cytometry (SGCs))
MISC-1 43 |M Yes Yes Yes No Yes '+V'SGGC25 doses
MISC-2 12.4 F Yes Yes Yes Yes Yes IVIG 1 dose
IVIG 2 doses
MISC-3 11.3 F Yes Yes Yes Yes Yes +SGCs
MISC-4 29 | M No No Yes No No LV'SGGCZS doses
MISC-5 1.5 M No Yes Yes No Yes IVIG 1 dose
IVIG 2 doses
MISC-6 4.0 F Yes Yes Yes Yes Yes +SGCs
IVIG 1 dose +
MISC-7 5.8 M Yes Yes Yes Yes Yes SGCs
MISC-8 14.3 F Yes Yes Yes Yes Yes D/?Gczs doses
IVIG 2 doses
MISC-9 9.8 M Yes No Yes Yes Yes +SGCs
IVIG 1 dose +
MISC-10 8.8 M Yes No Yes Yes Yes SGCs
MISC-11 5.8 F No No Yes Yes Yes SGCs
MISC-12 10.3 F Yes Yes Yes No Yes IVIG 2 doses
MISC-13 51 | M Yes No Yes Yes Yes ':/'SGGCZS doses
IVIG 2 doses
MISC-14 5.0 M Yes Yes Yes No No +SGCs
IVIG 1 dose +
MISC-15 12.4 M Yes No Yes Yes Yes SGCs
MISC-16 13.2 M Yes Yes Yes Yes Yes IVIG 2 doses
IVIG 2 doses
MISC-17 6.8 M Yes No Yes No No +SGCs
MISC-18 9.4 M Yes Yes No Yes Yes IVIG 2 doses




+ SGCs

MISC-19 3.8 M Yes No No Yes Yes IVIG 1 dose

IVIG 2 doses
MISC-20 7.1 M Yes No Yes No Yes +SGCs

IVIG 2 doses
MISC-21 12.4 F Yes No Yes No No +SGCs

IVIG 2 doses
MISC-22 1.2 M Yes No No Yes Yes +SGCs

IVIG 2 doses
MISC-23 12.6 M Yes No Yes Yes Yes +SGCs

IVIG 2 doses
MISC-24 10.6 M Yes No Yes Yes Yes +SGCs

IVIG 2 doses
MISC-25 15.2 M Yes Yes Yes Yes Yes +SGCs

IVIG 2 doses
MISC-26 10.3 M Yes No Yes Yes Yes +SGCs

IVIG 2 doses
MISC-27 10.3 F Yes No Yes No Yes +SGCs

IVIG 2 doses
MISC-28 2.3 M Yes No Yes No Yes +SGCs

IVIG 2 doses
MISC-29 10.0 M Yes No Yes No Yes +SGCs

IVIG 2 doses
MISC-30 4.6 M Yes No Yes No Yes +SGCs

IVIG 2 doses
MISC-31 7.5 M Yes Yes Yes No Yes +SGCs
MISC32 |68 | M Yes Yes Yes No Yes IVIG 1 dose +

SGCs

IVIG 2 doses
MISC-33 9.6 F No No Yes No Yes +SGCs

IVIG 2 doses
MISC-34 8.8 M No No Yes No No +SGCs

IVIG 2 doses
MISC-35 7.7 F Yes No Yes No Yes +SGCs

IVIG 2 doses
MISC-36 4.0 M Yes No Yes No Yes +SGCs

IVIG 1 dose +
KD-1 4.0 F No No Yes Yes Yes SGCs

IVIG 1 dose +
KD-2 8.0 M Yes Yes Yes No No SGCs
KD-3 2.9 F No No No Yes Yes IVIG 1 dose
KD-4 1.6 F No No No Yes Yes IVIG 1 dose
KD-5 2.5 M Yes No Yes No No -
KD-6 15.8 F No No Yes No No -
KD-7 6.8 F No No Yes No No -
KD-8 0.7 F No No Yes No No -
KD-9 6.2 F No No Yes No No -
KD-10 2.8 F No No Yes No No IVIG 1 dose
KD-11 1.2 F Yes No Yes No Yes IVIG 1 dose
KD-12 2.2 M No No Yes No Yes IVIG 1 dose
KD-13 0.1 M No No Yes No Yes IVIG 1 dose
KD-14 1.3 F No No Yes No Yes IVIG 1 dose
KD-15 5.3 F No No Yes No Yes IVIG 1 dose
KD-16 3.8 M No No Yes No Yes IVIG 1 dose
TSS-Sta-1 11.4 F Yes Yes Yes No No -
TSS-Sta-2 7.3 M Yes Yes Yes No No -
TSS-Sta-3 14.3 F Yes Yes Yes No No -
TSS-Sta-4 15.8 F Yes Yes Yes No No -
TSS-Sta-5 14.2 F Yes No Yes No No -
TSS-Sta-6 18.2 F Yes Yes Yes No No IVIG 1 dose
TSS-Sta-7 12.7 F Yes Yes Yes No No IVIG 1 dose
TSS-Sta-8 16.1 F Yes Yes Yes No Yes -
TSS-Sta-9 14.2 F Yes Yes Yes No Yes IVIG 1 dose
TSS-Sta-10 4.5 M Yes Yes Yes No Yes -
TSS-Sta-11 4.8 M Yes No Yes No Yes IVIG 1 dose
TSS-Sta-12 16.0 F Yes Yes Yes No No -
TSS-Sta-13 14.0 F Yes Yes Yes No No IVIG 1 dose
TSS-Sta-14 17.4 M Yes Yes Yes No No -
TSS-Sta-15 18.0 M Yes NA Yes No No NA
TSS-Sta-16 12.3 F Yes Yes Yes No No IVIG 1 dose
TSS-Sta-17 15.6 F Yes No Yes No No -
TSS-Sta-18 16.6 F Yes No Yes No No -
TSS-Sta-19 16.7 F Yes Yes Yes No No -




TSS-Sta-20 16.3 F Yes NA Yes No No NA
TSS-Sta-21 11.8 F Yes Yes Yes No No -
TSS-Sta-22 14.7 F Yes NA Yes No No NA
TSS-Sta-23 14.3 F Yes No Yes No No -
TSS-Sta-24 17.3 F Yes No Yes No No -
TSS-Sta-25 16.7 F Yes Yes Yes No No IVIG 1 dose
TSS-Sta-26 7.8 F Yes Yes Yes No No -
TSS-Sta-27 17.4 F Yes NA Yes No No NA
TSS-Sta-28 17.5 F Yes No Yes No No -
TSS-Sta-29 4.3 M Yes NA Yes No No NA
TSS-Sta-30 4.9 M Yes No Yes No No -
TSS-Sta-31 0.4 M Yes Yes Yes No No -
TSS-Sta-32 12.8 M Yes No Yes No No -
TSS-Sta-33 14.2 M Yes Yes Yes No No IVIG 1 dose
TSS-Sta-34 12.8 F Yes NA Yes No No NA
TSS-Sta-35 18.2 F Yes NA Yes No No NA
TSS-Sta-36 18.0 F Yes No Yes No No -
TSS-Sta-37 13.5 F NA NA Yes No Yes NA
TSS-Sta-38 17.8 F NA NA Yes No Yes NA
TSS-Sta-39 18.0 F NA NA YEs No Yes NA
TSS-Str-1 34 F Yes No Yes No No IVIG 1 dose
TSS-Str-2 0.7 F Yes Yes Yes No Yes -

TSS-Str-3 1.3 F Yes Yes Yes No Yes IVIG 1 dose
TSS-Str-4 3.3 M Yes Yes Yes No Yes IVIG 1 dose
TSS-Str-5 4.1 M Yes Yes Yes No Yes IVIG 1 dose
TSS-Str-6 0.8 F Yes Yes Yes No Yes -

TSS-Str-7 18.0 F Yes Yes Yes No No -
TSS-Str-8 7.6 F Yes Yes Yes No No IVIG 2 doses
TSS-Str-9 12.7 F Yes No Yes No No -
TSS-Str-10 2.0 M Yes No Yes No No -
TSS-Str-11 18.0 M Yes Yes Yes No No -
TSS-Str-12 15.4 F Yes Yes Yes No No -
TSS-Str-13 18.0 M Yes No Yes No No -
TSS-Str-14 0.8 M Yes Yes Yes No No IVIG 1 dose
TSS-Str-15 5.3 F Yes Yes Yes No No -
TSS-Str-16 13.8 F Yes Yes Yes No No -
TSS-Str-17 0.4 M Yes Yes Yes No No IVIG 1 dose
TSS-Str-18 18.0 F Yes Yes Yes No No -
TSS-Str-19 1.0 M Yes Yes Yes No No IVIG 1 dose
C-COVID1 0.1 M No No Yes No Yes -
C-COVID2 1.3 M Yes No Yes No Yes -
C-COVID3 16.8 F Yes No Yes No Yes SGCs
C-COVID4 6.7 F Yes No Yes No Yes SGCs
C-COVID5 0.5 M No No Yes No Yes -
C-COVID6 2.5 M No No Yes No Yes SGCs
C-COVID7 17.6 M No No Yes No Yes -
C-COVID8 14.8 F No No Yes No Yes SGCs
C-COVID9 0.1 M No No Yes No Yes -
C-CoVvID10 0.1 M No No Yes No Yes -
C-COvVID11 | 14.2 M No No Yes No Yes -

r(];(ll)(i;lDl 28.7 F No No Yes No Yes -

mild 56.7 F No No Yes No Yes -

CoVID2 )

mild 51.3 F No No Yes No Yes -

COVID3 )

r(];(ll)(i/ID 4 455 | F No No Yes No Yes -

gl(ll)(i/IDS 37.3 F No No Yes No Yes -

(Tgci/IDG 411 | F No No No No Yes -

2(")‘{”'37 202 | M No No No No Yes ;

g(")(i/m 310 |F No No No No Yes -

?:]gi/IDg 339 M No No No No Yes -

::nginmo 312 |F No No No No Yes -

mild 572 | F No No No No Yes ;

COvID11




mild -

COVID12 57.3 F No No No No Yes -

mild "1 430 | F No No No No Yes -
COVID13 )

mild 1351 | F No No No No Yes -
COVID14 )

gginms 1203 | F No No No No Yes -

mild “las1 |F No No No No Yes -
COVID16 ’

mild Tl |F No No No No Yes -
CovID17 )

mild 1204 | M No No No No Yes -
COVID18 )

mild “l480 |F No No No No Yes -
COVID19 ’

mild “las7 |F No No No No Yes -
COVID20 )

mild “| 474 |F No No No No Yes -
CoviD21 )

sev-COVID1 | 70.7 M Yes No Yes No Yes SGCs
sev-COVID2 | 60.2 M Yes No Yes No Yes SGCs
sev-COVID3 | 55.8 F Yes Yes Yes No Yes SGCs
sev-COVID4 | 58.1 F Yes No Yes No Yes SGCs
sev-COVID5 | 78.8 F Yes No Yes No Yes SGCs
sev-COVID6 | 53.5 M Yes No No No Yes SGCs
sev-COVID7 | 61.3 F Yes No No No Yes SGCs
sev-COVID8 | 64.8 M Yes Yes No No Yes SGCs
sev-COVID9 | 65.4 M Yes Yes No No Yes SGCs
sev-COVID10| 42.3 F Yes No No No Yes SGCs




