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Abstract (English) 

This research aimed to explore the complexities of antibody affinities of antibody-secreting cells 

(ASCs) in the context of both vaccination and autoimmune responses. 

The first aim was to characterize the ASC response to mRNA vaccination against SARS-CoV-2. 

The advent of novel mRNA vaccines to tackle the COVID-19 pandemic presented a unique 

opportunity to study a novel humoral B cell response post-immunization. We used a droplet 

microfluidic assay, DropMap, able to measure single cell antibody secretion and affinity towards 

antigen to characterize at high throughput the functional characteristics of ASCs in the weeks and 

months following mRNA vaccine administration, with a distinction made between individuals 

based on prior SARS-CoV-2 infection. Our characterization of the ASC response to mRNA 

vaccination against SARS-CoV-2 has provided valuable insights into how B cells respond to novel 

vaccines and affinity repertoires during human vaccination. 

The second aim was to measure the affinity repertoires of a non-natively secreting B cell 

population, memory B cells (Bmem), following mRNA vaccination against SARS-CoV-2. This 

involved characterizing the affinity repertoires of Bmem-derived antibodies towards numerous 

SARS-CoV-2 receptor-binding domain (RBD) variants by implementing a high throughput 

screening system based on biolayer interferometry (BLI) measurements. 

The third aim was to develop a novel technique (termed DropPick) for recovering cells of interest 

from DropMap. DropMap is a potent technique for direct identification of ASCs and affinity 

characterization. However, there is much more to be discerned from analyzing these cells of 

interest using additional methods, such as flow cytometry for phenotyping or B cell receptor 

sequencing for clonal analyses and re-expression.  

My thesis work has shown that after receiving the BNT162b2 vaccine targeting the Hu-1 SARS-

CoV-2 Spike protein, high-affinity plasmablasts were initially induced targeting both the Hu-1 and 

Omicron Spike RBD variants but exhibited a rapid decline. Surprisingly, plasmablasts with low 

affinity consistently constituted more than 65% of the specific plasmablast response at all observed 

time points. Our high throughput BLI affinity measurements on Bmem antibodies from similarly 

vaccinated individuals found high affinity clones against several RBD variants with signs of 

affinity maturation; comparing results between variants allowed for key antibody binding epitopes 

to be determined. Following this cohort of Bmem antibodies also found that viral evolution to the 

Omicron RBD variant resulted in a large evasion of Bmems mutated towards Hu-1 RBD with high 

affinity, with especially high evasion of potently Hu-1 and Beta neutralizing antibodies. In parallel, 

I have developed a system to label cells of interest using photoactivatable markers within DropMap 

and the technical platform to achieve targeted cell photoactivation by targeted UV illumination. 

This involved the creation of automated programs for DropMap assay real-time analyses as well 

as macro control of microscope utilities to deliver discrete illumination to droplets. I have also 

shown the ability for this workflow to yield a clear population by flow cytometry with up to 70% 

efficiency, with the potential for sorting and future downstream analyses. 

These results will aid ongoing efforts to understand the role of affinity in ASC responses and their 

immune contexts. Our data provide broad affinity repertoires that provide valuable functional 

insights into B cell responses to SARS-CoV-2 and mRNA vaccination. The development of the 

DropPick platform has shown the potential to further leverage these studies to collect molecular 

data from specific functional subsets. 
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Résumé (Français) 

Mon travail de thèse a consisté à explorer les répertoires d’affinités des anticorps produits par les

lymphocytes B humains durant la vaccination SARS-CoV-2. 

Objectif #1 : caractériser la réponse de cellules sécrétrices d’anticorps (ASC) à la vaccination par ARNm

contre le SARS-CoV-2. Les nouveaux vaccins à ARNm pour lutter contre la pandémie de COVID-19 a 

présenté une opportunité unique d’étudier une nouvelle réponse humorale des cellules B après 

immunisation. Nous avons utilisé une méthode microfluidique, DropMap, capable de mesurer la sécrétion 

d'anticorps et l'affinité envers l'antigène pour caractériser des ASC suite à l'administration du vaccin à 

ARNm. Cette analyse a fourni des informations précieuses sur la façon dont les cellules B répondent aux 

nouveaux vaccins et a permis de décrire des répertoires d'affinité de ASC humains suite à une vaccination. 

Objectif #2 : mesurer les répertoires d’affinité d’une population de cellules B non sécrétrétrices, les cellules

B mémoire (Bmem), après vaccination par ARNm contre le SARS-CoV-2. Ceci impliquait de caractériser 

les répertoires d'affinité des anticorps dérivés de Bmem envers de nombreuses variants du domaine de 

liaison au récepteur (RBD) du SARS-CoV-2 en mettant en œuvre un système de criblage à haut débit basé

sur des mesures d'interférométrie de biocouche. 

Objectif #3 : développer une technique (appelée DropPick) pour récupérer des cellules d'intérêt à partir des 

puces microfluidiques de la méthode DropMap. DropMap est une technique puissante pour l’identification

directe des ASC et la caractérisation de la spécificité et de l’affinité des anticorps qu’elles sécrètent. 

Beaucoup d’autres informations restent à obtenir en analysantes les cellules d’intérêt à l’aide de méthodes

supplémentaires, telles que la cytométrie en flux pour le phénotypage ou le séquençage des récepteurs des 

cellules B pour les analyses de clonalité et la réexpression sous forme d’anticorps recombinants. 

Mes travaux de thèse ont montré qu'après avoir reçu le vaccin BNT162b2, des ASC de haute affinité sont 

initialement induits ciblant à la fois les variants de RBD Hu-1 et Omicron, mais disparaissent rapidement. 

Les ASC de faible affinité représentaient systématiquement plus de 65% de la réponse spécifique des ASC. 

Nos mesures d’affinité sur les anticorps issus de Bmem provenant d’individus vaccinés ont révélé des

clones à haute affinité contre plusieurs variants de RBD et présentant une maturation d’affinité ; la 

comparaison des résultats entre les variants a permis de déterminer les épitopes clés de liaison aux anticorps. 

Grâce à cette collection d’anticorps provenant de Bmem, nous avons également découvert que l’évolution

virale vers le variant Omicron entraînait une évasion de Bmems mutés qui reconnaissaient Hu-1 RBD avec 

une affinité élevée, et avait un fort impact négatif sur des anticorps neutralisants puissants Hu-1 et Beta. 

J'ai développé un système pour marquer les cellules d'intérêt avec des marqueurs photoactivables au sein 

de DropMap et établit une plateforme pour réaliser une photoactivation cellulaire par illumination UV 

ciblée. Cela impliquait la création de programmes automatisés pour les analyses en temps réel du test 

DropMap ainsi que le contrôle macro des utilitaires du microscope pour fournir un éclairage discret aux 

gouttelettes. J'ai également montré la capacité de cette technique à sélectionner une population par 

cytométrie avec une efficacité jusqu'à 70% avec un potentiel de tri et de futures analyses en aval. 

Ces résultats contribueront aux efforts en cours pour comprendre le rôle de l’affinité dans les réponses ASC

en vaccinologie. Nos larges répertoires d’affinité fournissent des informations fonctionnelles précieuses sur

les réponses des cellules B à la vaccination contre le SARS-CoV-2. La plateforme DropPick démontrera 

prochainement son potentiel à associer des données moléculaires de cellules uniques à des sous-ensembles 

fonctionnels spécifiques déterminés par DropMap.  
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INTRODUCTION 

What are antibodies? 

Antibodies, formally referred to as immunoglobulins (Ig), are highly variable proteins that play a 

key role in the immune system. Antibodies are assembled from 2 types of polypeptide chains, 

termed heavy and light chains, which are connected by disulphide bonds. Heavy-light chain pairs 

then form additional disulphide bonds between each other to ultimately form a Y-shaped base 

molecule1,2. The heavy chain determines the antibody class (IgG, IgM, IgA, etc.) through the 

nature of its end constant region, which determines how the antibody interacts with its environment 

and other heavy-light chain pairs to form complex multi-pair structures. Light chains contribute to 

the diversity of antibodies together with the heavy chain.  

Heavy and light chains can both be divided into variable and constant regions, with the former 

primarily responsible for enabling binding of the antibody to a target and the latter providing 

structure and a means for environmental signalling3.  Interestingly, the constant and variable 

regions of antibody chains do not act independently and influence each other through 

conformational changes4. Antibody variability is achieved through the selection of diverse 

segments from multiple sets of available genes encoding the variable regions of heavy and light 

chains. The variability in the antigen-binding site within the variable region is generated through 

a process known as V(D)J recombination, where different gene segments are combined during B 

cell development. This variability allows the immune system to generate a wide range of 

antibodies, each with a unique ability to recognize a specific antigen. Antigens can be defined as 

any structure capable of being bound by an antibody, with the specific site of recognition being 

called the epitope; an antigen may have one or more epitopes. 

The Ig heavy chain gene is composed of multiple gene segments that encode for variable (V), 

diversity (D), and joining (J) regions. There are multiple copies of each gene segment with unique 

base-pair variations, allowing for approximately 1011 combinations, although most combinations 

are non-productive, so the true diversity is estimated to be ~107 antibodies5. V(D)J recombination 

is initiated by the activation-induced cytidine deaminase (AID) enzyme, which deaminates 

cytidine residues in the DNA to then introduce single-stranded DNA breaks6. Breaks are 

introduced at ends of selected V, D, and J gene segments, with the intermediate DNA removed to 

allow for the selected VDJ segments to be directly joined. The single-stranded breaks are then 



 

11 

 

repaired by the non-homologous end joining (NHEJ) pathway, which imprecisely joins the ends 

of the gene segments together for added “junctional” diversity. The recombined Ig heavy chain

genes are then subject to a process of selection to ensure the proper folding and function of the 

antibody; this selection process involves the elimination of cells with abnormal Ig heavy chain 

genes. Light chain generation follows similar processes of recombination, however light chain 

gene segments are split across multiple loci and gene families (Kappa and Lambda). Despite the 

apparent diversity of light chain gene segments, public clonotypes constitute the majority of human 

kappa and lambda light chain repertoires7,8. Additionally, certain antigens have been shown to be 

significantly biased towards kappa or lambda light chain antibodies9. 

 

Figure 1  Overview of immunoglobulin structure. (A) Different immunoglobulin isotypes, with heavy chain 

designation H = heavy chain name. (B) Subunits and domains of an immunoglobulin. (Taken from Wu and 

Song, 2022)10. 

Despite being referred to as constant, the constant region of antibody heavy chains also undergoes 

several transformative processes to tailor the antibodies’ function. Antibody class switching refers 

to the process by which B cells change the class of immunoglobulin they produce11, involving the 

deletion and recombination of constant gene segments, leading to the expression of a different 

heavy chain. Class switching occurs after B cells have been activated and expanded in response to 

an antigen. Class switching is regulated by signaling pathways activated by antigen binding, 

cytokines, and receptor engagement with T cells and other immune cells. The primary signaling 

pathway involved is the CD40L-CD40 pathway, where CD40L on activated T cells binds to CD40 

on B cells and enables isotype switching; other cytokines and signaling pathways, such as IL-4 
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and TGF-β, also play a role in regulating class switching12. The timing of class switching is critical 

and is influenced by several factors, including the nature of the antigen, the stage of the immune 

response, and the presence of other cytokines and their signaling pathways. Class switching 

ultimately allows for tailoring of the antibody response to the encountered antigen and is essential 

for generating a robust and effective immune response to a wide range of antigens. 