Table S4: Sample distribution as used for each experiment and figure panels

Number of patients

Figure analyzed
Tgo‘gtwic, 12—90 Pé%lg MIS-C 1-3, 5-13, 15-16, 18-20, 22-33, -35; KD -1,3-4, 11-16; TSS-Sta -12, 37-39;
-Sta, ped- s L ;
5.21 mild-COVID, 4.5 ped-COVID 1-11; mild-COVID 1-21; sev-COVID 6-10, 31 HD
A sev-COVID, 31 HD
2030 MIS.C. 5 TSS-Sir, | MIS-C 1-3, 5-13, 15-16, 18-20, 22-33, -36; KD -1,3-4, 11-16; TSS-Str 2-6; TSS-
-Sta, 11 ped- i o ]
2 COVID, 10 mid-COVID, Sta 8-12, 37-39; ped-COVID 1-11; mild-COVID 1-10; sev-COVID 1-10 ,17 HD
B 5-10 sev-COVID, 17 HD
c 21 MIS-C, 4 KD MIS-C 1-12, 14-17, 20-24 ; KD 1-4
D 13 MIS-C, 3 KD MIS-C 1-3, 6-13, 16-17 ; KD -1,-2, -4
é%'\\jl'gg 11ngbznpDed‘; MIS-C -1, 3-10, 13-15, -17, 20-24; KD 1-2, 5-16; ped-COVID 1-7; mild-COVID 1-5,
, 5 mild- ,
A TSS-Str, 4 TSS-Sta TSS-Str 3-6, TSS-Sta 8-10, -12
é%'\\fllgg 11ngbZ/F§dé MIS-C -1, 3-10, 13-15, 17-24, -26, MIS-C 30-36; KD 1-2, KD 6-16; ped-COVID 1-
, 0 Mila- y . ; . . .
50v.COVID, 36 TSS-Sta, 7; mild-COVID 1-5; sev-COVID 1-5; TSS-Sta 1-36; TSS-Str 1-19
B 19 TSS-Str
3 c-D 20 MIS.C MIS-C 1-3, -6, 8-9, 12-13, -16, 19-20, 22-26, 30-33
E 8 MIS-C MIS-C -5, -7, 12-13-, -22, -24, -26
F-G AMIS-C MIS-C -3, 8-9, -23
H 11 MIS-C MIS-C -1, -3, -7, -9, -15, 20-21, 25-26, 30-31
I 6 MIS-C, 4 HD MIS-C -5, -7, -22, -25, 31-32, 4 HD
A-E 7 MIS-C, 4 HD MIS-C -5, -7, 22-23, -25, 31-32, 4 HD
4 14 MIS-C, 7 late-AM- MIS-C -3, -5, 7-12, -15, -20, -22, -26, -28, -32; late-AM-COVID 1-7, 6 HD
F COVID, 6 HD
IMISC, 4 late-AM- MIS-C -3, -5, -7, -9, -20, -22, -26, -28, -32; late-AM-COVID 4-7
G CoVID
A 1 MIS-C MIS-C -36
S1 2 I MIS.C MIS-C -36
C 1 MIS-C MIS-C -16
S2 A 1 KD KD-12
B 2 MIS-C, 1 HD MIS-C -5, -31
A 18 MIS-C MIS-C -1, 3-10, 13-15, -17, 20-24
21 MIS-C, 14 KD, 7 ped- [ MIS-C 1-15, -17, 21-24; KD 1-2, 5-16; ped-COVID 1-7; mild-COVID 1-5, TSS-Str
, O mila- , .
s3 B TSS-Str, 5 TSS-Sta 3-6; TSS-Sta 8-12
c 6 MIS-C MIS-C -3, 8-10, -15- 23
OIS Sy and MIS-C 1-12, 15-16, 18-20, 22-26, -30, -32, -36; Early and late COVID 1-5; Sev-
ate ia- y ev- -
D COVID, 1-16 HD COVID 1-5; 16 HD
S4 | A-B 20 MIS.C MIS-C 1-3, -5, 8-9, 12-13, -16, 19-20, 22-26, 30-31, -33
S5 | B.D 18 MIS-C MIS-C -1, 3-10, 13-15, -17, 20-24
A 2 MIS-C MIS-C 22-23
S6 2MISC, 1 late-AM- MIS-C -5, -9; late-AM-COVID -4
B COVID, 1HD
2MIS-C, 1 late-AM- MIS-C -5, -9; late-AM-COVID -4
Cc COVID, 1HD
57 |AB 6 MIS-C. 4 HD MIS-C -5, -7, 22-23, -25, 31-32, 4 HD
11 MIS-C, 6 late-AM- MIS-C -5, 7-12, -15, -20, -28, -32; late-AM-COVID 1-3, 5-7
C-E CoVID




Table S5: HLA sequencing in 13 MIS-C patients

MHC Class |

F F ;A | , J

HLA-A HLA-B HLA-C

—_— —_—
MHC Class Il
HLA-DRB1 HLA-DQA1 HLA-DQB1  HLA-DPB1
MHC Class | MHC Class Il
HLA-A HLA-B HLA-C HLA-DRB1 HLA-DQA1 HLA-DQB1 HLA-DPB1
. Vbeta 21.3
Patient : allelel allele2 | allelel allele2 | allelel allele2 | allelel allele2 | allelel allele2 | allelel allele2 | allelel allele 2
expansion

MISC-1 Yes 02:01 24:02 27:05 51:01 02:02 15:02 11:04 13:01 01:03 05:05 03:01 06:03 04:01 04:02
MISC-3 Yes 01:01 02:01 39:24 51:01 01:02 07:01 15:54 16:01 01:02 01:04 05:02 05:03 02:01 03:01
MISC-8 Yes 02:01 02:01 35:01 44:02 02:10 05:01 04:02 15:03 01:02 03:01 03:02 06:03 01:01 05:01
MISC-10 Yes 02:01 02:01 44:02 57:01 05:01 06:02 07:01 16:01 01:02 02:01 03:03 05:02 04:01 104:01
MISC-15 Yes 03:01 68:01 15:01 51:01 03:03 15:02 03:01 04:01 03:03 05:01 02:01 03:01 03:01 04:01
MISC-16 Yes 23:01 30:02 35:01 39:10 06:02 12:03 03:02 07:01 02:01 04:01 02:02 04:02 01:01 01:01
MISC-23 Yes 03:01 11:01 07:02 44:03 07:02 16:01 07:01 15:01 01:02 02:01 02:02 06:02 02:01 04:01
MISC-24 Yes 01:01 24:02 15:17 57:01 06:02 07:01 04:02 13:02 01:02 03:01 03:02 05:01 04:01 17:.01
MISC-2 No 01:01 29:02 14:02 41:01 07:01 08:02 01:02 13:05 01:01 05:05 03:01 05:01 04:01 04:01
MISC-12 No 34:02 74:01 07:02 35:01 04:01 07:02 13:01 15:03 01:02 01:03 06:02 06:08 02:01 18:01
MISC-13 No 03:01 23:.01 15:03 18:01 02:10 05:01 07:01 15:03 01:02 02:01 02:02 06:02 01:01 01:01
MISC-18 No 24:02 31:01 51:01 55:01 01:02 15:02 13:01 13:01 01:03 01:03 06:03 06:03 01:01 14.01
MISC-27 No 02:01 23:.01 44:02 44:03 04:01 05:01 04:02 07:01 02:01 03:01 02:02 03:02 02:01 17:01

HLA haplotypes in MIS-C patients




Table S6: TRBV11-2 clonotype expansions

Cumulative frequency

of TRBV11-2 clonotypes within cl_on_otypes within the full
clonotypes TRBV11-2 within TRBV11-2 repertoire

- MISC-9a 43.61 0.50 2.79 1.25
'g MISC-3a 28.35 0.04 0.00 0.00
§ MISC-7 25.95 0.05 0.67 0.18
c;,? MISC-26 19.42 0.05 0.00 0.00
§ MISC-8a 13.37 0.18 15.19 2.40
@ MISC-6 713 0.01 0.00 0.00
E MISC-23a 6.64 0.01 4.70 0.33
E MISC-13 5.74 0.01 2.56 0.15
%) MISC-25 3.97 1.19 5.61 0.24
= MISC-19 3.83 0.01 13.18 0.58

MISC-23b 3.07 0.02 5.93 0.19
c MISC-15b 2.73 0.07 0.00 0.00
-8 MISC-10a 2.60 0.00 0.00 0.00
g MISC-3b 2.24 0.06 0.00 0.00
g MISC-12 2.15 0.03 0.00 0.00
g MISC-9b 2.00 0.03 0.00 0.00
@ MISC-24 1.84 0.11 0.00 0.00
S miscs 1.75 0.01 0.00 0.00
§ MISC-22 1.44 0.00 0.00 0.00
:3) MISC-10b 1.34 0.06 44.16 1.06
) MISC-8b 1.06 0.05 11.68 0.14
= MISC-15a 0.95 0.20 13.99 0.15

p-value® 3.09 x10°® 0.722 0.378 0.053

Significance® *** ns ns ns

@For each column, values have been compared between the two groups, MIS-C patients
with and without TRBV11-2 expansion. The p-values have been obtained using a Mann-
Whitney test. °The statistical significance of the Mann-Whitney test is shown. *** :
p<0,0001; ns: non-significant.

Table S7: Raw Data File (excel spreadsheet)






3.3 CHAPTER 5: A DISTINCT T CELL RECEPTOR SIGNATURE ASSOCIATES WITH

CARDIAC OUTCOME IN MYOCARDIAL INFARCTION PATIENTS

After showing how TCR can help understand the pathophysiology of an emergent
disease, I aimed to determine whether we could identify a minimal TCR feature that could
serve as biomarker of disease. This was done in the context of the AIR-MI project in the field

of cardio-immunology.

Cardiovascular diseases regroup a large panel of diseases. Myocardial infarction is an
ischemic disease that leads to the brutal and massive death of cells from the myocardium. This
very inflammatory context is crucial for the establishment of a myocardial injury repair.
However, to date, there is no mean to qualitatively assess the ongoing myocardial repair

process and predict their outcome.

There are mounting evidences showing that myocardial repair is mediated by T cells
(Choo et al., 2017; Epelman et al., 2015; Tang et al., 2019). T cells exert their function upon
their activation through their TCR and we hypothesised that, by looking at the collection of
TCRs of circulating blood in patients, we could identify signals that can predict the cardiac

outcome in patients.

As biopsies repertoire is limited, we used the peripheral blood as a surrogate from the
damaged tissues to identify early markers of the myocardial repair. From a cohort of 28 patients
who suffered myocardial infarction, my work first consisted in identifying a cardiac signature
of TCR that could predict the heart repair outcome, defined as good or poor healing. Patients’
classification was defined by the percentage of recuperation of their left ventricular ejection
fraction (%dLVEF) between their admission at the 12month follow-up. We also sequenced the

peripheral blood of healthy donors from French donation blood centers (EFS) as controls.