IgM is the first Ig isotype produced by B cells in response to an antigen and is the largest Ig 

molecule. It is highly effective in neutralizing pathogens but is less effective in penetrating tissues 

compared to other isotypes. IgG is the most abundant Ig isotype in the blood and is the main 

antibody involved in secondary immune responses13. It has a long half-life and can penetrate 

tissues, making it effective in neutralizing pathogens in a variety of tissues and organs. IgA is the 

main Ig isotype found in mucosal secretions, such as saliva, tears, and breast milk. It provides 

protection against pathogens at mucosal surfaces and is involved in regulating local immune 

responses. IgD is found early in small amounts on the surface of B cells and plays a role in the 

initiation of immune responses, in conjunction with IgM. IgD also contributes to mucosal 

immunity when secreted by IgD plasma cells that have gone through a non-classical CSR 

pathway14. The evolutionary conservation of IgD and its unique features when secreted, including 

lambda (λ) light chain bias and elongation in the antigen binding site, suggest a key role in 

regulation of commensals and protection from pathogenic microbes15. IgE is involved in allergic 

reactions and is the main antibody involved in immediate hypersensitivity reactions, binding to 

allergens and triggering the release of inflammatory mediators from mast cells and basophils. 

Importantly, the changing of isotype from IgM or IgD to IgG, IgE, and IgA likely introduces 

changes to signaling behavior as a B cell receptor (BCR) via elongated intracellular domains, with 

elevated basal activity reported particularly for IgG and IgE16. 

Antigen binding by antibodies is performed by the antigen-binding site, formed by the variable 

regions of heavy and light chains, and contains three complementarity determining regions 

(CDRs), which are the most variable regions of the antibody17. These CDRs are particularly 

responsible for forming the specific shape and charge that allows the antibody to bind to the 

antigen, by interacting with specific residues on the epitope to yield hydrogen bonds and 

hydrophobic interactions. This interaction stabilizes the binding between the antibody and the 

epitope. The CDR3 is especially notable for having increased diversity, due to D gene inclusion in 
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heavy chains and junctional mutations from joining to both V and J segments and is often 

considered to largely determine specificity18. The strength of the interaction between the antibody 

and the epitope is known as the affinity of the binding, which is influenced by the specificity and 

stability of the non-covalent interactions between antibody and epitope. The presence of aromatic 

amino acids within the antigen binding site aids particularly in shape complementarity selection. 

Who makes antibodies? 

B cell development and maturation 

B cells are components of the adaptive immune system that are uniquely capable of producing 

antibodies19,20. The bone marrow is the primary site of B cell development, where hematopoietic 

stem cells (HSCs) differentiate into B cells through a series of well-defined stages. The process of 

B cell maturation and selection in the bone marrow is a tightly regulated process that involves a 

complex network of transcription factors and signaling pathways.  

B cell development in the bone marrow can be divided into several stages based on the expression 

of specific surface markers and the rearrangement of the immunoglobulin (Ig) genes21. These 

stages include the pro-B, pre-B, and immature B cell stages. B cell development begins with the 

commitment of HSCs to the B cell lineage in the bone marrow. The earliest B cell progenitors are 

known as pro-B cells, which are largely controlled by the early B cell factor 1 (EBF1) essential for 

the expression of other transcription factors required for B cell development such as Pax5, Ikaros, 

and E2A. Pro-B cells may be subdivided into early and late cells according to their stage of heavy 

chain formation, with D-J joining occurring in the former and V-DJ joining marking the latter. 

The next stage of B cell development is the pre-B cell stage, which is characterized by the 

expression of the pre-B cell receptor (pre-BCR). The pre-BCR is composed of a surrogate light 

chain (VpreB and lambda5) and a rearranged heavy chain (μ), which are co-expressed on the cell 

surface. The pre-BCR plays a critical role in B cell development by promoting proliferation and 

survival of pre-B cells and initiating the process of Ig gene rearrangement22. The expression of the 

pre-BCR is regulated by several transcription factors, including Pax5, E2A, and the recombination-

activating genes (RAG1/2), which mediate Ig gene rearrangement23. 

Following successful Ig gene rearrangement, pre-B cells differentiate into immature B cells, which 

express IgM on the cell surface. Immature B cells are still undergoing final stages of development 
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and are not yet fully functional. At this stage, B cells are subject to negative selection, a process 

that eliminates autoreactive B cells and ensures self-tolerance. In this process, B cells that express 

a high-affinity B cell receptor for self-antigens undergo apoptosis or receptor editing to change 

their specificity.. Immature B cells that express high levels of self-reactive IgM are deleted by 

apoptosis through a process known as clonal deletion, whereas immature B cells that express lower 

levels of self-reactive IgM undergo receptor editing, a process that modifies the Ig genes to reduce 

self-reactivity24. 

B cell activation and clonal expansion 

Mature naïve B cells in the periphery consist of follicular B cells and marginal zone (MZ) B cells 

located within secondary lymphoid organs (SLO) and B-1 B cells that may be found throughout 

the body but especially at mucosal boundaries25. The proximity of MZ B cells and B-1 B cells to 

boundaries and high flux areas allows them to directly encounter and respond to blood-borne and 

environmental pathogens, for which these B cell types are specialized. MZ B cells and B-1 B cells 

are capable of responding directly to antigens, thereby classified as T cell-independent antigens, 

which share considerable overlap with the pathogen-associated molecular patterns recognized by 

the innate immune system; coactivation of TLR is a key feature of the T-cell independent response. 

The result of T cell-independent antigen exposure is the rapid generation of IgM+ and IgA+ 

antibody secreting cells (ASCs), which secrete lower affinity, germline encoded antibodies and 

are shorter lived26. B-1 cells are also responsible for producing natural antibodies (natAbs), which 

are predominantly IgM and polyreactive; polyreactivity is distinct from cross-reactivity as the 

former concerns the ability to bind multiple unrelated epitopes that may often be of self-origin27. 

Importantly, natAb secretion is not primarily antigen or infection driven and rather is constitutively 

secreted by B-1 cells at low levels. NatAbs from B-1 cells form an immediate, broad form of 

defense that has been shown to significantly affect early pathogen replication and survival 

outcomes28,29. 

The alternative means of initiating a B cell response and ASC differentiation is through T cell-

dependent antigens characterized through two stages, an immediate extrafollicular (EF) response 

and a later developing germinal center (GC) mediated response (Figure 2). Binding of the BCR to 

either soluble antigen or antigen displayed by antigen presenting cells (APCs), as well as the 
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influence of stimulatory cytokines secreted by other responding immune cells, activates B cells 

and drives them to migrate towards T-cell rich zones of SLOs. Stimulation of activated B cells by  

 

Figure 2 Phases of the T-dependent B cell response. T-dependent B cell activation begins with the 

recognition of antigens by membrane-bound B cell receptors (BCR) on the B cell surface. These antigens 

can also be internalized, processed, and presented as peptide-MHC-II complexes. A T helper (TH) cell then 

recognizes this complex via its T cell receptor (TCR), and this interaction is facilitated by costimulatory 

molecules like CD28. Following this interaction, the TH cell expresses CD40 ligand (CD40L), which 

interacts with CD40 on the B cell, providing a crucial second signal for B cell activation. After receiving 

these signals, the B cell is activated and rapidly proliferates, producing many cells carrying the same antigen 

receptor. These cells then differentiate into effector cells that defend the body and memory cells that provide 

long-term immunity. Some cells continue to proliferate and undergo somatic hypermutation, forming a 

germinal center (GC). The newly mutated GC B cells move from the proliferative dark zone towards the 
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light zone containing antigen and T cells. In the light zone, GC B cells compete for stimulatory input from 

antigen and T follicular helper cells, which selects higher affinity B cell clones. Surviving clones 

differentiate into memory B cells or plasma cells or can re-enter the GC process. (Taken from Akkaya et 

al, 2020)30. 

 

cognate T helper cells through CD40 and CD40L interaction, IL-4, and IL21, promotes activated 

B cell proliferation and further differentiation. Activation at this stage also promotes class switch 

recombination, in which the Ig isotype is changed from IgM or IgD to either IgG, IgE, or IgA 

depending on the nature of the antigen and elicited cytokine environment31. The EF and GC 

responses then deviate with a portion of activated cells migrating away to form extrafollicular 

foci centered around CD11chigh dendritic cells (DCs), which are heterogeneous in their 

recruitment of CD4+ T cells32,33. EF activated B cells are notable for their elevated propensity for 

ASC differentiation and produce the majority of antibodies during the early days of antigen 

encounters34. 

The activated B cells that remain in contact with T cells proliferate extensively and are joined by 

T follicular helper cells (Tfh) and follicular dendritic cells to form a complex cellular structure, 

the germinal center. The primary purpose of the GC is to drive clonal evolution to obtain higher 

affinity antibodies through somatic hypermutation (SHM). Notably, GCs are not structures 

expressly intended for the mass production of B cells, as once the GC reaches maturity there is 

minimal further expansion despite a consistent rate of proliferation35; instead, GCs represent 

regions of net cell death as clones are aggressively modified and selected on the basis of affinity. 

Affinity maturation within the GC begins with clonal expansion in the GC dark zone marked by 

SHM, which introduces mutations within the variable region encoding genes of the BCR; these 

mutations are intended to yield subtle alterations in the antigen binding site of the antibody to 

improve affinity. GC B cells then migrate to the light zone, where they encounter APCs, including 

follicular DCs and macrophages, and Tfh cells that provide stimulatory signals to GC B cells 

bearing antigen30. Two models for affinity selection have been formulated, based on the 

competition for either antigen binding or Tfh cell help. Ultimately these models compare the 

relative decisiveness between BCR-linked activation and Tfh costimulatory help for GC B cell 

survival, with both inputs evidently necessary for efficient and robust GC selection but Tfh input 

acting as the limiting factor36. 
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A key aspect of affinity maturation that is often overlooked is the biomechanical basis for affinity 

sensing; how B cell clones of differing affinity may be differentiated by Tfh cells to selectively 

promote proliferation of the fittest clones (Figure 3)30.  

 

Figure 3 Antigen affinity discrimination by germinal center B cells. (1-2) When antigen is bound by 

germinal center (GC) B cells, B cell receptors (BCR) are concentrated onto actin rich extensions of the cell. 

(3-5) Myosin then engages with actin to deform the immune synapse. (6-7) Once sufficient force has been 

exerted, the antigen and associated membrane are captured by the GC B cell and internalized. Taken from 

Akkaya et al (2019) 30. 

GC B cells migrating towards Tfh cells encounter antigen on the surfaces of APCs and bind the 

antigens if specific; a lack of binding quickly discards the GC clones that underwent deleterious 

changes during SHM. Upon sensing antigen-BCR binding, the cytoskeleton of the GC B cell 

retracts the binding region of its membrane until the antigen is ripped away from the APC, at which 

point the GC B cell is now able to use these “stolen” antigens to obtain stimulation from cognate

Tfh cells. Higher affinity binding interactions are more stable and successfully capture more APC 

bound antigens before reaching Tfh cells37,38. However, a potential criticism of this model is that 

the mechanical differences between medium, high, and very high affinity interactions are not 

entirely clear and may not be sufficient to separate these groups in vivo. Differences in the 

expression of supporting receptors (VLA4) available to stabilize immune complex formation has 

been proposed to regulate the ease of antigen binding and tearing39. However, it is unclear how 

this regulation may evolve during the GC reaction and the full diversity of this regulatory axis in 

vivo. Despite this model for membrane-associated antigens, the mechanism of affinity 

discrimination for largely soluble antigens remains poorly understood. 
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The outcomes of GC B cells migration through the light zone include the exit of the cell from the 

GC to differentiate into a memory B cell (Bmem) or a plasmablast (PB), the rejoining of the GC 

selection cycle via the dark zone (approximately 30% of GC B cells)40, or apoptosis due to 

insufficient survival signal input. Notably, in a murine immunization model it has been reported 

that GC reactions appear biased towards generation of Bmems during the first week of the immune 

response before transitioning to PB production41; this temporal switch has been linked to division 

mediated changes in B cell transcriptional programs causing a favoring of ASC differentiation. 

However, this model has been recently challenged by a murine influenza infection model that 

showed sustained, concurrent output of PBs and Bmems by GCs for at least 28 days after 

infection42. 

Differentiation into Antibody-secreting cells 

Antibody secreting cells (ASCs) are terminally differentiated B cells with a transcriptional profile 

distinct from other B cell subsets, with the primary purpose of secreting large quantities of their 

antibodies. ASCs are phenotypically divided between plasmablasts (PB) and plasma cells (PC), 

with the former consisting of recently activated and selected B cells with a short intrinsic life span 

and the latter representing plasmablasts that successfully home to survival niches and generate 

long lasting humoral immune memory43. Plasmablasts and plasma cells also differ in their 

metabolic pathways to sustain antibody production and whether they can proliferate or are post-

mitotic, respectively. 

Transcriptional regulation of ASC differentiation 

B cells arriving at the point of ASC differentiation must undergo a substantial transition from the 

B cell transcriptional program to the ASC program, which both intrinsically suppress the 

emergence of the other. B cells are distinguished by the expression of PAX5, BCL-6, BACH2, and 

OBF1, as well as other factors, which are responsible for coordinating genes related to Ig 

expression and sequence maturation (CSR, SHM)44 and repression of ASC program factors45. The 

ASC transcriptional program is predominantly driven by the BLIMP1, IRF4, and XBP1 

transcription factors (Figure 4). BLIMP1 is considered the most accurate transcription marker for 

identifying ASCs46, with higher levels of expression often distinguishing plasma cells from 

plasmablasts. BLIMP1 is responsible for repressing many major B cell program transcription 

factors, although the full physiology of BLIMP1 is not well understood. BLIMP1 does not appear 
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to be responsible for initiating the ASC differentiation pathway but rather reinforcing and 

solidifying the ASC fate, particularly through repression of B cell genes47. Notably, BLIMP1 

expression has been reported to be differently regulated between TLR- or BCR-mediated 

activation, which suggests altered differentiation capacities towards T cell independent or 

dependent antigens, respectively48. IRF4 regulates both the B cell and ASC transcriptional 

programs in a dose-dependent manner, as low concentrations promote PAX5 expression and 

influence Ig loci and higher concentrations result in BLIMP1 activation and downregulation of 

BCL6 expression. IRF4 is similarly useful for identifying ASCs49. Finally, XBP1 is responsible 

for scaling the cell’s capacity for protein synthesis and secretion50, though loss of XBP1 can be 

compensated for and the factor is not integral to differentiation51. 

 

Figure 4 Major transcriptional regulators of late B cell differentiation. (Taken from Nutt et al, 2015)47. 

Fate commitment to ASC differentiation 

Several models have been proposed to reconcile how the various outcomes of B cell differentiation 

towards the ASC phenotype are coordinated47. The mechanism by which a B cell commits to the 
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ASC transcriptional program appears to rely heavily on cell division to regulate differentiation. 

Both the frequencies of CSR events and ASC differentiation have been demonstrated to correlate 

with the number of cell divisions52,53. Extrinsic stimulatory drivers of B cells are considered to 

exert the predominant deterministic influence on ASC differentiation. Several lines of evidence 

suggest this to be the case, including observations that antigen availability, contact with Tfh cells, 

and antibody affinity positively correlate with ASC differentiation54–56. Further, strong antigen 

mediated stimulation (BCR/Tfh cell mediated) of GC B cells has been directly linked to 

disinhibition of IRF4 activity, enabling BLIMP1 expression and ASC differentiation57. Alternative 

models have also been proposed that place greater importance towards intrinsic regulation of ASC 

commitment, including asymmetric divisions58, programmed series of transcriptional shifts across 

divisions54,59, or internal competition between transcriptional programs. This final stochastic 

model posits that the outcomes of B cell differentiation (division, death, CSR, and ASC 

commitment) have different yet relatively stable probabilities of occurring after any one division, 

which with sufficient cell divisions yields satisfactory quantities of ASCs with varying isotypes 

while still supplying cells to the evolving B cell response60,61. There are numerous means by which 

these various models may be reconciled, however precisely specifying how each mechanism 

contributes to various contexts remains an unanswered topic. 

It is also important to consider the differences in ASC differentiation between the various mature 

naïve B cell subsets. MZ B cells and B1 B cells have been demonstrated to express higher levels 

of Blimp1 compared to follicular B cells62. Similarly, memory B cells are another alternative 

source for ASC differentiation during the B cell response that upon re-exposure to antigen are 

capable of rapidly generating ASCs, partly due to lower expression levels of Bach263.  

Plasmablast to plasma cell differentiation 

The B cell response generates large quantities of antigen specific PBs to quickly increase titers of 

circulating antibodies, which are usually no longer necessary following successful clearance of the 

antigen34. PBs are therefore intrinsically destined to apoptose within several days, so that within 

approximately 2 weeks the circulating frequency of plasmablasts is returned to pre-antigen 

exposure levels, although some have been reported to survive for longer (3-4 weeks). The 

antibodies formed by the B cell response are still highly valuable after clearance of the antigen 
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nonetheless to offer immediate protection upon re-exposure, and so retention of moderate to low 

levels of antibody production forms a key component of adaptive immune memory. 

In contrast to the relative specificity and clarity in characterizing the B cell subsets during the T 

cell-dependent response, the phenotypical distinctions between EF- and GC-derived plasmablasts 

are less clear; this is especially true regarding how each source fairs in managing the short-lived 

plasmablast to long-lived plasma cell (LLPC) transition. Comparisons between EF and GC 

plasmablasts have been largely limited to metabolic analyses (Figure 5)64,65. EF-plasmablasts 

utilize more diverse energy sources, including glucose, lipid, and amino acids, whereas GC-

plasmablasts primarily utilize lipid-mediated oxidative phosphorylation. Several groups have 

made progress in distinguishing between EF and GC plasmablasts by FACS66–68, which should 

enable further insight into the transcriptional differences between EF- and GC-plasmablasts. GC-

derived plasmablasts are largely considered to represent the precursors of LLPCs.  Plasma cells 

are often found to have higher affinities compared to most circulating plasmablasts, which suggests 

most of these cells have undergone extensive affinity maturation and SHM within GCs. 

Additionally, the predominantly oxidative phosphorylation-based metabolism of GC-derived 

plasmablasts is shared with LLPCs, which may underly an improved capacity for survival or 

altered physiology. However, this binary model is challenged by observations that EF-derived 

plasmablasts can undergo CSR, SHM, and affinity maturation during both acute69,70 and chronic71 

responses. Despite this, the LLPC repertoire appears to be derived mostly by GC-derived 

plasmablasts, as EF-dominant B cell responses with impaired GCs yield few LLPCs72. Whether 

the improved survival of GC-derived plasmablasts to become LLPCs is based on a given affinity 

threshold obtained through GC-mediated affinity maturation or via GC-driven stimulatory 

conditions (CD40L, IL-21, etc.) also remains unclear. Importantly, GC-derived plasmablasts do 

not appear to egress secondary lymphoid organs (SLO) with an already developed plasma cell 

phenotype73,74. 
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Figure 5 Characteristics of extrafollicular (EF) and germinal center (GC) derived plasmablasts. 

Plasmablasts of EF or GC origins are distinguishable by their metabolic activities, with EF PBs showing 

upregulation of genes relating to Ig secretion and GC PBs possessing more mitochondria with higher 

activity. GC PBs also have upregulated genes downstream of CD40L signaling, indicative of T cell-

dependent activation. Taken from Rouers et al (2021)75.  

Homing and survival 

The long-term survival of plasmablasts depends on their successful homing to specialized 

microenvironments to avoid clearance by apoptosis, largely located within the bone marrow (BM) 

(Figure 6). Plasmablast homing to survival niches of the bone marrow is predominantly mediated 

by the CXCR4-CXCL12 chemokine axis76, with several other factors participating such as VLA4 

and CD4447. BM mesenchymal cells are responsible for expressing CXCL12, which promotes 

ASC transmigration into the BM parenchyma, and offer cell adhesion molecules such as VCAM1 

necessary for retention77. PCs appear to heterogeneously utilize BM stromal cell types according 

to their associated chemokines and adhesins depending on the PC’s Ab-isotype, which may 

represent a means of modulating BM PC retention between various isotypes, with IgG+ PCs being 

favored overall78. Other cell types such as basophils, megakaryocytes, and monocytes have been 

shown to contribute in sustaining PC survival in the bone marrow. Eosinophils have also been 

proposed to be key elements,79 however  subsequent studies found eosinophils to be redundant in 

multiple immune contexts80,81. Another essential survival factor for PCs relies on the B cell 

maturation antigen (BCMA) receptor activated by the APRIL cytokine, which mediates survival 

by upregulating Mcl-1; Mcl-1 is short lived and therefore PCs require constitutive APRIL-BCMA 

signaling. The role of eosinophils in bone marrow PC maintenance is highlighted by findings that 

a lack of eosinophils through genetic deficiency severely impairs PC accumulation in the bone 

marrow in both mice and humans and induced depletion of eosinophils in WT mice results in the 
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rapid loss of PCs from the bone marrow82. The mechanisms governing selection of newly arrived 

plasmablasts for retention and long-term survival during competition for inclusion in survival 

niches are not entirely understood. LLPCs were long considered to be non-motile and resident in 

relatively static niches. However, the majority of LLPCs have been demonstrated to regularly 

migrate between niches, clusters of PCs, and even between bones83. The full implications of this 

motility and the physiological justifications for this behavior, perhaps searching for novel, stronger 

survival niches, offering space for new PCs, or the population of PC niches elsewhere in the body, 

are still under investigation. 

 

Figure 6 Survival signals from plasma cell niche. Bone marrow serves as a crucial environment for the 

long-term survival of plasma cells. Plasma cells remain within the bone marrow closely associated with 

specialized reticular cells expressing CXCL12. Plasma cells express the corresponding CXCR4 receptor, 

which may play a role in guiding them to the bone marrow. An interaction between VLA4 and VCAM1 

further aids in keeping plasma cells in the bone marrow. To ensure their survival within this niche, plasma 

cells receive essential signals for survival from APRIL and IL-6, produced by various immune cells like 

eosinophils, megakaryocytes, and monocytes. Taken from Nera et al (2015)84. 

ASCs during infection 

The machinery for PB and PC generation are capable of rapidly responding to antigens through 

the various mechanisms described. However, the dynamics and nature of the ASC response can 

be markedly different depending on the antigen encountered. Quantifying the precise kinetics of 

the ASC response to infection is made difficult through practical limitations in patient sampling 

and often the inability to define the time of exposure, for which vaccination studies are often 

favored. However, vaccine-induced ASC responses frequently do not entirely recreate infection-

induced repertoires and kinetics owing to structural differences in the antigen of interest, the time 

course of antigen availability, and mechanisms of antigenic escape or immune evasion85. 
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The response to acute viral infections has been thoroughly studied owing to their robust and 

reproducible kinetics of antigen and antibody generation, with numerous historical precedents for 

pandemic events spurring interest. Despite the broad genetic and pathophysiological spectrum 

among known viruses, several global features are conversed during the elicited ASC responses. 

Human coronaviruses have provided considerable insights to build our current understandings of 

ASC kinetics, both through the many recent studies on SARS-CoV2 and earlier studies involving 

endemic human coronaviruses (HCoVs), whose mild symptoms allowed for human challenge 

observations86. The consistent features across infection studies include a lack of antibody 

responses during the first week after inoculation, which is immediately followed by the emergence 

of specific antibodies during the second week that increases and reach peak levels approximately 

1-3 weeks later (Figure 7). IgM is initially produced, predominantly contributed by extrafollicular 

ASCs, and is joined 3-7 days later by IgG; conversely, IgM peaks and wanes in the serum before 

IgG. The plasmablasts responsible for these increases in circulating antibodies follow similar 

kinetics of appearance with an advance lead of 24-48 hours (5-7 days after exposure), which are 

reliably observable during both vaccination and infection87,88; however, reports of plasmablast 

emergence following infection are frequently obfuscated by unclear determinations of when 

exposure specifically occurred. The ASC response is characterized by a high degree of specificity, 

normally ranging between 30-50%89,90, which contrasts with Bmems that rarely have more than 

1% antigen-specificity91. Importantly, the kinetics of ASCs are distinguished between naïve and 

recall responses, with the latter significantly advantaged by the presence of memory B cells acting 

as express conduits for ASC differentiation. The ASC response during recall is accelerated by 

approximately 2-3 days on subsequent antigen exposures, primarily for IgG plasmablasts92. As 

previously mentioned, the increased speed for ASC differentiation by Bmems is largely attributed 

to decreased Bach2 expression63. 
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Figure 7 Kinetics of antibody responses during acute SARS-CoV2 infection. IgM and IgA are detectable 1 

week after infection, reaching their peak 2 weeks after infection. IgG appears approximately 2 weeks after 

infection and reaches peak values within 1 month and remains detectable in serologies for 1 or more years. 