The work on this project is summarized as a research article currently under review. In
brief, we found that the classical metrics to evaluate repertoires, such as diversity or gene usage,
do not provide meaningful result in this context. To tackle this, we developed an innovative
approach to identify TCRs that are both correlated to selection pressure and disease outcome.
We focused our study on the CDR3, the TCR region in contact with the peptide, and obtained

348 CDR3 forming a discriminant signature between good and poor healers. We then compared
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this signature to the healthy donors’ repertoire and showed that our signature was significantly

enriched in good healers.
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Article type: Rapid communication

List of non-standard abbreviations:

MRI: cardiac magnetic resonance imaging, ESV: end-systolic volume, EDV: end-diastolic volume
FUP: follow-up visit, HF: Heart failure, LVEF: left-ventricular ejection fraction, MI: myocardial
infarction, STEMI: ST-elevation myocardial infarction, TCR: T cell receptor, TRA: T cell receptor,

alpha chain, TRB: T cell receptor, beta chain

Main text

Inflammatory processes govern post-myocardial infarction (MI) healing and remodelling.
Yet, we cannot predict how acute post-MI immune responses shape long-term cardiac
functional outcomes in individual patients. Previous studies showed that CD4* and CD8*
T cells are key actors of the post-MI repair regulation(1, 2) but did not investigate how
they could be used as predictors of the cardiac outcome. Here, we sought to identify T
cell receptor (TCR) signatures predicting cardiac functional outcomes in a well-

characterized MI patient cohort(3).

TCRs are heterodimeric antigen-specific receptors expressed by T cells, generated
through somatic recombination of multiple gene segments in a process that generates
a potential repertoire of 10'° unique receptors(4). Thus, we hypothesised that analysing
TCR repertoires in patients after Ml could provide valuable information on the individual

immunological status underlying post-MI healing outcomes.

First, we selected acute ST-elevation Ml-patients from the ETiCS cohort (Etiology, Titre-
Course, and effect of autoimmunity on Survival study(3), Wiarzburg arm) exhibiting
reduced left ventricular ejection fraction (LVEF) assessed by cardiac magnetic
resonance (cMRI) on day 4 post-MI (LVEF <50%, 54/150 patients). Amongst those, we
further selected patients with complete serial cMRI scans at baseline and 12 months of
follow-up (FU) (38/54 patients) (Figure 1A). Next, we stratified these patients into “good”

versus “poor” healers based on a priori defined cMRI criteria(5)). In brief, patients
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showing a ALVEF <13% between baseline and follow-up (FUP) were defined as “poor
healers” (25/38), whereas those showing greater improvement (ALVEF >13%) were
considered “good healers” (13/38) (Figure 1B). In addition to lower ALVEF values
(P<0.0001), poor healers had significantly greater A end-systolic volumes (ESV)
(P<0.0001), whereas A end-diastolic volumes (EDV) did not differ. Age, BMI, infarct size,
and routine blood biomarkers were similar in poor and good healers at baseline (Figure
1B). After defining groups of MI-patients with diverging healing phenotypes, we
extracted RNA of cryopreserved whole blood samples that were collected at hospital
admission from all 25 poor and 13 good healers (Nucleospin RNA blood kit, Macherey-
Nagel, Duren, Germany). Due to technical limitations inherent to the processing of
archived biomaterial, we obtained RNA with sufficient quality from 19 poor and 9 good
healers, which were then used for RT-PCR, amplification of TCR alpha and beta chains

(TRA and TRB respectively), library preparation and sequencing(6).

To evaluate potential global changes in the TCR repertoires found in blood
sampled at baseline, we first measured the diversity of TCRs in each group by
computing the Shannon entropy and the gene usage frequency (Figure 1C-D), two
canonical measures of immune repertoire diversity(7). These basic analyses did not
reveal any significant differences between groups. We then hypothesised that distinct
TCR repertoire composition may explain healing outcomes. Thus, we devised a refined
strategy to identify a set of TCRs that effectively differentiates between cardiac
functional outcomes (Figure 1E). Accordingly, using statistical modelling from Pogorely
et al.(8) (Figure 1E, panel 1), we computed the probability of each TCR being present
in the dataset (Pdata) and identified TCRs that were statistically enriched compared to
their expected generation (Pgen). Additionally, we searched for TCRs that were
differentially represented between good and bad healers(9) (Figure 1E, panel 2).
Finally, we selected TCRs that met both criteria: being more represented in one group
than the other and having a statistically higher probability of being present in the dataset
than expected (Figure 1E, panel 3). As a result, we discovered a signature of 348 unique
TCRs (Figure 1F). Hierarchical clustering based on the presence/absence of this
signature allowed a separation of good from poor healers (cluster purity = 0.93).
Interestingly, this signature comprising 237 unique TRA and 111 unique TRB was
primarily present among the good rather than the poor healers. We then assessed the
relevance of the signature by comparing its cumulative frequency in the ETiCS patients

versus a group of healthy subjects (n = 27). Figure H shows that the cumulative
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frequency of the signature is significantly higher in good healers when compared with
poor healers and healthy volunteers (p<0.001 for both TRA and TRB chains). Moreover,
the TCR signature was more enriched in healthy subjects when compared with poor
healers (p<0.001 for TRA and p<0.01 for TRB), suggesting that the clones found in the
signature are specifically depleted in Ml patients with poor cardiac functional recovery
(Figure 1G).

In summary, we identified a distinct TCR signature associated with cMRI-assessed post-
MI cardiac healing outcomes. Specifically, we found that MI-patients showing a
substantial post-MI LVEF improvement were enriched for a set of 348 unique TCRs in
the peripheral blood already at baseline (hospitalization). These exploratory findings
provide clinical evidence that the individual TCR profile at early stages post-Ml
contributes to long-term healing outcomes in humans. This supports the notion that
modulation of T cell responses may eventually help to improve post-MI remodelling(10)
and further confirms that the circulating T cell compartment is impacted by the ongoing
cardiac repair. Moreover, the present findings provide a compelling example on the
value of immune-based diagnostics in cardiology. Still, our study has some important
limitations. First, it was a rather small - though well stratified and characterized -
retrospective patient collective. Moreover, since we analysed cryopreserved whole
blood samples, we were unable to phenotype T cell subsets that might have accounted
for the identified TCR signature. Furthermore, as it is currently not possible to infer which
antigens are recognised by the TCRs comprised in this distinct signature, the
mechanisms underlying their association with the cardiac functional outcomes remain
unknown. Still, our findings underline the potential predictive value of TCR repertoire
analyses in Ml and might encourage further mechanistic investigations and confirmation

in larger patient cohorts.
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coordinated the clinical study; TG analysed the cMRI images, MH, DA, LV, VS, PPR
and GCR retrospectively stratified and selected samples; DA, KLG, PS, PB, and EMF
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Figure 1: A distinct T cell receptor signature associates with cardiac functional
outcomes in myocardial infarction patients. (A) Patient selection and stratification
into good vs poor healers based on cMRI findings. The number of patients is indicated
within the boxes (B) cMRI findings, including LVEF at baseline and FUP 12 months in
good vs poor healers, ALVEF (%), AESV and AEDV (mL), and distribution of
confounding factors between groups (BMI: body-mass index; LDH: lactate
dehydrogenase; Time: time from pain to intervention; LGE: infarct size assessed by late
gadolinium enhancement, CRP: C-reactive protein, WBC: white blood cell count; RBC:
red blood cell count, Hgb: hemoglobin; Plat: platelets count; NTproBNP; N-terminal pro-
brain natriuretic peptide; Chol: cholesterol; Creat: creatinine; SBP: systolic blood
pressure; Alb: albumin. Values are expressed as fold change from the average levels
found in the “good healer” group). (C) Shannon index based on clone counts from
aligned TCR samples for the alpha and beta chain. P-value was computed using
Wilcoxon U-test. (D) Non-metric dimensional scaling of the TRB variable (TRBV) and
joining (TRBJ) gene usage frequencies. (E) Strategy used to identify Complementarity-
determining region 3 (CDR3, antigen-binding domain) signature. (F) Heatmap of the 348
CDR3 signature found in patients. CDR3, by column, were clustered independently by
chain. (G) Sample’s cumulative frequencies (in %) of the CDR3 from the signature.

Healthy volunteers are depicted in yellow.
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In addition to the results shown in the publication manuscript, we further
characterized the signature obtained. Especially, we were interested in characterizing the
specificities of the signature, to see if the TCR associated to cardiac outcome were
already reported in databases of known TCR specificities. To this end, I have aggregated
the TCR specificity information from 3 public databases: Mc-PAS, VDJdb and iEDB
(Dhanda et al., 2019; Shugay et al., 2018; Tickotsky et al., 2017). We refined the results
by filtering reported TCR with sufficient confidence in the methodology (stimulation
with peptide, protein, or direct peptide-MHC binding (tetramer, dextramers). Studies that
did not report such TCRs, or typically reported association of TCR with the disease were
excluded. CDR3 were categorised as “pathogens” when annotated as specific for

bacterial or viral agents, “autoimmune” if derived from self-reactive TCRs, “cancer” if
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Figure 14: ETICS signature is associated to viral infections. A: Number of specificity matches from aggregated
databases of TCR specificities B: UpSet plot of the viral matches from our ETiCS signature.

derived from neo-antigens’ reactive TCRs. Other categories (Mc-PAS reports “Allergy”
for instance) were classified as “others”. We then looked for perfect matches between
the curated aggregated database and our signature. The results are presented in Figure
19. Out of the 348 CDR3 of our cardiac outcome signature, 31/348 (9%) of CDR3 were
also found in the database, of which 29 (94%) were associated to pathogens and only 2
(6%) were reported to bind autoimmune antigens (Figure 19A). We then sought to
identify which pathogen specificities were in our signature (Figure 19B). In this UpSet
diagram, we can see that more than half (15/29) CDR3s present were reported to bind to

156



CMYV. Second most reported match is Myobacterium tuberculosis with 5/29 CDR3. Of
note, Epstein Barr virus (EBV) has been found in 2/29 matches.

These results were also reported by other groups, with some clear links between
CVD and CMV infection although no clear mechanisms has been proposed. A meta-
analysis of CMV-associated risk to CVD incidence found a significant risk of CMV
infection to the contribution of CVD (Wang et al., 2017). A more recent study suggested
that active CMV infection could be associated with poorer prognosis in patient by
impairing endothelial function (Lebedeva et al., 2020). Supportive evidence of a link
between myocardial infarction and CMV infection has been reported with a case of CMV
reactivation leading to myocardial infarction in an immunocompetent individual (Y ousaf
et al., 2021). Atherosclerosis, the most common leading cause of MI, can be initiated by
CMV infection. Presence of CMV DNA in arterial walls was associated to further
ischemic heart disease (Horvath et al., 2000; Melnick et al., 1983). On the other hand,
the link with EBV is still debated. There are reports in the literature of correlation
between EBV infection and acute coronary events, but it seems related to overall
inflammation rather than autoimmune mechanisms (Binkley et al., 2013). Actively
infected patients with EBV can present myocarditis clinical manifestations (Ace and
Domb, 2019; Walenta et al., 2006; Watanabe et al., 2019), but these reports are

considered unusual and suggest other underlying phenomenon at play to trigger it.

Our results, however, do suggest a link between past encounters with viruses and
myocardial repair. Our signature was identified in the peripheral blood, and not in the
infarcted tissue. It is possible that all CMV-specific T cells from poor healers were
already drawn into the myocardium and present in lower numbers in the circulating
blood. There is also evidence that previous viral infections trigger tissue repair through
T cell independant mechanisms. For instance HIN1 influenza virus triggers stem cells to
undergo rapid proliferation and regenerate the pulmonary tract (Kumar et al., 2011).

There is no evidence in the literature of such a mechanism happening for cardiomyocytes.
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3.4 CHAPTER 6: IDENTIFYING T CELL ASSOCIATED TO CARDIAC OUTCOME IN
OTHER DATASETS
As we have just described, it is possible to identify a CDR3 signature from
circulating blood of patients MI. We sought to confirm the relevance of these results in
different contexts using infiltrating T cells from internal or external datasets, or a relevant

cohort prepared in similar conditions.

3.4.1 Cardiac biopsies
Indeed, we hypothesised that T cells from the peripheral blood could be a good

proxy to study what was happening in the tissues, here the heart. Several studies have
highlighted how the infiltrating repertoire was perturbed during MI. Murine models of
MI demonstrated how CD4" repertoires of heart were distinct from draining lymph nodes
(Rieckmann et al., 2019). They observed T cell expansions and distinct TRBV usage,
with high TRBV19. These observations have been evaluated in humans, and suggested
a similar low sharing of T cells between circulating and infiltrating compartments (Tang
et al., 2019). The high expansions, and private properties of repertoires, prompted us to
determine whether the healing signature found in Chapter 5 (p. 146) was linked to
infiltrating T cells, or was correlated with the outcome and rather bystander immune
response. To study the overlap between circulating and infiltrating T cells, we had access
to matched cardiac (n=27) and lungs biopsies (n= 27) from an additional cohort of
patients suffering from fatal MI. Tissues were stored in FFPE and multiplex PCR on
DNA sequencing was performed using LymphoTrack TRB assay (PGM Invivoscribe).
DNA was preferred on these samples as it was considered more stable and more reliable
to recover TCR from FFPE samples of low infiltrated tissues such as the cardiac or
pulmonary tissues (Pai and Satpathy, 2021). As these data only cover 3 chain, we limited

our analysis to this part of the signature.

The number of CDR3 recovered from lung and cardiac biopsies ranged from 1 to
770 unique sequences, with a high variability between samples (Figure 15A). We also
recovered 3 times more CDR3 per sample in lungs than in cardiac tissues (81 = 100 for
cardiac biopsy vs 265+£195 CDR3 per lung biopsy). In line with previously published
studies, yet not neglecting the low throughput, the cardiac infiltrate CDR3 repertoire was

mostly private (Figure 15B) with 96% (2026/2104 unique CDR3 recovered) CDR3s
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Figure 15: Overlap of cardiac biopsies with circulating blood. A: Boxplot of unique CDR3 collected per
sample from n=27 cardiac and n=27 patient-matched lung biopsies. Numbers are mean +- standard deviation.
B: Histogram of the cardiac CDR3 sharing between all cardiac biopsies, logarithmic scale. C: Overlap of
unique CDR3 from cardiac (heart), pulmonary lungs) and ETiCS signature. D: Normalised sharing of
infiltrating cardiac CDR3 with repertoire of healthy volunteers, poor healers and good healers. Occurrence
is expressed as percentage of the total unique CDR3 in the sample. Wilcoxon U-test, significant symbols: *
p <0.05, ¥xp <0.01, *+xp <0.001, ****p <0.0001

private to a given individual. There is no evidence for a shared response, as most shared

CDR3 were found in 3/27 donors.

We then investigated whether the healing outcome signature found in Chapter 5 (p.
146) was overlapping with the cardiac infiltrate of fatal cardiac MI. To this end, we
compared the aggregated CDR3 repertoires of cardiac and pulmonary biopsies with the
ETiCS signature. The results displayed in Figure 15C show no overlap between the
cardiac infiltrate CDR3s and the circulating T cell signature.

Finally, we sought to look whether the T cell infiltrate was found in the circulating
repertoire of patients. I computed the number of unique CDR3 from circulating T cell
samples shared with the cardiac infiltrate biopsies, and normalised it by the number of
total unique CDR3 in patients. The results are presented in Figure 15D. We found here
that both poor healer and good healer share 0.07% of their total CDR3 repertoire with
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the cardiac infiltrate, compared to 0.05% to healthy donors. The overlap increase between
healthy donors and MI patients is statistically significant (p<0.01 for good healers,
p<0.0001 for bad healers), which could suggest that circulating T cells in MI patients and

cardiac infiltrate are not completely distinct compartments.

Altogether, these results suggest that the signature found in Chapter 5 is mainly
specific to the circulating T cell compartment. Indeed, the healing signature is not found
in cardiac biopsies, but the cardiac infiltrate CDR3s can be modestly, yet significantly,
found in the peripheral blood of patients, regardless of the outcome, as compared with
healthy donors. We can hypothesise that the TCR involved in the typical myocardial

infarction are different to the TCR predicting myocardial outcome.

3.4.2 Circulating blood of Type Il diabetes patients after Ml

We have demonstrated how our 348 CDR3 signature was specific of the circulating
blood and not of the damaged tissues, however we still wanted to confirm its relevance
in another control cohort. To this end, we had access to another cohort, from the
academic, multicentre, double-blind EMMY trial (NCT03087773) (Tripolt et al., 2020;
von Lewinski et al., 2022). EMMY nparticipants are type Il diabetes patients with
myocardial infarction and evidence of significant myocardial necrosis. Patients were
divided in 2 groups at admission, placebo or treated with Empagliflozin, a sodium-

glucose co-transport 2 inhibitor (SGLT2i). Empagliflozin are used as a first line of
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Figure 16: Impact of Empagliflozin on echocardiographic parameters between treatments groups. a: LVEF between treated
(blue) and placebo (yellow) participants across time-points of visit 1 (3 days), visit 2 (1 week) and visit 4 (6 months). b:
Percentage of evolution of LVEF between timepoint and baseline (3 days). Results expressed as mean with standard error,
Wilcoxon U-test. NS denotes non-significant differences, *: p<0.05.
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treatments in patient with chronic heart failure (McDonagh et al., 2021) and acute
myocardial infarction (Heidenreich et al., 2022). SGLT2i have been shown to reduce
death in patient with or without type II diabetes (Lopaschuk and Verma, 2020). Although
the mechanisms are not completely understood, it has been hypothesised that SGLT2i
positive effects on cardiovascular health are mediated though metabolic and anti-
inflammatory effects (Garcia-Ropero et al., 2019; Ye et al., 2018). Since the original
EMMY study on n=476 concluded in 1.5% improvement of LVEF over the course of the
study (von Lewinski et al., 2022), we controlled whether it was needed to segregate

groups based on treatment.

When comparing the LVEF over the 6 month follow-up of the study, we found no
difference between treatment and placebo at all time-points (Figure 16A). We found
similar results when comparing the evolution of LVEF between time-points and baseline
(Figure 16B). Although not consistent with published results of the clinical trial, these
data were collected with only 42% of the initial cohort, thus probably limited to observe
the moderate (1.5%) improvement. Given the absence of difference in LVEF between
groups or SLVEF and the absence of definitive evidence for immune effect of SGLT2i
on T cells, we decided to analyse TCR repertoires without taking into account treatments

subgroups.

We had access to 199 blood samples at baseline. We used the same threshold as
previously described (Bulluck et al., 2017b) to diagnose patients into poor healers, with
OLVEF>13% between baseline and latest timepoint (6-month) and poor healers
(0LVEF<13%), regardless of treatment.

Extracted RNA was of exceptionally low

)

)

EMMY Healthy donors
quality (Figure 13, p. 65), and resulted in technical ( ]
difficulties to optimally amplify samples with s [ i ) | l
SMARTer Human TCR a/b Profiling Kit (Takara 2°%°cerowss - !

COE (

)

Bio) as in the ETiCS study. Libraries were sequenced
on a MiSeq sequencing platform using a 300bp
protocol at the iGenSeq sequencing facility (Institut clonotypes.

du Cerveau, Paris). Raw FASTQ files were aligned

with MiXCR v3.0.13. To minimise biases due to the undersequenced samples, we
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removed samples with less than 2000 unique sequences (Figure 17). This leaves a final
dataset of 93 samples, with n=28 good healers, n=41 poor healers and n=24 healthy

volunteers.

This aggregated dataset of 93 samples is highly sparse. When looking at the
incidence matrix of “samples x CDR3”, more than 98% of the dataset is zero. We found
that more than 93% of unique CDR3 are private and only 0.7% of CDR3s are sthared by
four or more patients. Similarly, computed Jaccard index between samples based on
CDR3 presence/absence shows a very limited sharing between patients (results not

shown).

Our previous signature approach was based on similarity between samples.
However, this low to non-existent sharing between patients make our previous signature
approach not relevant for this specific type of highly sparse data. We decided to orient
our analysis between shared features of CDR3s. Indeed, several studies have explored
how grouping CDR3 by their specificity rather than matching their exact sequence could
provide solid insight and alleviate the low throughput of some datasets (Glanville et al.,
2017; Montagne et al., 2020; Musvosvi et al., 2023; Ostmeyer et al., 2020). Based on the
solid rational for this type of approach (see section 1.5.1.3), we designed a pipeline of
analysis that would not focus on CDR3 but on their shared properties (Figure 18A). This
approach of TCR data agglomeration would bring several advantages: apart from
highlighting relevant shared properties, this would remove noise from non-shared
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Figure 18: Pipeline of identification of healing related CDR3 in the highly sparse EMMY cohort. a: Starting
from highly sparse CDR3 repertoires, we used GLIPH? tool to find common pattern in CDR3s sharing similar
properties. Resulting clusters would then be used for feature based clustering, circumventing the absence of shared
unique CDR3. b: Traditional clustering of CDR3s, by looking at shared CDR3 properties with TCR of Myocardial
Interest, or using other datasets of cardiac interest, would perform biological validation of CDR3.
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features and reduce the data complexity by working with a more restricted set of clusters
of CDR3s. This analysis is however restricted to the B chain, as GLIPH2 authors have

not yet implemented support for a chains.

We used GLIPH2 algorithms on standard internal parameters, with the following
protocol: to identify group-specific clusters, each group was compared to the two others.
Each exclusive signature was then merged, and CDR3 identified in clusters were pooled.
We then filtered out clusters with two or less CDR3s, and selected CDR3s with signing
patterns between 3 to 6 amino acid, to prevent long patterns that could cover the whole
CDRa3. Selecting clusters was based on GLIPH2 significance scoring < 0.01, enrichment
of a cluster in any of the group was assessed by a Fisher test p-value <0.01, and an odd

ratio > 2.

This strategy selected 237 clusters comprised of 2046 unique CDR3s. Most of the
clusters signed the Healthy group (136/237, 57%), while 38 (16%) signed the poor
healers, and 63 (27%) were associated with the good healer outcome. These results are
similar with the one obtained with the ETiCS cohort, the majority of the signature would

be associated to better cardiac repair.