Taken from Galipeau et al (2020)93. 

Bmem isotype is an especially important factor in the trajectory of ASC differentiation. IgM+ B 

cells were observed upon recall to yield both GC B cells with IgM and IgG isotypes and few IgM+ 

plasmablasts, whereas IgG+ B cells predominantly generated IgG+ plasmablasts without rejoining 

the GC reaction94. Another study comparing IgM+ vs IgG+ Bmem responses upon adoptive transfer 

found similar results and posited an inhibitory relationship between these Bmem types95. The rapid 

induction of IgG+ ASCs by IgG+ Bmem was credited with limiting the availability of antigen for 

GC reactions and IgM+ Bmem. These differences in response and persistence of Bmem according 

to isotype have important implications for vaccination strategies and the nature of the ASC 

responses to recall. 

Another important factor during the ASC response to infection is the balance between EF and GC 

ASC differentiation, with the former often being associated with detrimental outcomes. In the 

context of COVID-19, strong extrafollicular generation of ASCs was associated with worsened 

symptoms and clinical outcomes despite the early availability of anti-SARS-CoV2 antibodies66; 

this effect was shown to not be caused by increased viral loads. Excessive extrafollicular ASC 

responses during severe COVID-19 was also concurrently linked to the emergence of autoreactive 

ASCs that may exacerbate pathophysiology, of which over half possessed binding towards SARS-
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CoV296. Attenuation of the immune response by EF-derived ASCs may potentially be explained 

by increased PD-L1 expression, with immune-modulatory effects on T cells primarily67.  

Several circumstances have been described where ASC responses to infections are detrimental, 

owing to excess inflammation or proliferation of ASCs or situations where antibodies themselves 

are at fault. Perhaps the most known is antibody-dependent enhancement (ADE), in which 

antibody-bound viral particles are endocytosed via FC receptors and viral entry to the cell is 

thereby facilitated or where antibody-mediated inflammation exacerbates disease97. ADE is 

particularly pronounced during non-primary flaviviral infections, such as Dengue and Zika, which 

especially complicates vaccination strategies98. Excess antibody production also harms type 2 

immune responses, as helminth infections have been shown to induce large amounts of IgE 

secretion by B-1 cells. These B-1 derived IgE are overwhelmingly non-specific and thereby block 

effective mast cell degranulation elicited by IgE from GC (B2) derived ASCs99.  

ASCs in autoimmunity 

B cell tolerance is the process by which the immune system recognizes and eliminates or attenuates 

autoreactive B cells to prevent the production of autoantibodies that may ultimately lead to 

autoimmune diseases. In some cases, B cells can escape tolerance mechanisms and produce 

autoantibodies that attack the body's own tissues, significantly driving several autoimmune 

diseases. 

One way in which B cells can escape regulation is through defects in central tolerance mechanisms, 

which occur during B cell development in the bone marrow100. During early B cell development, 

self-reactive B cells are eliminated through negative selection, a process that involves clonal 

deletion or receptor editing. Clonal deletion involves the programmed cell death of self-reactive B 

cells, while receptor editing allows self-reactive B cells to undergo further rearrangement of their 

immunoglobulin genes to generate a non-self-reactive B cell. 

However, despite the evidence for negative selection in B cell development, autoreactive B cells 

are present among mature B cells and participate in B cell responses and affinity maturation101,102. 

The rationale for incomplete removal of autoreactive clones is likely to avoid gaps in the B cell 

repertoire into which pathogens may develop their antigens to be highly self-mimicking. Up to 7% 

of naïve and pre-GC B cells in healthy human spleens were shown to be autoreactive towards 

carbohydrate I/i antigens 103, attributable to a IGHV4–34 heavy chain, and approximately 20% of 
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mature naïve B cell antibodies in another study showed reactivity towards lysate mixtures of self-

nuclear and cytoplasmic proteins102. The full extent of autoreactivity in mature B cells remains 

unestablished due to limitations in autoantigen panels and screening methods. Despite the apparent 

prevalence of autoreactive B cells, autoantibodies are not prevalent in the serum of most healthy 

individuals. Autoreactive mature B cells are characterized by a state of anergy due to constant 

signaling via their BCRs without cognate T cell help, which is more pronounced in IgM than IgD 

B cells104. These B cells have nonetheless been shown as capable of becoming beneficial and may 

lose self-reactivity through the process of clonal redemption105,106. This concept was well 

demonstrated by the reversion of 3 vaccine induced antibodies using IGHV4–34 with strong 

specificity to foreign antigen into their nearest germline VDJ sequences107. These germline-

reverted IGHV4–34 antibodies were indeed specific to autoantigen, to which binding was 

eliminated through a common mutation and afterwards maturation towards the foreign antigen can 

proceed; approximately 2.5% of CD27- Bmem have been found to use IGHV4–34, highlighting 

the apparent contribution of these formerly autoreactive clones108. 

In addition to defects in central tolerance mechanisms, B cells can also escape regulation through 

defects in peripheral tolerance mechanisms. Peripheral tolerance mechanisms act to prevent the 

activation of self-reactive B cells that have escaped central tolerance. Peripheral tolerance is 

globally divisible between extrinsic and intrinsic regulatory axes, with the former consisting of 

input from cytokines and regulatory cells in the environment and the latter involving modulatory 

signaling by the BCR or other receptors on the autoreactive cell itself109. One major intrinsic 

mechanism is anergy, which renders self-reactive B cells unresponsive to antigen stimulation. 

Anergy can be induced by antigen encounter in the absence of T cell help or by signals from 

inhibitory receptors, such as FcγRIIB110. However, defects in peripheral tolerance mechanisms can 

also lead to the activation of self-reactive B cells. For example, deficiency in regulatory T cells, 

which play a crucial role in maintaining immune tolerance, can result in the activation of self-

reactive B cells111. Another mechanism by which B cells can escape regulation is through epitope 

spreading, which occurs when an autoimmune response is triggered by a non-self-antigen that is 

structurally similar to a self-antigen. This can lead to the activation of previously down-regulated, 

self-reactive B cells, leading to the production of autoantibodies112. 
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ASCs have been identified as major inflammatory drivers in several autoimmune diseases, 

including systemic lupus (SLE), immune thrombocytopenia (ITP), and multiple sclerosis (MS)113. 

ITP presents a notable example of ASCs in autoimmunity with both well-established 

demonstrations of concepts central to autoimmune disorders yet still significant potential for 

further insight. ITP is a highly heterogeneous disease, presenting a wide range of clinical 

manifestations where some individuals may remain asymptomatic yet possess autoantibodies, 

while others may experience life-threatening bleeding episodes. ITP is particularly difficult to 

diagnose directly via autoantibody serology as is commonly done for other autoimmune disorders. 

This is likely due to an excess availability of platelet antigens compared to the number of 

autoreactive antibodies, which leaves insufficient quantities of unbound antibody in serum for 

detection. There is an ongoing need for better characterization of the autoantibody repertoires 

present in ITP. The clonal repertoire of autoreactive B cells in ITP appears to be restricted to a 

small handful of clonotypes. One study reported near exclusive usage of the IGHV3-30 clonotype 

in 2 ITP patients114, while another report on high-throughput sequencing of B cells from 11 ITP 

patients found increased prevalence of IGHV4-28 clones in all individuals115; both studies also 

found extensive somatic hypermutation within these predominant clonal families indicating the 

involvement of GC reactions during ITP pathology. The restriction of the autoreactive repertoire 

to a few clonal families also supports the notion of an “escape” event where a unique clone breaks 

free from peripheral tolerance mechanisms. Despite these findings, there is insufficient data 

regarding the diversity and potency of autoantibodies in ITP, especially how these factors relate to 

the clinical presentation of ITP patients. The localization of autoreactive ASCs driving 

autoimmunity is another major consideration when devising potential therapies to eliminate these 

offending cells., which remains poorly understood. ITP presents a unique set of challenges within 

the realm of autoimmune diseases. Its clinical heterogeneity, limited treatment options, and 

potential insights into immune dysregulation make it a compelling subject for further research. 

How are ASC responses studied? 

During this thesis, we published a concise review of current and emerging single cell technologies 

for characterizing ASCs, with a primary focus on functional assays116. ASCs are particularly 

notable for their combination of a “secreted” phenotype paired with the sequence diversity that is 

characteristic of lymphocytes. Other immune cell types are also characterized by secretory 

phenotypes, but their secreted molecules are generally the same irrespective of their origin cell, 
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which simplifies assay design considerably. Antibodies secreted by B cells are unique in that they 

are highly variable and possess several additional layers of intrinsic function; antibodies are 

functionally distinguishable in terms of their specificity, affinity, binding site, and neutralization 

or agonistic capacity. Hence, merely detecting antibody secretion often proves insufficient for 

addressing the complex biological questions associated with ASC responses, as the properties of 

the antibodies themselves are arguably as critical as the act of secretion. 

Conversely, techniques designed to probe the genotypic diversity of B cells offer a versatile array 

of solutions for investigating ASC clonal relationships and trajectories. Understanding the genetic 

makeup and evolution of B cells as they transition into ASCs not only provides insights into their 

functional characteristics but also sheds light on the underlying processes driving immune 

responses. This approach allows researchers to unravel the intricate dynamics of ASC 

differentiation and clonal expansion, offering a deeper understanding of the immune system's 

ability to adapt and respond to diverse challenges. Together, the integration of functional assays 

and genotypic profiling presents a comprehensive toolkit for unraveling the complexities of ASC 

responses and advancing our knowledge of immune defense mechanisms. 
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Antibody-secreting cells (ASC), plasmablasts and plasma cells, are terminally

differentiated B cells responsible for large-scale production and secretion of antibodies.

ASC are derived from activated B cells, which may differentiate extrafollicularly or form

germinal center (GC) reactions within secondary lymphoid organs. ASC therefore consist

of short-lived, poorly matured plasmablasts that generally secrete lower-affinity

antibodies, or long-lived, highly matured plasma cells that generally secrete higher-

affinity antibodies. The ASC population is responsible for producing an immediate

humoral B cell response, the polyclonal antibody repertoire, as well as in parallel

building effective humoral memory and immunity, or potentially driving pathology in the

case of autoimmunity. ASC are phenotypically and transcriptionally distinct from other B

cells and further distinguishable by morphology, varied lifespans, and anatomical

localization. Single cell analyses are required to interrogate the functional and

transcriptional diversity of ASC and their secreted antibody repertoire and understand

the contribution of individual ASC responses to the polyclonal humoral response. Here we

summarize the current and emerging functional and molecular techniques for high-

throughput characterization of ASC with single cell resolution, including flow and mass

cytometry, spot-based and microfluidic-based assays, focusing on functional approaches

of the secreted antibodies: specificity, affinity, and secretion rate.

Keywords: plasma cell (PC), high-throuput technique, antibody secreting cell, droplet microfluidics, antibodies,

B cells, functional bioassay

INTRODUCTION

Antibody-secreting cells (ASC) are B cells that have differentiated following activation to secrete
various soluble isotypes of their immunoglobulin receptor with the purpose of binding their target

antigen throughout the body (1). ASC are predominantly generated within the germinal center

reactions of secondary lymphoid organs (2), although extra-follicular responses may also generate

ASC (3, 4). Following antigen exposure, parallel downregulation of major regulatory genes of

activated B cells and upregulation of a unique ASC transcriptional program drives differentiation of

B cells into early-ASC or plasmablasts. Several mechanisms have been proposed to govern ASC fate
determination, but a unifying model has not yet been determined (1, 5). Plasmablasts are an

unstable ASC intermediate that require input from a survival niche to persist long term. The bone

marrow has been extensively studied as an ASC niche for its role in harboring ASC following
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infection and immunization, however the majority of ASC are

located in the gut-associated lymphoid tissue and produce IgA

(6); the thymus has also recently emerged as an ASC niche (7, 8).