We used this strategy to cluster the patients; results are presented in Figure 19. In
this heatmap, each column is a patient and each line is a cluster. If a patient finds in its
repertoire at least one CDR3 of the cluster, we assigned the “presence” value to the
patient for this cluster, with the assumption that cluster links antigen-specific convergent
CDR3s. Patients’ and CDR3 clusters were then arranged using ward.D2 hierarchical
classification algorithm (Murtagh and Legendre, 2014). We observed four metaclusters
of CDR3 signing the patient groups. Metacluster 1 is associated with the poor healer
group, metacluster 2 with the good healer, metacluster 3 with the healthy volunteers,
while the 4™ metacluster is shared by several conditions. To determine the contribution
of each CDR3 metacluster to patient classification, I determined each metacluster
importance for classification in each of our three classes by building a generalised linear
model (GLM). From then, I extracted the coefficients associated with each cluster,
(Figure 19, right panel). A positive value indicates that the CDR3 metacluster is

associated to the classification of said group. As such, we found that the metaclusters 1,
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2 and 3 were positively associated with poor healers, good healers and healthy volunteers

respectively

3.4.3 ToCls

The classification heatmap in 3.4.2 is obtained from clusters of CDR3s. Because
we wanted to characterize more deeply the patterns and assess their cardiac relevance,
we sought to link CDR3 clusters to their putative specificity. This strategy to link a
GLIPH2 cluster to a specificity has been adopted or demonstrated by several other groups
(Chiou et al., 2021; Higdon et al., 2021; Huang et al., 2020; Quiniou et al., 2023).

The first step was to identify TCRs of Cardiac Interest. To this end, we identified
TCR datasets from the literature with relevant CVD. We looked for i) TCR libraries, ii)

T cell enriched 5’ single-cell or iii) single-cell TCR libraries of cardiac diseases or
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Figure 19: Analysis of CDR3 repertoires using GLIPH? reveals sets of group-specific clusters. (Left) Heatmap of presence
absence of clusters identified using GLIPH?2. Patient clustering was performed using Ward D2 algorithm. Metaclusters, labelled
from 1 to 4, were determined based on the hierarchical clustering. (Right) Contribution of each cluster to the clustering observed,

using generalised linear modelling. A positive value indicates that the cluster contributes to classify samples in this group.
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healthy controls. Three datasets were selected for this study (Table 2). The massive
single-cell project “Cells of the Human heart” (Litvitukova et al., 2020) provided data
consisting of healthy hearts from 25 adult donors, 14 female and 11 males. I used the
sorted Immune cells* dataset, from which 10 000 T cells were sequenced. I aligned the
data to reconstruct complete TCR sequences from the single-cell RNAseq libraries with
TRUST4 (Song et al., 2021). We identified a second dataset used from ex-vivo expanded
T cells from patients suffering immune checkpoint inhibitor (ICI)-associated myocarditis
(Axelrod et al., 2022). Peripheral blood CD8" T cells were stimulated with a-myosin
antigens and activated were sequenced using 5’ single cell 10X VDJ. TCRs were
reconstructed with TRUST4. Last dataset used is from our own cardiac biopsies. For all
these datasets, I focused on the TRB rearrangments, as it was the one used for identifation

of the signature in 3.4.2.

Dataset (short name) Aczzzselon Condition Method Cells ggg:
Cells of the Human 5’ Single-cell | Infiltrating cardiac T
heart (Atlas) PRIEB39602 Healthy 10X GEX cells 39
T cell ific f
c%;ﬁfiicéﬁfvem > ’ diti 5’ Single-cell | a-myosin expanded
immunotherapy relaed | SRR21598102 ) Myocarditis | = ox 1 | circulating T cells H>
myocarditis (My'ocard.itis) : :
Wiirzburg biopsies NA MI TCR VDI Infiltrating cardiac T 2239
(MI) cells

Table 2: Datasets used for the TCR of Myocardial Interest analysis.

2 https://www heartcellatlas.org/immune
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There is a striking imbalance in the data, with 1§00 Rosler
only 115 unique CDR3s recovered in the VDJ

enriched datasets. Nonetheless, we computed the
overlap between these datasets and the CDR3s from
the clusters identified in Figure 20. Clusters were split
based on the group they signed. Hence, cluster 1 is
called MI good healer, cluster 2 is MI_bad _healer,
and cluster 3-4 are “Healthy”. Results of overlap are

shown in Figure 19 in an Euler diagram. As we can Figure 20- Overlap of EMMY dataset

CDR3 clusters with the ToCls datasets

see, the myocardial infiltrates from failing hearts (M, using perfect maich of CDR3 sequences

grey) form larger dataset and is the one sharing most,

although few, CDR3s with the other datasets. Strikingly, ex vivo expanded T cells from
myocarditis dataset (Myocarditis) does not share any CDR3 with either of our circulating
TCR signatures, but shares 2 CDR3 with the MI dataset. Healthy and MI_good healer
share CDR3 only with the MI patients (6 and 2 CDR3 respectively), but not with other
datasets. CDR3 recovered from Cells of the Human heart atlas (Atlas) do not share any
CDR3 with our signature but share two CDR3s with MI. Finally, there is no overlap

between the poor healing signature and any other datasets.
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As we have highlighted previously,

30/58 this analysis is limited due to the constraints

Healthy . . .
iPoor healer of poor recovery of CDR3s in biopsies. To

Good healer

(4]
o
f

N
o

this end, we used the clustering analysis
(Figure 18B) and the patterns identified from
GLIPH2 (results shown in Figure 19) to find

N
o
L

23/131 CDR3 matching these patterns and assign

Matching patterns (%)
w
o

them to groups. I first focused on the

-
o
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myocarditis dataset, as it was enriched in

0 relevant CDR3s with known cardiac impact,

Figure 21: Myocarditis CDR3s matching signature while MI and Atlas datasets were more

patterns. Number of Myocarditis expanded CDR3s
matching amino-acid patterns of our signature. Results
are represented as a percentage of total patterns from
this group.

representative of recirculating T cells. The
results are shown in Figure 21. To our
surprise, more than half (30/58) patterns
associated to good healing outcome were associated with myosin-expanded TCRs, as
compared with 17% (23/131) and 19% (7/37) of healthy volunteers and poor healer

groups.

These results show how TCR signatures from cardiac T cell biopsies or circulating
T-cells are very private when considering them at the strict sequence level, and show
almost no overlap. This does not confirm or infirm the presence of absence of
autoimmunity linked to cardiac outcome, but could rather reflect the lack of information
due to the low number of sequences recovered from both the EMMY and external
datasets. Indeed, even during infarct, the heart is not as highly infiltrated by T cells in
numbers comparable to circulating blood or lymph nodes, with 8 cell per mm? in
immunostaining of CD3" (Devaux et al., 1997; Ohta-Ogo et al., 2022), hence limiting
what can be recovered in small biopsies. To circumvent this, we took advantage of TCR
similarities to build networks of CDR3s from our datasets and a-myosin expanded T
cells. We found a significant association between a-myosin expanded TCRs and good
healer outcome TCR signature compared to healthy volunteers and poor healers,

suggesting the relevance of myocardium specific T cells during repair. These results
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should however be confirmed in larger cohorts, as we do not know the CD4/CD8 origin
of the CDR3s, and therefore the MHC-I or MHC-II restriction associated with the
identified CDR3s. Analysis of samples from fresh, sorted blood T cells should provide
data of sufficient depth and quality to better characterise the role this signature. High-
throughput single cell analysis should in the future allow to accurately tackling this
question. These results demonstrate however how analysing TCR as a network of

similarities can be a powerful tool to leverage data from sparse matrices.
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4 DISCUSSION

4.1 THE NECESSITY OF CONTROLLING THE EXPERIMENTAL LAYOUT

4.1.1 Open data is happy data

The results I presented stressed the need for experimental controls. Computational
methods for controlling the data are limited, especially in AIRR-seq, as shown in the 1st
part. Results obtained from these methods display large variability, due to the
experimental choices (amplification approach, sequencing layout, depth) and software
(choice of aligner, genome of reference, definition of a clonotype, downstream

normalisation).

These issues are not restricted to the TCR field, but rather influence all fields
working with NGS, as have highlighted the recent stimmed controversy over microbial
structures. Indeed, in a 2020 landmark study, Poore et al. analysed 18,116 microbiota
samples and demonstrated how machine learning could almost perfectly discriminate
tumours’ types in patients (Poore et al., 2020). The highly cited study (over 600 citations)
was however flagged as “entirely wrong”. In a long pre-print, Gihawi and colleagues
reanalysed results from the study, starting from raw data (Gihawi et al., 2023). They
reported “two fundamental flaws” in the methods, namely normalisation and poor
contamination removal. They claimed that the original paper used poor normalisation
that created artificial tumor specific signatures. The normalisation even introduced
signal, by inferring species abundances if they were missing. A second issue with the
paper, noted the reply, was the contamination removal. Many reads were aligned to the
wrong species, doubling the number of bacterial reads for samples, introducing false
signals and ultimately leading to aberrant results. The reply also identified several papers
using the same flawed methodology. Original authors provided a quick counter-reply,
admitting flaw but stating it did not affect overall results (Sepich-Poore et al., 2023). To
date, the community has provided no definitive answer to this controversial study, but
called for more oversight of machine learning use in microbiome data (Offord, 2023).

Confirmation by new experimental data shall shed light on this matter.
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This investigative work could only be done because of i) a team of dedicated
experts and i1) a FAIR-compliant open dataset (Wilkinson et al., 2016). The issues raised
here are similar to what we can observe in the TCR field. One of the most significant
study in circulating cardiac repertoires is from (Tang et al., 2019). I have been trying to
replicate their results, without success. They performed TCR-seq on HiSeq-2000, with
60r1 bp and 50r2 bp paired-end read layout, aligned with BGI software and performed
in-house normalisation. Although I requested raw data, they could not provide it. FASTQ
were “unavailable”, as they did not store it, however they instead sent me their processed
data. In the light of Chapter 3 results (p. 68), it appears unlikely to be able to replicate
those results. Indeed, the difference in reads length probably affected the alignment. We
used MiXCR while they used BGI, and I did not benchmark the differences in alignment
performance with the aligners. Moreover, the genome references might have impacted
gene and CDR3 determination. Finally, processed data did not feature raw counts, only
normalised frequencies, which further complexify the eventual cleaning and quality
control of the data. Although there is certainly no malicious intent from the laboratory,
this seems like a hasty data management that could be avoided. For these reasons, it
appears that integrating the processed data in pipelines will most likely lead to spurious

results.

A very interesting initiative from the ecology community investigated how teams
with the same datasets managed to find different results for a given scientific question
(Gould et al., 2023). A total of 174 teams of analysts from around the world analysed the
same dataset of Cyanistes caeruleus (blue tit) nesting. Surprisingly, models provided by
analysts for the study were not unanimous, but rather lead to heterogeneous, sometimes
contradictory conclusions. Although several explanations for the widely different results
were provided in the final manuscript, no definitive answer was formulated. Rather,
authors defend how analytical choices, which may lead to diverging results, are the path
toward the consensus. It is the replicability, and confrontations of data, methods and

opinions that pushes the community towards the good answer.

4.1.2 The use of experimental controls

This advocates for the use of technical controls in every bulk TCR sequencing to

ensure that, in each study/batch, a set of known TCRs is correctly aligned and counted.
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This also ensures that any new protocol, sequencer or aligner will yield the same results.
If every TCR sequencing run would add one sample, with known complete TCR
sequences and VJ joining, it would ensure the reliability of 1) the method used and ii) the
experimentation. Such approaches would allow a fair and unbiased benchmark of any
new methods developed. This issue has been greatly documented in the survey of the
AIRR community, where the use of use of spike-ins could solve most (8/9) common

documented errors arising during AIRR-seq workflows (Triick et al., 2021).