The factors involved in early-ASC homing to survival niches are

not completely understood. Plasmablasts may also be drawn

towards sites of inflammation, where they act locally and acutely
without persistence (9). Plasma cells are a long-lived ASC subset,

characterized by reinforced expression of genes within the ASC

differentiation network, responsible for secreting large quantities

of antibodies from within their survival niches.

ASC are often considered the “apex” of B cell differentiation

as they actualize antibody-mediated humoral immunity and are
terminally differentiated. ASC contribute to both the acute

humoral response to infection by rapidly generating early

antibodies at sites of infection as well as later secreting higher

affinity antibodies produced by germinal center reactions to aid

in pathogen clearance and protective immunity. While the ASC

response is advantageous during infection and when co-opted
for immunization, emergence of ASC secreting antibodies

towards self-antigens is a deleterious factor in many

autoimmune disorders (10). Despite their importance, much is

still unknown regarding ASC differentiation, selection, and

heterogeneity, particularly in autoimmune disorders. High

throughput (HT) analyses of single cells are becoming more

accessible, affordable, and common in literature concerning

adaptive immune responses. This review will outline current

and emerging HT techniques to characterize single ASC

(Figure 1), with discussion of recent applications of these
techniques to study the role of ASC in various pathologies as

well as to expand understanding of fundamental ASC biology.

FUNCTIONAL ANALYSES

The primary effector functions of ASC are mediated by their

secreted antibodies, and thereby are characterized by a secreted

phenotype. Polyclonal antibody responses of ASC are routinely

assessed by sampling the serum or ASC-containing organs for

binding antibodies and their global potency (11). Such methods

provide an overview of the cumulative ASC response but are

unable to interrogate ASC diversity. Techniques with single cell
resolution are required to uncover the contributions of

individual clones to the polyclonal ASC pool, the prevalence of

specific groups of ASC, and the relationships between the factors

FIGURE 1 | Overview of common techniques for single ASC characterization. Antibody secreting cells (ASC) may be characterized functionally (red region) or

molecularly (green region). Functional methods include microfluidic approaches (top), including stationary and flowed droplet-based systems and microwell systems

(far right: Berkeley Lights Beacon setup), cytometry-based approaches, and spot-based assays. The red streak represents a laser beam; the yellow and dark red

bulb shapes indicate a positive microwell). Molecular methods (bottom) may assess the VH (red band) and VL (blue band) antibody-encoding mRNA transcripts or

non-antibody related mRNA transcripts (green bands). Molecular approaches commonly amplify VH chains only (e.g., VH-seq), VH and VL chains with the addition of

barcodes (grey bands) or linkage (e.g., BCR-seq), or all mRNA within the cell (e.g., scRNAseq).
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and markers that differentiate ASC. It should be noted that many

other soluble effectors besides antibodies are also known to be

secreted from ASC (12, 13), including various interleukins and

transforming growth factor-beta one (TGF-b1), and HT

functional assays may also be readily adapted to study the role

of these soluble factors.
The topic of techniques for measuring single-cell protein

secretion in immunology and their origins have been

previously described (14, 15). Three general strategies are

available for characterizing the secreted effectors of immune

cells, each with applicability to ASC: spot-based assays,

cytometry-based assays, and microfluidic-assays. These
approaches globally share the strategy of isolating ASC, either

by distance or compartmentalization, to ensure that “positive”

loci or compartments reflect secretions or markers of single cells.

Here we will focus on what these techniques offer to describe

ASC behavior and highlight notable demonstrations of their use.

Spot-Based Assays
Spot-based assays spatially distribute ASC by dilution and rely
on localized membrane capture of secreted antibody or cytokine

from ASC, followed by visualization with enzyme- or

fluorophore-linked secondary antibodies (16, 17), termed

enzyme-linked immunospot (ELISpot) and Fluorospot,

respectively. The number of “spots” formed is indicative of the

prevalence of ASC and/or antigen-specific ASC from a given
sample. The strength of spot-based assays are their ease of use,

robustness, and versatility between models (18, 19). Spot-based

assays also directly observe secretion and therefore robustly

identify ASC, in contrast to indirect-functional or molecular

techniques where the ASC definition is inferred. However,

ELISpot and Fluorospot are limited to the detection of only 1-

2 or 1-4 soluble analytes, respectively, cannot precisely quantify
secretion rates, and the ASC identified cannot be recovered for

further analysis. ELISpot has seen extensive use in characterizing

the ASC response during pathogenic infections (19, 20), in

autoimmune disorders (21–23), and following immunization

(24). Bonezi et al (25) recently used ELISpot to demonstrate

the contribution of altered tryptophan metabolism to the hyper-
abundance of ASC frequently seen during flavivirid infections,

Dengue virus being the most common example.

Cytometry-Based Assays
Flow cytometry and its derivative, fluorescence-activated cell
sorting (FACS), have become a staple in investigations of B cells

and ASC, allowing for relatively straightforward and rapid

evaluation of multiple samples or experimental conditions (26,

27). Multicolor flow cytometry allows for immense diversity and

depth of information gathered through the customization of

antibody panels to target surface and intracellular markers. In

contrast to ELISpot, flow cytometry can precisely identify the
proportions of different ASC, B cell, and lymphocyte populations

in each sample. Flow cytometry and ELISpot are frequently used

in concert to measure global changes in the proportion of ASC

and other B cells and the robustness and antigen-specificity of

the ASC response, respectively (28, 29).

Human ASC are often defined in flow cytometry as larger

cells with CD27 and CD38high expression among CD3- CD20-

cells, and may be subdivided by expression of CD138, CD19,

CD45, CD81, HLA-DR, and immunoglobulin isotypes (30–33).

Plasma cells secreting human IgA or IgM, but not IgG, express

surface immunoglobulin and may be identified by direct surface
staining (34, 35). Local capture of IgG antibodies secreted by

ASC onto their surface has been proposed to identify human

IgG-secreting ASC by flow cytometry, using CD45 as a

membrane anchor onto which IgG antibodies are captured by

their constant region (Fc) (36), but has not yet been widely used.

Surface markers and soluble effectors, namely antibodies and
cytokines, not expressed at the cell membrane may be assessed

using cell permeabilization and fixation to allow labelling

reagents access within the cell; such intracellular staining

normally precludes downstream assessment of cells by other

functional or molecular methods. However, Price et al (37)

demonstrated the feasibility to molecularly characterize ASC
following intracellular staining for both antibody isotype as

well as antibody specificity using tetramer constructs of

antigens bound to fluorophore-conjugated streptavidin.

Alternatively, early IgG-expressing ASC (IgG-ASC) often

continue to bear their antibodies at the cell membrane, and

surface staining for antibody isotype and antigen-specificity with

tetramers offers a simpler method for isolating such IgG-ASC,
though represents a restricted view of the whole IgG-ASC

population (38, 39). Flow cytometry is also a valuable tool for

scouting potential novel markers of ASC subsets (40). The use of

intracellular tracing dyes further allows for assessment of ASC

proliferation, as Scharer et al (41) have applied to ASC

emergence from activated B cells.
Flow cytometry has identified ASC and ASC subsets in the

context of autoimmune disorders and their contributions to

acute and chronic disease states (42–45), and the ASC

response to natural infection, as recently shown by Woodruff

et al (46) in the context of COVID-19. The authors showed by

flow cytometry a predominance of extrafollicularly-activated

ASC in circulation, based on varied expression of CD11c,
CXCR5, and CD21, and demonstrate its effect on infection

morbidity. Noticeably, distinction between ASC derived from

germinal centers or extrafollicularly is not possible with most

other functional assays and is often overlooked. Application of

FACS to in vitro models of ASC differentiation (47) and survival

(48, 49) also highlights the ability of flow cytometry to
distinguish ASC subpopulations. FACS isolation of populations

of interest may be followed by a spot-based assay to query the

subsequent prevalence of ASC within those populations (50–52).

It should be noted that current cytometric-gating strategies

for ASC populations have not been demonstrated to completely

define all ASC without exclusion of rarer phenotypes. Strategies

often vary considerably, utilize a unique marker that may not be
ASC-identifying in all contexts, or rely on intracellular staining

of transcription factors (31, 53). ASC are distinct in their

transcriptional regulation compared to other B cells, and the

transcription factors IRF4, BLIMP-1, and XBP1 are ideal for

complete identification of ASC (1, 53). Indeed, BLIMP1-YFP
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mice have been invaluable to studying ASC differentiation,

behavior, and transcriptional regulation (54, 55). IRF4-based

labelling has similarly been used to identify differentiating

human plasma cells following influenza vaccination (56).

Mass cytometry is based on a similar principle as flow

cytometry, using heavy metal ions instead of fluorophores to
distinguish the antibodies in the cytometry panel. Glass et al

(57) utilized multiple mass cytometry panels to characterize over

350 B cell surface markers, combined with analyses of isotype

usage, BCR sequence, metabolic profile, biosynthesis activity, and

signaling response, which together constitute an expansive single-

cell atlas of human B cells. An additional mass cytometry panel
targeting enzymes associated with different metabolic pathways

(58) found plasma cells to be highly metabolically active, and

further subdivisible based on transcriptional activity; such

metabolic distinctions have largely been restricted to molecular

studies or classical metabolomics (49, 59). Although mass

cytometry can simultaneously detect ~40 parameters per panel,
the vaporization of analyzed cells prevents further study of the

precise subsets identified, which remains the advantage of FACS.

Microfluidics
Microfluidic single cell assays essentially miniaturize existing

techniques to assess ASC secretions, to increase the scale and

throughput of analyses and enable single cell resolution via
compartmentalization into either wells or droplets (14, 15).

Miniaturization also allows for greatly reduced reagent usage

and less cells are needed per experiment. The functional

measurements within microfluidic ASC assays largely share the

concept of capturing secreted antibody or cytokine onto a

physical surface followed by visualization with fluorescent
detection reagents. The advantages of microfluidic-based

functional analyses of ASC include their direct identification of

ASC via antibody secretion, a high throughput, and the ability to

absolutely quantify ASC secretions over time.

Micro- and nano-well microfluidic approaches use

microfabrication techniques to create thousands of wells into

which individual ASC can be introduced (60–62). The nature of
the wells and coating and reagent strategy used can be readily

customized to assay different antibodies, antigens, or secretions.

The small volumes of these wells allow for absolute quantification

of secreted molecules, in contrast to ELISpot where only relative

measurements can be made (14). Well-based microfluidic assays

also have lower detection thresholds than ELISpot, making them
more sensitive and more capable of wholly representing ASC (63).

Importantly, as ASC are identified and sustained within the static

well array, cells can be recovered following the assay for additional

functional or molecular assessment. The Berkeley Lights

“nanopen” platform introduces considerable advancement to

well-based ASC assays using optofluidics, offering integrated

workflows for antibody screening of ASC followed by targeted
recovery of specific cells for molecular analysis (64). This rapid

pipeline for functional antibody assessment was recently used to

characterize antibody repertoires following SARS-COV2 infection

(65). Despite their advantages over ELISpot, well-based

microfluidic assays have seen limited application beyond

technical demonstrations and antibody discovery (66–68),

mainly due to their cost and limited throughput.

Droplet microfluidics achieves single cell compartmentalization

using two immiscible fluids, an aqueous phase containing the cell

and assay reagents and an oil phase that separates the aqueous

phase into droplets with single cells (14). Large numbers of
droplets can be quickly produced for each new sample and the

assay composition can be easily changed. Secretion by

encapsulated ASC is assessed by beads or other cells within the

droplet that act as capture surfaces for secreted cytokine or

antibody, to which fluorescent reagents in the droplet can

localize for measurement. Flow-based or flowed droplet assays
can characterize ASC with high throughput by passing droplets at

high frequency through a laser for rapid detection of fluorescence

relocalization within droplets (69–71). Droplet measurement may

also be paired with dielectrophoretic sorting, which pushes or pulls

droplets into separate channels by manipulating electric fields,

allowing for further assessment of directly identified ASC or
antigen-specific ASC (69, 72). We reported in Gerard et al (69)

the CelliGo assay using a double fluorescent sandwich ELISA in

microfluidic droplets for the identification, sorting, and VH-VL

sequencing of antigen-specific IgG antibodies produced by ASC

from immunizedmice. In this study, we demonstrated screening of

a bacterial antigen (tetanus toxoid), an autoantigen linked to

Rheumatoid Arthritis (Glucose-6-phosphate Isomerase), and an
insoluble, membrane-expressed antigen (tetraspanin-8; TSPAN8);

antigen-specific ASC against all 3 model antigens were able to be

sorted by this flowed droplet microfluidic technique.

An alternative approach to study ASC in droplets is to collect

droplets in a horizontal plane and measure changes in droplet

fluorescence over multiple timepoints, termed a stationary
droplet-assay (14) or DropMap (73, 74). DropMap measures

fluorescence relocation to a central line of antibody-capturing

beads aligned using a magnetic field within each droplet. Both

secreted antibody relocation and soluble antigen relocation to the

beadline are measured. The ability to measure relocation over

time within DropMap allows for the determination of both

antibody affinity and secretion rate, in addition to determining
the proportion of antigen-specific and total ASC within a sample

as with other microfluidic techniques. DropMap has been

applied to investigate the physiology of ASC in viral infection

(75), autoimmunity (74), and fundamental ASC biology (73, 76).

In our view, DropMap offers a major advancement in current

capabilities to functionally characterize ASC, particularly for
defining the specificity and affinity repertoire of ASC. An

example alternative strategy to DropMap for affinity repertoire

mapping is to sort large numbers of B cells or ASC for their BCR

sequences, followed by gene synthesis or direct cloning, re-

expression, and kinetic analysis of these antibodies by a

technique such as bio-layer interferometry (BLI) (77–79)

(Figure 2); this approach is significantly more complex, costly,
and time consuming than DropMap. Recently however, we

reported antigen-specific single cell memory B cell in vitro

differentiation into ASC that allowed for fast and large scale

(~400) affinity measurements by BLI from culture supernatants

without costly antibody re-expression (80). Initial sorting for
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ASC may also bias the antibody repertoire through restrictive
FACS gating strategies unless a direct functional assay is used

prior to directly select for ASC, whereas DropMap offers an

unbiased screen of PBMCs or an enriched B cell pool for ASC.

Another novel approach involving BCR sequencing paired with

liquid chromatography–tandem mass spectrometry proteomics

(81, 82) allows for unbiased molecular assessment of antibodies
from the serum, but requires infrastructure and specialist

supervision, and is currently largely restricted to the most

represented antibodies in the serum.

The major limitation to widespread adoption of functional,

droplet-based assays of ASC is their bespoke nature. Although

droplet microfluidics is a growing field, with most reagents

commercially available, labs must produce their own
consumables for droplet production and the apparatus for assay

observation, which require specialized equipment and expertise.

MOLECULAR ANALYSES

The molecular basis for the behavior of ASC is equally important

to understanding ASC physiology. The molecular aspects of ASC

most investigated are (i) the heavy and light chain variable

reg ions (VH and VL ) sequences , formed by gene

rearrangements and sequence diversification mechanisms (83),

encoding the antigen binding domains of antibodies and (ii) the

transcriptional profile of ASCs; these aspects may be probed
using bulk VH-seq or RNAseq, BCR-seq, and increasingly now

single-cell RNAseq (scRNAseq) following either single-cell ASC

FACS into 96 or 384 well plates, or microfluidic droplet-based
barcoded scRNAseq (e.g. , 10xGenomics Chromium).

Importantly, BCR sequences can be computationally inferred

from scRNA-seq data using open-source libraries (e.g. BraCeR

(84), VDJPuzzle (85)), linking antibody sequence (i.e., genotype,

clonal information) to transcriptome phenotype. Recent

advances on ASC characterization using RNAseq, ATAC-seq
and ChIP-seq have been reviewed elsewhere (86), as well as

molecular mechanisms leading to plasma cell differentiation

from the germinal center reaction (87). Glaros et al (38)

highlight the capacity for scRNAseq to identify B cell subsets

and observe shifts in differentiation, identifying antigen

availability as a key regulator of the plasmablast response.

A common strategy for molecular ASC clonal identification is
bulk sequencing of VH regions (37), which allows for large

numbers of cells to be assayed without the cost and limitations

imposed by a need for single cell approaches. However, the VL

sequence information is lost, and it is not possible to re-express

the original antibody recombinantly. Alternatively, Price et al

(37) recently used bulk RNAseq to identify unique
transcriptional profiles for IgG, IgM, and IgA ASC subsets,

with the ability to assess both clonality and gene expression.

Such approaches offer insight into the clonal diversity of ASC

responses but have less resolution than paired VH-VL chain

sequencing and have no possibility for functional assessment of

clones within the antibody repertoire. When the full VH-VL

sequence is required, single-cell approaches are required, and
currently available techniques for HT BCRseq have been

reviewed by Curtis and Lee (88), who highlight advances in VH

FIGURE 2 | Comparison of DropMap vs a classical pipeline to define affinity repertoires. The affinity repertoire of ASC towards a given antigen is an important metric

for the quality of the ASC response. ASC are commonly isolated from the spleen, bone marrow, or blood of donor/patients or experimental animals. The DropMap

assay (top) offers a platform that within 1 hour can return the affinity repertoire in a single assay, as well as the IgG secretion rate and frequency of ASC according to

direct ex vivo measurement (refer to main text for details); this approach is limited by requiring ASC to secrete antibodies at the time of data acquisition, data can

only be acquired once, and afterwards cells of interest are lost. An alternative strategy (bottom) to yield a similar affinity repertoire first requires cell isolation by FACS,

followed by VH and VL targeted RT-PCR (& BCR-seq if required) and cloning into an expression vector, transfection of the vector into an expression system and cell

culture, purification and finally assessment of the recombinant expressed antibody by BLI or SPR; this pipeline requires 1½ -2 weeks to complete, is significantly

more complex and costly, and can only assess VH-VL pairs that could be successfully amplified, cloned and expressed as recombinant antibodies.
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and VL chain pairing by barcoding (69) or linkage as well as

increased cell-throughput through the use microfluidics.

Moreover, techniques such as LIBRA-seq (89) or CelliGo (69)

allow for assessment of antigen specificity or antigen specificity

coupled to antibody secretion, respectively, integrated within

their BCRseq pipelines. Wang et al (90) used microfluidics to
compartmentalize human plasmablasts as single cells and

generate paired VH-VL repertoires for direct Fab display on

yeast and functional assessment. Notably, Jiang et al (91)

utilized a combination of bulk VH-seq, BCRseq, and full

scRNAseq to identify autoreactive ASC persisting after

treatment with rituximab. Such an approach leverages the
complexity and throughput of each technique with the depth

of information required to address the authors’ underlying

question, saving considerable time, and lowering costs overall.

Using the 10x genomics technology, integrating emulsion-based

single cell separation with barcoded RNAseq (Chromium),

plasmablast-derived mAbs from individuals who received
SARS-CoV-2 spike mRNA vaccine were characterized for

antigen specificity, epitope mapping and neutralization

potential (92).

A final molecular approach worth mentioning is the use of

mass spectrometry to assess the relative abundance of specific

antibodies in serum or a tissue sample, known as Ab-seq (93).

Pairing Ab-seq with any of the RNA-seq approaches above allows
for inferences to be made regarding the contribution of specific

ASC clones to the polyclonal ASC response, providing invaluable

insight into the immunological relevance of ASC clonal diversity.

Lee et al (94) utilized Ab-seq to identify potently neutralizing

antibodies and ASC clones persisting across multiple exposures to

influenza. Ab-seq has also been applied in similar studies for
antibodies against norovirus (95) and HIV-1 (96).

DISCUSSION

Multiplexing Is the Future for High
Throughput Single ASC Analyses
The availability of high throughput methods for the study of ASC

at the single cell level has progressed immensely for both

functional and molecular characterization. Considerable
progress has been made in understanding ASC development

and differentiation, but with limited information regarding the

relationships between population surface marker expression,

transcriptional and metabolic activity, and the functional

“quality” of the ASC (affinity, specificity, secretion rate).

The presence of immunoglobulins within all plasmablasts or

plasma cells does not exclude the possibility for significant
stratification of secretion rates from high to nearly

undetectable. As we showed in Eyer et al. (73), antibody

secretion by a seemingly homogenous population of ASC may

vary by several orders of magnitude. The causes of such secretory

diversity remain poorly understood. Current techniques for

direct measurement of single cell immunoglobulin secretion

(spot- and microfluidic-based assays) are currently unable to
distinguish precise B cell populations alone. ASC identified and

isolated from direct functional assays have not been assessed

afterwards with higher parameter techniques such as flow and

mass cytometry or scRNAseq, to interrogate the source of this

secretory diversity.

Ultimately, investigations of ASC physiology should strive to
employ a combination of the techniques discussed. In the context

of antibodies, with only a repertoire of VH-VL sequences the

contribution and quality of a given antibody to the humoral

immune response is difficult to appreciate. Likewise, knowing the

affinity or neutralization repertoire of antibodies from ASC

without knowing their clonality and molecular basis limits
insight into ASC population dynamics and distribution.

Evolution of the existing and emerging methods for HT ASC

phenotypic characterization to readily integrate with the various

single cell molecular techniques should be an immediate goal to

overcome current limitations. HT single cell molecular (scRNA-

seq) techniques are becoming more accessible and affordable,

with great efforts to increase the fidelity and ease of analysis. HT
single cell assays will be central to unravelling how ASC

phenotypic markers relate to their developmental stage,

antibody affinity, and antibody or cytokine secretion rate, and

to what degree these elements are interrelated.
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42. Mahévas M, Patin P, Huetz F, Descatoire M, Cagnard N, Bole-Feysot C, et al.

B Cell Depletion in Immune Thrombocytopenia Reveals Splenic Long-Lived

Plasma Cells. J Clin Invest (2013) 123(1):432–42. doi: 10.1172/JCI65689

43. Xu M, Jiang Y, Wang J, Liu J, Liu C, Liu D, et al. Distinct Variations of

Antibody Secreting Cells and Memory B Cells During the Course of Kawasaki

Disease. BMC Immunol (2019) 20(1):16. doi: 10.1186/s12865-019-0299-7

44. Tipton CM, Fucile CF, Darce J, Chida A, Ichikawa T, Gregoretti I, et al.

Diversity, Cellular Origin and Autoreactivity of Antibody-Secreting Cell

Population Expansions in Acute Systemic Lupus Erythematosus. Nat

Immunol (2015) 16(7):755–65. doi: 10.1038/ni.3175

Broketa and Bruhns High-Throughput Characterization of ASC

Frontiers in Immunology | www.frontiersin.org January 2022 | Volume 12 | Article 8217297



45. Jin W, Luo Z, Yang H. Review Article Peripheral B Cell Subsets in

Autoimmune Diseases: Clinical Implications and Effects of B Cell-Targeted

Therapies. J Immunol Res (2020) 2020:9518137. doi: 10.1155/2020/9518137.

Published online.