Global suppliers have already started to explore this topic. TaKaRaBio adds in each
of its TCR kits a “positive control” corresponding to PBMC from healthy volunteers;
however, this does not constitute a good control. Since donors differ between batches of
kits, it becomes challenging to compare experiments conducted using different batches.
This also complicates the process of comparing results across various laboratories, unless
the control batch is specified. Moreover, complete sequences of all TCR in this type of
positive control is unknown, which is required to assess annotation reliability. I would
rather advocate for a set of spike-ins TCR in Jurkat cells for instance, with known,
complete sequences, that would cover a wide array of V-J combinations and fixed
concentrations, similar to what has been done in the TCRpower paper (Dahal-Koirala et
al., 2022). Cellecta currently offers this strategy for human TCR, covering 10 TRBV-
TRBJ combinations, one TRAV-TRAJ, one TRGV-TRGJ and one TRDV-TRDJ with 3
variations of each CDR3 for a total of 39 spike-ins (Synthetic Spike-in Controls for
Immune Repertoire Profiling, Cellecta). Although most manufacturers do not provide

this kind of controls, this is a step towards a better validation of experimental sequencers.

In contrast to openly available raw data, a significant limitation arises when data
suppliers, operating in a closed-source manner, do not disclose raw data and instead apply
their proprietary or undisclosed methods, such as Adaptive Biotechnologies. This issue
of replicability and inability to re-process data from raw reads is problematic (Miyakawa,
2020) and of utmost concern. Indeed, as I have observed, results from TCR annotation
drastically vary simply by going from 300bp to 250bp. It also hinders data reuse, a
hallmark of FAIR standards (Wilkinson et al., 2016). These issues are still a point of
concern. As such, a meta-analysis of 134 studies conducted between 2006 and 2022

found that “only 38.1% had made publicly available raw TCR-seq data in public
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repositories” (Huang et al., 2022). To make matters worse, an astonishing 70% of non-

public datasets remained unshared even after requesting them from the authors.

4.2 CIRCULATING CARDIAC SIGNATURES IN LIGHT OF PUBLISHED DATA

4.2.1 Challenges of frozen whole blood TCR sequencing

Using circulating T cell as a biomarker of cardiac diseases was a bold project when
it was formulated. Indeed, there was scarce literature about the existing role of T cells in
myocardial infarction, and the clinical features at our disposal were very limited. The
biggest challenge has been about capturing the TCR itself (see 2.2.2.1). Indeed, samples
of both the ETiCS cohort and the EMMY cohort were challenging to amplify. Several
factors were at play. First, it was whole blood samples, frozen without any preservative
agent for up to a decade. During the storage period, EMMY samples were placed for a
few weeks at -20°C rather than -80°C, which played a crucial role in the degradation of
the samples. As these samples were not originally designed to be used for RNA

sequencing, hence the suitable temperature for storage was not taken into consideration.

Additionally, RNA extraction was also a challenging step. The formation of water
crystals during freezing caused cell damage, likely leading to the release of RNase in the
samples, which, in turn, contributed to the degradation of the material. One of the EMMY
cohort recruitment criteria was type Il diabetes participants. Blood of these patients was
especially rich in fatty deposits, and several samples could not be extracted as they
clogged kits filters. Subsequently, samples with high fatty content resulted in lower
extraction yields, when successful. This might have affected downstream results, as
patients with higher circulating fats could not be sequenced. Several samples were so
degraded they could not give any RIN. Fortunately, even with abysmally low RINs, we
managed to obtain viable libraries in 34% of samples, proving the relevance of 5’RACE

in rescuing information from heavily altered samples.

This poor recovery of samples led to several adjustments from our initial analysis

pipeline. In the ETiCS cohort, out of the initial 61 samples sent to us, only 28 were of
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sufficient quality for sequencing. The slight imbalance in groups (n=19 vs n=9) also
limited what could be done in terms of modelling and statistical approaches. Likewise,
in the EMMY cohort, only 34% (69/199) of the samples met the quality requirements for
analysisHowever, this did not result in an imbalance between groups (28 good healers vs

41 poor healers).

4.2.2 Circulating cardiac signatures in light of published data

Murine models experiments published by other groups have demonstrated a
TRBVI19 bias in infarcted mice in the CD4 compartment (Rieckmann et al., 2019).
Although we investigated the use of VI usage bias in Chapter 4, we could not confirm
nor infirm it. Indeed, the cohort was neither designed nor suitable for this usage, as a
circulating blood TCR repertoire in humans could not be used to recapitulate results
obtained from a sorted population in mice. It also showed differences in diversity in
infiltrating CD4 T cells in infarcted vs non-infarcted myocardium. However, we did not

had access to cardiac biopsies in the human ETiCS cohort.

Our results, given the low recovery from peripheral blood T cells, demonstrate how
even a low input repertoire from circulating blood can be used for prediction. The
Emerson et al., study, featuring the most comprehensive, deepest assessment of T cell
repertoire dataset published, managed to find T cell signatures in patients infected with
CMV in a 666 patient cohort (Emerson et al., 2017). Although their method was simple,
it was the largest T cell repertoire study conducted in NGS and showed that, it was
possible to identify signatures in blood. It was even more impressive given that past
encounter with CMV is a “low signal”, meaning it is not an active infection with a large
portion of the repertoire dedicated to fighting it. We pushed this even further with a
smaller cohort (n=666 vs n=28). The major advantage of Emerson study was the
information on the HLA of each patient, which allowed distinguishing subtypes of
patients sharing different groups of CDR3 of the CMV signature. Individual sharing of
the signature was, interestingly, rather low, with the most shared CDR3 only found in 61
patients, highlighting the huge heterogeneity of the immune response, and most patients

sharing ~20 CDR3 of the 164 CDR3 complete signature (~12%).
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Comparing these results to our own signature obtained in good and poor healers
(see Chapter 5, p. 146), we find very similar sharing of CDR3, highlighting how
circulating blood signature do not necessarily encompass “universal TCR” shared by all
patients. As opposed to the Emerson dataset, we did not have access to a validation cohort
to propose a prediction model. Our results do not give a definitive answer to what
constitute the healing outcome repertoire, but rather demonstrate how a signal can be
identified using adequate methods, and pave the way for new studies to validate our
findings. As we showed in the EMMY cohort, if antigen-specific clones mediate the
studied disease, one could alleviate the issue by inferring specificities from clones and
looking directly at pathology-driven T cells, rather than correlating TCR to disease. This

field however, is still blooming and need further refinements.

With only one timepoint from a 12-month differential diagnostic in an aseptic
cardiac disease, a limited cohort, low amount of input material, no HLA information,
non-sorted cells, the question we asked has certainly been very ambitious. If one of these
parameters had been to change, having a second timepoint would have probably been the
best option. Indeed, it would have opened many opportunities such as tracking the
CDR3s across timepoints. It can be hypothesised that the clones identified are positively
correlated to patients’ outcome because they fuel the early inflammation, and are not
expanded at further timepoints, results supported by the presence of TCR with viral
specificities in the signature. The Antigen-specific Lymphocyte Identification by
Clustering of Expanded sequences (ALICE) (Pogorelyy et al., 2019) is a dedicated tool
to track clonal expansions between timepoints. It was developed in a collaboration with
the same group that developed the tool we used to identify the original signature; further

confirming its relevance to associate the two.

ETiCS cohort really showed how TCR specificity inference is not difficult, as we
have matched CDR3 to reported ones. In the ETiCS cohort, we found that the good healer
outcome signature was enriched for TCR binding to viral peptides, especially CMV.
These results are surprising in light of the existing literature, as reports of recent viral
exposition was a marker associated with an increased risk of CVD (Lebedeva et al., 2020;
Wang et al., 2017; Yousaf et al., 2021). However, the challenge lies in the validation of
this specificity.Indeed, without HLA or MHC restriction, we can only rely on published,
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public data compiled into databases, and ignore the CD4-CDS antigen restriction of the
identified CDR3. Moreover, even if we actually find CDR3 linked to viral antigen, we
could not infer a role for them. As TreG and Terr/CTL have antagonist roles, our
signature could very well be driven either by inflammatory T cells, which would make
sense in the context of a 3-days’ inflammation, or by anti-inflammatory driven with Trec.
Finally, this signature has been observed in the circulating blood. We do not have
matching biopsies from the heart of the good healer patients to confirm that the
infiltrating T cells also bear enriched viral (CMV/EBV) specificities. By having access
to matched tissues and circulating blood in a new cohort, it could both confirm the
preliminary results obtained here and further explore the specificity of the early cardiac

infiltrate associated to patient outcome.

Indeed, by mobilising earlier a pro-inflammatory environment, the T cells can
recruit more macrophages, DCs and other parts of the immune system, as well as other
T cells. This massive mobilisation allows the rapid clearance of debris and starting the
collage scar formation, limiting cardiac chronic insufficiency. On the other hand, Trec
would dampen inflammation, reduce initial cardiac damage, and overall switch the
inflammatory microenvironment towards a steady-state one faster. Mathematical
modelling to infer the CD4 to CD8 ratio from repertoires have been reported, but we
could not apply to our data (R. Emerson et al., 2013). Similarly, inferring the the MHC-
I or MHC-II restriction from a TCR sequence (and hence, the CD4 or CD8 subtype
associated) was attempted, but showed poor performance in a single-chain setting (Carter
et al., 2019; Hou et al., 2020). Seeking to identify the factors promoting TCR towards a
Trec fate, Lagattuta er al. presented a model where they developed the TCR-intrinsic
regulatory potential (TiRP) score (Lagattuta et al., 2022). TiRP could provide additional

information in screening patients with Trec associated parts of the signature.

4.2.3 HLA s not just another clinical parameter in CVDs

HLA typing would have greatly helped in differentiating our subgroups of patients.
For instance, the HLA-DRBI haplotypes have been identified as a predisposing factor
for multiple cardiovascular diseases such as coronary heart disease (Sun et al., 2011),
myocardial infarction (Bjorkbacka et al., 2010; Paakkanen et al., 2012; Sengar et al.,
1985), cardiovascular mortality in inflammatory polyarthritis (Sharma et al., 2022),
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cardiomyopathies after hepatitis C virus infections (Matsumori, 2005). In a broader
extent, other groups have demonstrated how MIS-C was linked to a set of class | HLA
(Porritt et al., 2021), while cardiovascular remodelling was associated with arterial blood
pressure in several populations (Diamantopoulos et al., 2003; Luque Otero et al., 1983).
Novel ongoing work from a german group has identified HLA alleles with different
levels of risks in patient with chronic heart failure (Merten et al, personnal
communication). With over 120 patients and their complete HLA information, they
showed how HLA characterisation in failing hearts could be used to stratify patients’
prognostic. Specifically, the analysis demonstrated that the presence of HLA-DR2
conferred a protective effect in this patient population, whereas the presence of HLA-
DRS was associated with a 4-fold increased odds ratio of mortality following myocardial
infarction (MI). HLA could then be seen as an etiologic factor, rather than a risk factor.
Patient bearing those immunogenic HLA might trigger more inflammatory response,
ultimately leading to cardiovascular complications. Alternatively, those without the
predisposing HLA could have triggered the autoimmunity through other unknown

means. This opens some new perspectives on further research.

4.2.4 "Healthy” volunteers, oris it?