46. Woodruff MC, Ramonell RP, Nguyen DC, Cashman K, Saini A, Haddad N,

et al. Extrafollicular B Cell Responses Correlate With Neutralizing Antibodies

andMorbidity in COVID-19.Nat Immunol 2020 2112 (2020) 21(12):1506–16.

doi: 10.1038/s41590-020-00814-z

47. Ramadani F, Bowen H, Upton N, Hobson P, Chan Y, Chen J, et al. Ontogeny

of Human IgE-Expressing B Cells and Plasma Cells. Allergy Eur J Allergy Clin

Immunol (2017) 72(1):66–76. doi: 10.1111/all.12911

48. Nguyen DC, Lewis HC, Joyner C, Warren V, Xiao H, Kissick H, et al.

Extracellular Vesicles From Bone Marrow-Derived Mesenchymal Stromal

Cells Support Ex Vivo Survival of Human Antibody Secreting Cells. J Extracell

Vesicles (2018) 7(1):1463778. doi: 10.1080/20013078.2018.1463778

49. Nguyen DC, Joyner CJ, Sanz I, Lee FEH. Factors Affecting Early Antibody

Secreting Cell Maturation Into Long-Lived Plasma Cells. Front Immunol

(2019) 10:2138. doi: 10.3389/fimmu.2019.02138

50. Auladell M, Nguyen TH, Garcillán B, Mackay F, Kedzierska K, Fox A.

Distinguishing Naive- From Memory-Derived Human B Cells During Acute

Responses. Clin Transl Immunol (2019) 8(11):e01090. doi: 10.1002/cti2.1090

51. Doucett VP, Gerhard W, Owler K, Curry D, Brown L, Baumgarth N.

Enumeration and Characterization of Virus-Specific B Cells by Multicolor

Flow Cytometry. J Immunol Methods (2005) 303(1-2):40–52. doi: 10.1016/

j.jim.2005.05.014

52. Di Niro R, Mesin L, Raki M, Zheng N, Lund-Johansen F, Lundin K, et al.

Rapid Generation of Rotavirus-Specific Human Monoclonal Antibodies From

Small-Intestinal Mucosa. J Immunol (2010) 185(9):5377–83. doi: 10.4049/

jimmunol.1001587

53. Tellier J, Nutt SL. Standing Out From the Crowd: How to Identify Plasma

Cells. Eur J Immunol (2017) 47(8):1276–9. doi: 10.1002/eji.201747168

54. Fooksman DR, Schwickert TA, Victora GD, Dustin ML, Nussenzweig MC,

Skokos D. Development and Migration of Plasma Cells in the Mouse Lymph

Node. Immunity (2010) 33(1):118–27. doi: 10.1016/j.immuni.2010.06.015

55. Kallies A, Hasbold J, Tarlinton DM, Dietrich W, Corcoran L, Hodgkin P, et al.

Plasma Cell Ontogeny Defined by Quantitative Changes in Blimp-1

Expression. J Exp Med (2004) 200(8):967–77. doi: 10.1084/jem.20040973

56. Arumugakani G, Stephenson SJ, Newton DJ, Rawstron A, Emery P, Doody G,

et al. Early Emergence of CD19-Negative Human Antibody-Secreting Cells at

the Plasmablast to Plasma Cell Transition. J Immunol (2017) 198(12):4618–

28. doi: 10.4049/jimmunol.1501761

57. Glass DR, Tsai AG, Oliveria JP, Hartmann F, Kimmey S, Calderon A, et al. An

Integrated Multi-Omic Single-Cell Atlas of Human B Cell Identity. Immunity

(2020) 53(1):217–32.e5. doi: 10.1016/J.IMMUNI.2020.06.013

58. Hartmann FJ, Mrdjen D, McCaffrey E, Glass D, Greenwald N, Bharadwaj A,

et al. Single-Cell Metabolic Profiling of Human Cytotoxic T Cells. Nat

Biotechnol 2020 392 (2020) 39(2):186–97. doi: 10.1038/s41587-020-0651-8

59. Guo M, Price MJ, Patterson DG, Barwick B, Haines R, Kania A, et al. EZH2

Represses the B Cell Transcriptional Program and Regulates Antibody-

Secreting Cell Metabolism and Antibody Production. J Immunol (2018) 200

(3):1039–52. doi: 10.4049/jimmunol.1701470

60. Han Q, Bradshaw EM, Nilsson B, Haflercd DA, Love JC. Multidimensional

Analysis of the Frequencies and Rates of Cytokine Secretion From Single Cells

by Quantitative Microengraving. Lab Chip (2010) 10(11):1391–400.

doi: 10.1039/B926849A

61. Zhu H, Stybayeva G, Silangcruz J, Yan J, Ramanculov E, Dandekar S, et al.

Detecting Cytokine Release From Single T-Cells. Anal Chem (2009) 81

(19):8150–6. doi: 10.1021/AC901390J

62. Torres AJ, Hill AS, Love JC. Nanowell-Based Immunoassays for Measuring

Single-Cell Secretion: Characterization of Transport and Surface Binding.

Anal Chem (2014) 86(23):11562–9. doi: 10.1021/AC4030297

63. Rybczynska M, Baudry J, Klaus E. The Impact of Frost-Damage on the Quality

and Quantity of the Secreted Antigen-Specific IgG Repertoire. Vaccine (2020)

38(33):5337–42. doi: 10.1016/j.vaccine.2020.05.066

64. Winters A, McFadden K, Bergen J, Landas J, Berry K, Gonzalez A, et al. Rapid

Single B Cell Antibody Discovery Using Nanopens and Structured Light.

MAbs (2019) 11(6):1025. doi: 10.1080/19420862.2019.1624126

65. Zost SJ, Gilchuk P, Chen RE, Case J, Reidy J, Trivette A, et al. Rapid Isolation

and Profiling of a Diverse Panel of Human Monoclonal Antibodies Targeting

the SARS-CoV-2 Spike Protein. Nat Med (2020) 26(9):1422. doi: 10.1038/

S41591-020-0998-X

66. Ogunniyi AO, Story CM, Papa E, Guillen E, Love JC. Screening Individual

Hybridomas by Microengraving to Discover Monoclonal Antibodies. Nat

Protoc (2009) 4(5):767–82. doi: 10.1038/NPROT.2009.40

67. Ogunniyi AO, Thomas BA, Politano TJ, Varadarajan N, Landais E, Poignard P,

et al. Profiling Human Antibody Responses by Integrated Single-Cell Analysis.

Vaccine (2014) 32(24):2866–73. doi: 10.1016/J.VACCINE.2014.02.020

68. Story CM, Papa E, Hu CC, Ronan JL, Herlihy K, Ploegh HL, et al. Profiling

Antibody Responses by Multiparametric Analysis of Primary B Cells. Proc

Natl Acad Sci U S A (2008) 105(46):17902–7. doi: 10.1073/PNAS.0805470105

69. Gérard A, Woolfe A, Mottet G, Reichen M, Castrillon C, Menrath V, et al.

High-Throughput Single-Cell Activity-Based Screening and Sequencing of

Antibodies Using Droplet Microfluidics. Nat Biotechnol (2020) 38(6):715–21.

doi: 10.1038/s41587-020-0466-7

70. Matutis L, Gilbert J, Ung WL, Weitz DA, Griffiths AD, Heyman JA. Single-

Cell Analysis and Sorting Using Droplet-Based Microfluidics. Nat Protoc

(2013) 8(5):870–91. doi: 10.1038/NPROT.2013.046

71. Ding R, Hung KC, Mitra A, Ung L, Lightwood D, Tu R, et al. Rapid Isolation

of Antigen-Specific B-Cells Using Droplet Microfluidics. RSC Adv (2020) 10

(45):27006–13. doi: 10.1039/d0ra04328a

72. Shembekar N, Hu H, Eustace D, Merten CA. Single-Cell Droplet Microfluidic

Screening for Antibodies Specifically Binding to Target Cells. Cell Rep (2018)

22(8):2206–15. doi: 10.1016/j.celrep.2018.01.071

73. Eyer K, Doineau RCL, Castrillon CE, Briseño-Roa L, Menrath V, Mottet G,

et al. Single-Cell Deep Phenotyping of IgG-Secreting Cells for High-

Resolution Immune Monitoring. Nat Biotechnol (2017) 35(10):977–82.

doi: 10.1038/nbt.3964

74. Canales-Herrerias P, Crickx E, Broketa M, Sokal A, Chenon G, Azzaoui I, et al.

Single-Cell Analyses of Immune Thrombocytopenic Patients Reveal

Multiorgan Dissemination of High-Affinity Autoreactive Plasma Cells.

bioRxiv (2021) 2021.06.29.450355. doi: 10.1101/2021.06.29.450355

75. Kräutler NJ, Yermanos A, Pedrioli A, Welten S, Lorgé D, Greczmiel U, et al.
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What is currently missing? 

The organization and drivers of ASC responses are numerous and complex, with several key 

regulatory and physiological aspects remaining unclear. The advent of accessible high-throughput 

methods for transcriptome and VDJ gene characterization has been a breakthrough in B cell 

research. We now appreciate the broad spectrum of heterogeneous B cell subsets that highlight the 

unique biology of B cells depending on localization and disease context117, with insights into the 

functional diversity of ASCs118. Moreover, the integration of spatial transcriptomics into this 

framework could provide spatial context, shedding light on the intricate interplay between B cells 

and their microenvironment. The application of machine learning to large-scale B cell datasets is 

another avenue of growth. These technologies aid in deciphering complex patterns, identifying 

novel biomarkers, and predicting B cell behavior in response to various stimuli. Harnessing 

computational models can accelerate the discovery of key regulatory pathways, offering new 

targets for therapeutic intervention in autoimmune diseases, immunodeficiencies, and cancer 

immunotherapies. 

These advancements in genotypic profiling have not been matched by advances in B cell antibody 

phenotyping, which has made it challenging to develop cohesive models that bridge the gap 

between genetic information and functional insights. The complexity of B cell responses extends 

beyond genetics to encompass intricate interactions between B cells and their environment. 

Traditional methods such as ELISA and flow cytometry provide valuable but limited information, 

often focusing on a subset of known antigens and epitopes. The advent of high-throughput 

sequencing has allowed for more comprehensive profiling of antibody repertoires, but ultimately 

the functional relevance of these antibodies remains challenging to decipher. One of the key 

challenges in bridging the gap between genetics and B cell function lies in understanding the 

relationship between antibody sequence and its functional properties. The need for better antibody 

characterization, including specificity and affinity, during repertoire analyses is particularly 

important for improving computational methods for structural and binding predictive modelling119, 

which could eventually reduce the necessity for more intensive phenotyping methods.  

The role of antibody affinity in B cell differentiation has been the topic of intensive investigation 

and debate. The requirement for antigen binding is clear and there are numerous studies 

demonstrating that a higher affinity antibody leads to increased ASC differentiation 
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outcomes120,121. The basis for antibody affinity providing increased B cell fitness during maturation 

lies within the increased mechanical resilience provided by higher binding affinities as well as the 

increased rate and stability of immune complex formation during the immune-synapse mediated 

activation30. Considering the comprehensive, mechanistic studies demonstrating the advantages 

afforded to B cells with higher affinity antibodies, affinity maturation has been understandably 

considered to be an absolute rule within the GC. Further differentiated, matured B cells are 

considered to have higher affinities. Moreover, antibody affinity is widely treated as a strict 

threshold or limit during the stages of differentiation, i.e., affinity must be below the threshold for 

deletion in the bone marrow, then above the threshold for binding free or presented antigen and 

being activated, and finally once affinity is within an unknown threshold (either unmutated or 

through maturation) the B cell may differentiate into specific subsets. 

A major publication in the discussion of affinity in B cell responses was recently published by 

Viant et al in 2020 (Figure 8A)122. The authors adopted an unbiased fate mapping approach in mice 

immunized with HIV antigen, providing a fresh perspective when compared to previous studies 

that relied on transgenic B cells or sorting based on antigen-labelling. It was shown that a 

significant portion of GC B cells express high-affinity antibodies derived from unmutated common 

ancestors (UCAs) with similarly elevated affinity, whereas the majority of concurrently emerging 

Bmem had weak affinities for the antigen. Importantly, the disparity between GC B cells and 

Bmem was not related to differences in SHM, as both strongly and poorly mutated clones showed 

this division. This affinity deterministic model for B cell fate commitment was reinforced by 

another recent study of the B cell response to flaviviruses (Figure 8B)123. The authors report that 

the majority of Bmem were derived from naïve precursors with poor affinity towards flaviviral 

antigen, with minimal clonal overlap to the ASC compartment. 