Healthy volunteers’ recruitment is
Healthy recruitment
also a source of variation that can be
looked into. Indeed, I wused blood \
sampling from French Blood Centres | \/

donations, spanning the 2021-2022 A
years. We selected donors to match age

and sex of the ETiCS cohort to not

introduce bias, but we do not have F @ @SSP SS

access to similar level of information. Figure 22. Myocardial infarction per month in the ETiCS

cohort (n = 38). Gray line: ETICS patients MI inclusion, red
line: smoothed approximation. Blue; healthy volunteers
recruitment window

Especially, patients could have
atherosclerosis, the primary underlying
disease process of myocardial infarction (Timmis et al., 2018), which does not exclude
you from donation in French Centres. Moreover, our recruitment did not take into

account the seasonality of CVD, where we see a higher risk for CVD during the cold
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months (reviewed by Stewart et al., 2017), consistent with observations in our cohort
(Figure 22). On the other hand, our “healthy volunteers” cohort been constituted between
the months of April to September, which would also correlate to the lowest occurrences
of MI. Among the seasonal factors involved in increased cardiovascular risks, IL-6 was
found to contribute to disease onset (Sartini et al., 2017), results corroborated by other
large scale clinical studies (Sattar et al., 2009). The clinical relevance of IL-6 compared
to the fattier diet, increased blood pressure and more sedentary lifestyles might be
anecdotal, although it may be related to impaired response to winter viruses (Nguyen et
al., 2016). The link between myocardial infarction seasonality and T cell repertoire has
however not been investigated. SARS-CoV2 pandemic is another major factor that must
be taken into account in our “healthy” cohort. Indeed, a large proportion of the french
population contracted the virus or was subject to several rounds of vaccination against
spike-proteins. At the end of December 2021, it was estimated that 80% of the population
has received at least one dose of vaccine (Haugomat, 2022). This brings a substantial
bias in circulating repertoire. Even if SARS-CoV2 specific T cell clones pre-exist in
healthy population (Shimizu et al., 2021), vaccinated patients share a higher proportion
of the virus T signature (Gittelman et al., 2022). Moreover, SARS-CoV can penetrate the
myocardium through ACE2 and induce myocarditis (Lindner et al., 2020; Négele et al.,
2022). The risk of CVDs such as MI or stroke has been considered safe in light of
vaccination (Botton et al., 2022; Jabagi et al., 2023). We indeed thought about using
already published datasets from healthy volunteers datasets from the pre-COVID-19 era.
However, they either did not match our experimental protocol (unsorted, poorly stored T

cells) or sequencing layout, thus were not comparable to our cohort.

4.3 SPEAKING ABOUT SPECIFICITY

Despite multiple T cell epitopes described in CVDs (see section 1.2.4), few to none
TCR of cardiovascular interest (ToCI) have been reported in human databases of TCR
binding, at least with sufficient confidence. Screening of cardiac epitopes has been
performed in mice (Rieckmann et al., 2019), but this work was not reported in humans.
Datasets of T cells with ToClI are scarce and not annotated. My effort to recover TCR

from infiltrating cardiac T cells in healthy (Litvitukova et al., 2020) or failing (Tang et
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al., 2019) hearts, or ex-vivo stimulated CD8" T cells in autoimmune context (Axelrod et
al., 2022) revealed itself limited in both number of T cells recovered and what I could

computationally do from it.

This topic goes beyond CVDs epitopes. Inferring specificity of T cells might be an
even more challenging task than currently thought. Authors have recently pointed TCR-
epitope prediction as the “holy grail of immunology” (Hudson et al., 2023). When I
started my thesis in 2019, existing methods to predict specificity were based on sequence
clustering (GLIPH2, tcrdist...) with already annotated TCR. Since then, two things
changed. First, single-cell studies became much more affordable, with the possibility of
coupling dextramers to explore the specificity along with transcriptome (Boutet et al.,
2019). This has been greatly popularised with COVID-19 studies, looking for SARS-
CoV2 specificities. Second major advance arrived with new deep learning approaches.
Previous distance-based methods were somewhat simple, and intelligible, but required a
lot of knowledge to bring something. Indeed, models were based on observed data and
knowledge of the mechanisms lying behind TCR recognition. On the other hand, deep
learning requires data and self-trains itself. This method can be called intuitive, as it does
not require prior knowledge of the topic: the model finds by itself the best weight and
parameters. This intuitive reasoning can be at the cost of transparency, as this type of
black-box models is unable to justify mechanistic basis of its predictions (Yeo and
Selvarajoo, 2022). This accelerated the process of developing new prediction tools and

allowed to a large panel of new approaches to be published in the last years.

The absence of consensual dataset or requirement to publish TCR specificity
prediction methods have led to a prolific publishing, with dozens of papers and preprint
in the last 3 years dedicated to this topic. Although competition is always the better
alternative, this multiplicity of poorly designed, or biased comparisons?, is a tedious
work. Indeed, authors that compare their method to outdated or irrelevant tools, or use
interesting metrics for their benchmark can be deemed unfair. This feeling is shared by

other researchers, which decided to take action. A community driven effort to benchmark

3 Meysman et al. (2023) note that “[It is a] commonly accepted phenomenon that a method will
always score best when applied by its own authors and on the data set in the paper where it is
introduced”
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23 methods original and published has been carried on (Meysman et al., 2023) to
determine the good practices to observe when developing TCR prediction tools. This
work could define the different advantages and weakness of some methods. However,
authors noted how this remains largely insufficient, because of 1) the multiplicity of tools
published in the literature and ii) the lack of accessible code or tunability of tools. Several
issues were raised by this community study, notably the lack of benchmark datasets,
which become necessary with the current surge of prediction tools, along with the
training data issue. These issues, and notably the negative data bias, need to be addressed
as it stirs controversy in high impact journals (Dens et al., 2023; Gao et al., 2023b,

2023a).

In a few words, negative data bias is the fundamental flaw that lies in TCR
specificity modelling. To build a TCR model, you need both positive and negative labels,
and a continuous metric to assess the response (binding strength, interferon production,
or any other biological output). The TCR repertoire however, possess this powerful
property to be highly cross-reactive, with estimates of a single TCR being able to
recognise 10° peptides (Mason, 1998). Hence, except in rare demonstration of a large
cross-reactivity of T cells (Quiniou et al., 2023; Verhoeven et al., 2008), usually authors
that indicate that TCR X does bind to epitope /, did not test whether or not this TCR
could bind to other epitopes. If they did test it, and the TCR did not bind, it would often
go unreported as the protocol would focus on binding-positive cells. This happens in cell-
sorting studies, where labs would only sequence (or report) tetramer positive cells, or in
antigen stimulation protocols where T cells that do not recognise the antigen do not
survive or get outnumbered. Moreover, single-chain (a or ) would often be reported as
“specific” although their association with their complementary chain might define their
specificity. Hong et al showed how pairing of aff TCR was critical, as screening of a 6
TCRa paired to 6 TCRp chains would yield a responsive TCR in 5/36 combinations
(Hong et al., 2022). These results should be compared to those of Quiniou and colleagues
which showed how in some cases, TCRf was the main contributor to specificity, with 1
B chain paired with 131 different a, was able to bind different viruses (Quiniou et al.,
2023), with the a chain fine tuning the binding strength to some epitopes. These

observations have been confirmed by multiple TCR-epitope specificity prediction tools
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that found better results when having pairing information than just o or § chain (Jokinen
et al., 2022). These data demonstrate how we should remain cautious about reported

specificity, and experimentally confirm it when possible.

4.4 SO, WHAT IS NEXT FOR CIRCULATING T CELLS SCREENING?

4.4.1 The circulating repertoire as biomarker

Using circulating T cells as a biomarker, or a proxy of a tissue-specific response,
is however a powerful idea that has been formulated and investigated through cytometry
(Blum and Pabst, 2007; Westermann and Pabst, 1990). Indeed, one could draw a parallel
with circulating antibodies levels screening in patients to circulating T cells, as they are
all immunoglobulins after all. However, as opposed to antibodies, which are circulating

proteins, T cells are cells with a complete set of functions and cover much more potential.

Circulating repertoire has been harnessed in multiple contexts to monitor patient
health. In advanced lung cancer patient, circulating  repertoire could predict prognosis
of patients (Liu et al., 2019). Same results were obtained for renal cell carcinoma (Guo
et al., 2020), but the repertoire was not different from healthy volunteers in ovarian
cancer (R. O. Emerson et al., 2013) or pancreatic cancer (Bai et al., 2015). T cell diversity
in peripheral blood has been used to predict patient’s response to personalised treatment
with neoantigen therapy and anti-PD1 (Bortone et al., 2021; Poran et al., 2020), anti-
CTLA4 (Postow et al., 2015) or anti-neoantigen (Kansy et al., 2018). More recently,
circulating CDR3 repertoire was used to detect high grade serous ovarian cancer before

conventional diagnostic (X. Yu et al., 2023, preprint)

Although cancer studies provides a large spectrum of applications, similar studies
were performed in autoimmune context such as type 1 diabetes (Tong et al., 2016),
systemic lupus erythematosus (Thapa et al., 2015), multiple sclerosis (Amoriello et al.,
2021), or cardiovascular diseases such as acute myocardial infarction or unstable angina

(Sudong Liu et al., 2020) or ischemic heart failure (Tang et al., 2019).
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All of these studies however have low impact, due to their incapacity to draw a
clear link between T cells and either 1) function or ii) specificity of T cells. Studies that
can do both have a much better impact. This is the case for the lab that designed GLIPH2
and used their knowledge to infer disease progression following Mycobacterium
tuberculosis infection based on blood sampling, by looking at clusters of T cells

associated with previously published Mtb antigens (Musvosvi et al., 2023).

This kind of work, which does not only rely on sequencing data, but can confidently
associate TCR with specificity, function, and predict the progression of multifactorial
diseases, are probably the high impact papers of the future. However, such studies are
costly, as they require a lot of input data to accurately identify sometimes subtle
signatures. The recent partnership between Adaptive Biotechnologies and Microsoft to
provide this very type of patient diagnostic, with the aim of monitoring patient health
through peripheral blood sampling and TCR sequencing, confirms the growing interest

of large pharma players to the “niche” field that is T cell repertoire analysis.

4.4.2 Bulk TCR sequencing: has the ship sailed?

Massive sequencing has revolutionised the T cell repertoire field. Nonetheless, this
paradigm is quickly changing; multimodal studies, previously requiring consequent
amounts of money and input data, has been completely revamped by single-cell
technologies. With one experiment, you can now have access simultaneously to
transcriptome, epigenetic modifications (Kakaradov et al., 2017), surface molecules
expression, proteome (Specht et al., 2021) and epitope binding (Son et al., 2021). From
this, you can infer MHC allelic information (Darby et al., 2020), single-nucleotide
variants (Schnepp et al., 2019) or T cell activation (Deering et al., 2023). This can be
coupled with spatial information of dissected tissues (Liu et al., 2022) and multiple
timepoints (Yang et al., 2021). Their obvious limitation for whole blood screening, apart
from affordability, is the low number of cells that can be simultaneously sequenced. With
only thousands or tens of thousands of cells per experiment that can be recovered, this
remains largely inefficient to accurately sample subtle differences in blood, where there
is typically 1 x 10° T cells per mL. Thus, exploring T cell diversity in single-cell
experiments through entropy measures or similarity indices could generate inaccurate

results. Repetitive sampling of 10 000 most abundant circulating TCR clonotypes in bulk
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sequencing showed that 1 sample captured 75% of top clonotypes from a pool of 10
replicates (Simon et al., 2018). Models of rarefaction have shown that 1 x 10> T cells
could accurately represent the richness and evenness of a 10° bigger repertoire, but
uncertainty remains on how representative a 10°> TCR repertoire could be of circulating

blood, which is estimated to contain more than 10'° T cells (Clark et al., 1999).

Although bulk TCR does not offer the multidimensional possibilities of single-cell,
interesting approaches were employed that went tangent from the classical V-CDR3-J
paradigm. Exploring the hypothesis that immunogenicity of certain self-antigens could
be encoded in the T cell genes, several studies have demonstrated how some TRBV were
poised for autoimmunity. TRBV polymorphisms were identified in immune-related
adverse events during checkpoint blockade immunotherapy (Khan et al., 2019; Stephen
et al., 2023), diabetes onset (Pierce et al., 2013), and variability of susceptibility to
Epstein-Barr virus infection (Gras et al., 2010). Although these polymorphisms were not
identified in previous GWAS studies on cardiac infarction, they probably flew under the
radar due to the poor annotation of those genes. Indeed, immunoglobulins are highly
polymorphic and poorly annotated (Lees et al., 2023; Omer et al., 2022). Despite the
massive work of IMGT, we have mentioned a few issues of solely relying on their work
(see 1.1.2). To this extent, the AIRR consortium launched the Open Germline Receptor
Database (OGRDB), a curated database dedicated to list all known alleles, focused on
documenting less studied populations (Collins et al., preprint). Although it is unlikely
that TCR genes polymorphisms could be the sole driver for myocardial repair, it could

be used to further stratify patients or identify outliers in the repair.

4.4.3 A bright future for paired-end bulk sequencing?

As we have covered so far in this introduction, the weakness of TCR diagnostic
predictions can be due to unpaired TCRaf bulk sequencing (see 4.3), paucity of literature
about reported specificities of TCRs (see 4.2.2 and 4.3), and the limited throughput of
single-cell methods along with their prohibitive price (see 4.4.2).

Single-cell sequencing focusing only on TCR reads could offer a seducing
compromise between high throughput and paired aff chains (DeKosky et al., 2015;
McDaniel et al., 2016). Technology is already ready and mature for efficient single cell
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encapsulation (Zheng et al., 2017) and unique barcoding of a large number of cells (>
107) has already been proposed several years ago (Bhang et al., 2015). Single-cell
barcoding for targeted TCR sequencing could also offer efficient counting, as reads
would be identified with unique cell identifier and not unique molecular identifiers
(although both techniques could be combined).The large number of unique barcodes
(>10'8 for a 30bp-long sequence) allows robust multiplexing without barcode collusion
(Smith et al., 2017). Improvement of the current inDrop approach* (Klein et al., 2015)
allows the fast preparation of 10° cells in a couple of hours (Juzenas et al., 2023,
preprint). The development of these methods has been ported to commercial use for large
public. Omniscope OS-T technology (Omniscope) offers a 1 x 10° single-cell TCR
sequencing, without transcriptome (Nadeu et al., 2022). It uses RNA reverse

transcription and multiplex PCR, along with UML.

Other methods relying on single-cell tracking through creative use of TdT to
individually track cell fate at the genomic level as also been recently proposed, although
it is limited by the murine model used (Li et al., 2023). For spatial tracking of T cells in
biopsies, molecular barcoding with photon emission (Light-seq) has been developed,
which could be useful to dissect T cell repertoires distribution in cardiac infiltrates (Kishi

etal., 2022)

Large-scale single-cell TCR sequencing would not only bring better understanding,
but also more accurate information of T cells. The precise unique cell identifiers would
be superior to UMI for quantifying clonality, which provides better assessment of T cell
diversity. The pairing of full-length aff chains along with HLA information will pave
new ways to screen epitope banks with unprecedented precision. As previously
emphasised, it is imperative not to overlook the preliminary cell-sorting step in this
context. The comprehensive characterisation of cells requires the consideration of both
their phenotypical and functional attributes. Notably, sorting of cells into main
compartments, such as CD4/CD8 and effector/regulator subsets, proves indispensable to
prevent the pitfalls of failing to infer specificity effectively. This higher throughput
coupled with new TCR-pMHC modelling strategies coming from artificial intelligence

4 from which the 10X Chromium (10X Genomics) is based on
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breakthrough (Bradley, 2023; Jokinen et al., 2022) are likely to be the new disruptive

innovation in T cell repertoire analysis.
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ABSTRACT

Modelling the T-cell repertoires of circulating T-cells and its application in
cardiovascular diseases

Cardiovascular diseases (CVD) are the leading cause of mortality in Europe, surpassing various
cancers, and are a major current public health concern. The immune system is involved in the
actiology of these diseases. Among the many components of the immune system, T lymphocytes
play a predominant role in the development, progression, or tissue repair of CVD. T lymphocytes
carry out their function following their activation, which is determined by their ability to
specifically recognise proteins or antigens, whether they are exogenous, such as those from
pathogens or allergens, or endogenous, such as those from physiological cell renewal or tumour
cells. This recognition is mediated by a specific receptor called the TCR, which stands for T-cell
receptor. Unlike most genes, the TCR is generated through a random somatic recombination
process involving around a hundred genes belonging to three major families: V for Variable, D
for Diversity, and J for Junction. This unique mechanism, particular to genes encoding antigen-
specific receptors, takes place in the thymus during the development and differentiation of T
lymphocytes and results in the production of several billion different TCRs in an individual. This
diversity forms the TCR repertoire and provides each individual with the ability to recognize any
antigen, whether exogenous or endogenous, and initiate an immune response. Therefore, the TCR
repertoire is shaped throughout an individual's life depending on variable and successive
exposures to the antigenic environment they encounter.

In the context of my thesis, my goal was to assess the connection between the composition of the
TCR repertoire and its dynamics with the development and progression of cardiovascular
diseases.

First, I evaluated the reliability of sequencing technologies that allow for a detailed analysis of
the TCR repertoire's composition through the quantification of sequences from thousands of
TCRs. During this work, I developed a quality control tool that enabled me to identify a
contamination phenomenon related to the sequencing platform utilizing the exclusion
amplification technology and devised an algorithm for data detection and decontamination.
Furthermore, I characterized the TCR repertoire in different cardiovascular disease (MCV)
situations. Through a national collaboration, I characterized the circulating TCR repertoire in
paediatric cases of multisystem inflammatory syndrome following COVID-19. This study was
fundamental in confirming the remote superantigen effect of a Sars-CoV2 infection and
demonstrating the relevance of TCR sequencing data in addition to clinical observations for
diagnostic assistance. In an international collaboration, we had access to blood samples from
patients who had experienced a myocardial infarction. The aim of my work was to identify, from
the TCRs in these patients' blood, a set of TCRs capable of predicting cardiac repair in these
patients. These efforts demonstrated the feasibility of a method to identify a TCR signature
distinguishing good from poor repairers.

Finally, in a second cohort of myocardial infarction patients, I explored the relevance of network
analysis of TCRs for low-coverage sequencing data. These studies showed that the signatures
associated with cardiac repair prognosis were not linked to TCRs known for cardiac specificity.
Collectively, these results have helped to better define the possibilities that massive TCR
sequencing can offer in the context of cardiovascular diseases.

Keywords : Cardiovascular diseases (CVD), T-cell receptor, T cell repertoire,
myocardial infarction, Sars-CoV-2
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Modélisation des répertoires des lymphocytes T circulants et son application
aux maladies cardiovasculaires

Les maladies cardio-vasculaires MCV représentent la premiére cause de mortalité¢ en Europe,
devant les différents cancers, et sont un enjeu actuel majeur de santé publique. Le systéme
immunitaire est impliqué dans 1’étiologie de ces maladies. Parmi les nombreux acteurs du
systéme immunitaire, les lymphocytes T jouent un réle prépondérant dans I’établissement de ces
maladies, leur progression ou la réparation des tissus endommagés. Les lymphocytes T exercent
leur fonction suite a leur activation déterminée par leur capacité a reconnaitre de manicre
spécifique des protéines, ou antigénes, soit exogenes, issues par exemple de pathogénes,
allergénes, ou endogenes issues par exemple du renouvellement physiologique cellulaire ou de
cellules tumorales. Cette reconnaissance est opérée par un récepteur particulier, appelé le TCR
pour T-cell receptor. Contrairement a la majorité des geénes, le TCR est généré par un processus
de recombinaison somatique aléatoire entre une centaine de génes appartenant a trois grandes
familles : V, pour Variable, D pour Diversité et J pour Jonction. Ce mécanisme, unique aux génes
codant pour les récepteurs spécifiques d’antigénes, a lieu dans le thymus, au cours du
développement et de la différenciation des lymphocytes T et conduit a la production de plusieurs
milliards de TCR différents chez un individu. Cette diversité forme le répertoire TCR et confére
a chaque individu la capacité de reconnaitre tout antigéne, exogeéne ou endogeéne, et de mettre en
ceuvre une réponse immunitaire. Ainsi, le répertoire TCR va étre fagonné tout au long de la vie
d’un individu au gré des expositions variables et/ou successives a I’environnement antigénique
auquel il se confronte.

Dans le cadre de ma thése, j’avais pour objectif d’évaluer quel pouvait étre le lien entre la
composition du répertoire TCR et sa dynamique avec le développement et la progression s
maladies cardio-vasculaires.

D’une part, j’ai évalué la fiabilité des technologies de séquengage permettant I’analyse fine de la
composition du répertoire TCR au travers de la quantification des séquences de plusieurs milliers
de TCR. Au cours de ces travaux, j’ai développé un outil de contrdle qualité qui m’a permis
d’identifier un phénoméne de contamination dépendant de la gamme de séquenceur utilisant la
technologie d’amplification par exclusion, et de mettre au point un algorithme de détection et de
décontamination de nos données.

D’autre part, j’ai caractérisé le répertoire TCR dans différentes situations de MCV. Au travers
d’une collaboration nationale, j’ai caractéris¢ le répertoire TCR circulant de cas pédiatriques du
syndrome d’inflammation multiple survenus suite a la COVID-19. Cette étude a été
fondamentale pour confirmer 1’effet superantigéne a distance d’une infection au Sars-CoV2, et
de démontrer la pertinence des données de séquengage TCR en complément d’observations
cliniques pour 1’aide au diagnostic. Dans le cadre d’une collaboration internationale, nous avons
eu acces a des prélévements sanguins de patients ayant eu un infarctus du myocarde. L’objectif
de mes travaux était d’identifier, a partir des TCR du sang de ces patients, un ensemble de TCR
capables de prédire la réparation cardiaque chez ces patients. Ces travaux ont permis de
démontrer la faisabilité d’une méthode d’identification d’une signature de TCR distinguant les
bons des mauvais réparateurs.

Enfin, dans une seconde cohorte de patients ayant fait un infarctus du myocarde, j’ai exploré la
pertinence de I’analyse en réseau des TCR pour I’analyse de données de séquencage a faible
couverture. Ces travaux ont permis de montrer que les signatures associées au pronostic de
réparation cardiaques n’étaient pas liées a des TCR connus pour des spécificités cardiaques.
Ensemble, ces résultats ont permis de mieux délimiter les possibilités que peuvent apporter le
séquencage massif de TCR dans le contexte des maladies cardiovasculaires.

Mot-clés : Maladies cardiovasculaires (MCV), Répertoire TCR, infarctus du myocarde,
Sars-CoV-2
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