However, despite the evidence for an affinity determinism model, there is a growing body of work 

demonstrating broader ranges of affinities in ASCs and Bmem and questioning established 

principles in the relation of affinity to B cell development. A recent study performed 

comprehensive single cell RNAseq and BCRseq in a murine model of influenza infection42, across 

multiple SLOs and the lungs (Figure 8C). The authors demonstrate that plasmablasts and Bmem 

from the same clonotypes emerge concurrently and importantly that their antibodies were of 

similar affinities. Antibody affinity was also attributed in this study to be determined primarily by  
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authors reported no correlation between affinity and clonal representation or likewise between 

affinity and the degree of SHM, with examples of high affinity clones with weak clonal expansion 

(Figure 8D-E); analyses of the most highly expanded clonal lineages also reinforced the concept of 

an affinity ceiling, with minimal changes in affinity despite the accumulation of mutations. 

Ultimately, antigen specificity was the primary determinant of clonal expansion and representation 

in the bone marrow and not affinity. Together these studies provide examples of Bmem, 

plasmablasts, and plasma cells displaying broad repertoires of affinities towards their antigens, 

with clonal expansion and B cell subset differentiation not appearing to be determined by affinity. 

The divergent findings regarding affinity in B cell differentiation may be related to differences in 

pathogens and antigens used in models. The use of smaller antigens, including haptens (NP) or 

monovalent proteins (ovalbumin or lysozyme), was common during the formulation of many B 

cell response principles. However, studies are now increasingly assessing responses to whole 

pathogens or large, multimeric antigens, which increases the potential for BCR cross-linking, 

bivalent antibody binding and avidity, and the recruitment of B cells towards diverse sets of 

epitopes. The effect of antigen valency has been demonstrated to have profound effects on the 

scale and nature of the ASC response, using HIV antigen constructs containing between 1 and 60 

domains125. Immunization with a lower valency construct was found to limit the B cell response 

to high affinity clones, whereas high valency immunogen yielded broader affinity repertoires; a 

similar difference was found regarding the magnitude of ASC differentiation. Moreover, 

differences in monovalent antigen “footprints” have been proposed to also influence the threshold

for B cell activation126. 

Collectively, these various studies have provided compelling evidence that calls into question 

several established B cell principles, including the division between Bmem and ASCs regarding 

possession of low or high affinity antibodies and the role of antibody affinity in GC reactions. 

Subsequent questions raised include whether low-to-medium affinity ASCs are generated 

intentionally as a consequence of maintaining repertoire diversity, if these potentially weaker 

antibodies are also important elements of humoral immune memory for cross-reactivity, or if these 

observations represent “mistakes” in ASC differentiation gatekeeping; answering this question 

would be valuable in assessing whether vaccinations should aim for depth and higher affinity 

ASCs or if improved protection may lie in cultivating an increased breadth of ASC coverage123,127. 
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To develop cohesive models that encompass both genetic information and functional insights, 

there is a need for integrated approaches that combine genotypic and phenotypic data. Currently, 

the route pursued by most investigators is to leverage the high throughput of single cell genotyping 

methods to broadly survey antibody repertoires, followed by limited re-expression of a small 

fraction of the repertoire (10-100 clones). It is not unreasonable to consider antibody phenotype as 

an equally important marker when forming B cell subsets; integrating specificity and affinity 

values with transcriptional expression data during bioinformatic clustering analyses may elucidate 

further heterogeneity. The gap in studies concerning antibody affinities is not the result of a lack 

of interest or awareness but rather reflects the technical limitations imposed by such a challenge. 

However, the need for more affinity-driven investigations of ASC responses is clear to address the 

role of affinity in ASC differentiation and to obtain more robust characterizations of the functional 

diversity during ASC responses. 
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Aims 

The global aim of this thesis has been to investigate the antibody affinities of antibody-

secreting cells (ASC) in vaccination and autoimmune responses, with the goal of better 

understanding the role of antibody affinity in these immune contexts. 

Note: Initially my PhD project consisted of developing a technique to recover ASC of interest from 

a droplet microfluidic chamber to link phenotype to genotype and describe the clonal distribution 

of ASC in human thrombocytopenia. Due to the COVID-19 outbreak and the possibility to 

collaborate with the lab of Dr Matthieu Mahévas (INEM, Paris) on the B cell response during 

COVID-19 infection and SARS-CoV-2 mRNA vaccination programs, we decided to prioritize the 

analyses of ASC and memory B cells from infected and vaccinated individuals. 

Aim 1: Characterize the ASC response to mRNA vaccination against SARS-CoV-2 

The development of novel mRNA vaccinations to combat the COVID-19 pandemic created a 

unique need and opportunity to characterize a novel humoral B cell response following 

immunization. We aimed to use the DropMap technique to characterize at a large scale and high 

throughput the functional characteristics of ASCs in the weeks and months after mRNA vaccine 

administration, with distinction between individuals according to prior SARS-CoV-2 infection. 

 → 1 publication : Broketa M, et al. J Clin Invest Insight 2023. 

Aim 2: Measure the affinity repertoires of Bmem following mRNA vaccination against 

SARS-CoV2 

We also aimed to characterize the affinity repertoires of Bmem-derived antibodies towards 

numerous SARS-CoV-2 RBD variants by implementing a high throughput screening system based 

on biolayer interferometry measurements.  

 → 3 publications :  Sokal A, et al. Immunity 2021. Broketa, M: co-first author 

Sokal A, et al. Immunity 2022. Broketa, M: co-first author 

Sokal A, et al. Immunity 2023. Broketa, M: co-second author 

Aim 3: Develop a novel technique to recover cells of interest from DropMap 

DropMap is a powerful technique for direct identification of ASCs and affinity characterization. 

There is however much more to be learned from analyzing these cells of interest by additional 
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methods, such as FACS for surface marker phenotyping or BCRseq for clonal analyses and re-

expression. The ability to recover cells of interest from the DropMap assay would allow for 

unprecedented depth of ASC characterization, and immensely reduce the time and expense of 

obtaining this data in comparison to other methods. We therefore aimed to develop a workflow to 

specifically label and isolate cells from within DropMap. 

→ 1 manuscript in preparation: Broketa, M: last and corresponding author.  

Aim 4: Characterize the autoreactive ASCs of ITP patients 

We aimed to continue ongoing characterization of anti-platelet, GPIIbIIIa-specific ASCs from 

individuals with ITP as well as healthy donors. We also performed measurements to compare the 

influence of cryopreservation on DropMap measurements, specifically the affinity and IgG 

secretion rate of ASCs. 

 →  1 publication :  Canales-Herrerias, et al. J Clin Invest 2022. Broketa, M: co-author
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ARTICLE 1: 

mRNA vaccine driven ASC response towards SARS-CoV2 RBD 

The mRNA vaccination against SARS-CoV-2 is known to elicit protective B cell responses 

specifically targeting the spike glycoprotein of the virus. While memory B cell responses directed 

at the spike protein endure for extended periods, the humoral antibody response targeting the same 

spike protein gradually diminishes over time. Consequently, booster vaccinations become essential 

to sustain the protective immunity conferred by the initial vaccination. There was also a lack of 

insight into the kinetics of the antibody-related physiology of ASCs following mRNA vaccination, 

which we sought to address. To delve into this phenomenon, our study conducted a qualitative 

examination of plasmablast responses, assessing the affinity of antibodies secreted by individual 

cells for the receptor binding domain (RBD) of the SARS-CoV-2 spike protein. We conducted this 

analysis on two distinct groups: individuals who were previously unvaccinated and individuals 

who had recovered from COVID-19. Our approach employed droplet microfluidics and imaging 

techniques, allowing us to scrutinize over 4,000 single IgG-secreting cells. This approach holds 

promise for optimizing vaccination protocols, enabling us to gain valuable insights into the 

dynamics of antibody affinity during the immune response to SARS-CoV-2 and the development 

of immunity following vaccination. See below Broketa et al (2023)128 

 

Figure 9 Graphical abstract from Broketa et al (2023) 
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Introduction
Since the SARS-CoV-2 pandemic began in early 2020, close to 760 million cases of  infection and over 6.8 

million deaths have been reported by the WHO. The emergency use authorization by drug administration 

agencies worldwide allowed anti–SARS-CoV-2 vaccination to start by the end of  2020, with over 5.5 billion 

people receiving at least 1 dose and more than 5.1 billion fully vaccinated (at least 2 doses) as of  April, 2023. 

This astounding global vaccination effort has been kick-started by mRNA-based vaccines encoding a stabi-

lized version of  the trimeric spike protein of  SARS-CoV-2, developed by either Moderna or Pfizer-BioNTech. 

Both vaccines had indeed demonstrated rapid and strong immune responses and efficacy in phase III studies, 

eliciting effective B cell–dependent humoral immunity, with high titers of  neutralizing antibodies, which are 

key to prevention of  severe COVID-19 and mortality (1–7). Yet, the neutralizing antibody titers in sera from 

vaccinees decreased rapidly for the first 3 months, with a relatively slow decrease thereafter (8, 9).

SARS-CoV-2 mRNA vaccination generates protective B cell responses targeting the SARS-CoV-2 

spike glycoprotein. Whereas anti-spike memory B cell responses are long lasting, the anti-spike 

humoral antibody response progressively wanes, making booster vaccinations necessary for 

maintaining protective immunity. Here, we qualitatively investigated the plasmablast responses 

by measuring from single cells within hours of sampling the affinity of their secreted antibody 

for the SARS-CoV-2 spike receptor binding domain (RBD) in cohorts of BNT162b2-vaccinated 

naive and COVID-19–recovered individuals. Using a droplet microfluidic and imaging approach, we 

analyzed more than 4,000 single IgG-secreting cells, revealing high interindividual variability in 

affinity for RBD, with variations over 4 logs. High-affinity plasmablasts were induced by BNT162b2 

vaccination against Hu-1 and Omicron RBD but disappeared quickly thereafter, whereas low-affinity 

plasmablasts represented more than 65% of the plasmablast response at all time points. Our 

droplet-based method thus proves efficient at fast and qualitative immune monitoring and should 

be helpful for optimization of vaccination protocols.
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An additional challenge is the rapid emergence of SARS-CoV-2 variants, particularly with mutations in 

the receptor-binding domain (RBD) of the spike protein, raising concerns that the immunity raised against the 

initial SARS-CoV-2 strain Wuhan-Hu-1 (termed Hu-1 herein), either following natural infection or following 

vaccination, would not be protective against SARS-CoV-2 variants of concern (VOCs) (10, 11). Whereas most 

VOCs (B.1.1.7 [Alpha], B.1.351 [Beta], P.1 [Gamma], B1.617.2 [Delta]) harbor relatively few (8–12) amino acid 

mutations in their spike protein as compared with the original Hu-1 strain, the Omicron BA.1, BA.2, BA.3, and 

BA.4/BA.5 variants harbor 24–34 mutations, making immune escape by these latter variants highly probable 

(12). Most clinically approved monoclonal antibodies (mAbs) indeed fail to protect from these newest variants 

(13, 14). This continuous emergence of novel viral variants isolated from patients drives a continuous vaccina-

tion effort to induce long-term immune responses with the hope to cover all present and future viral variants.

The main efforts to characterize the patient’s immune response to natural infection and/or vaccination 

focused on serological profiling of the circulating neutralizing antibody responses, and on spike- or RBD- 

specific memory B cells (MBCs), from which a selection of antibodies was expressed and assayed in vitro for 

neutralization potency and binding affinity (15, 16). While convergent results following natural infection and/

or vaccination report a fast decrease in serum neutralization over the first 3 months, the MBC response over 

time remains relatively stable against the original Hu-1 strain as well as most VOCs, with antibodies expressed 

from these repertoires exhibiting a wide range of 0.2–2,000 nM binding affinity against Hu-1 spike/RBD (3, 7, 

15, 17). Moreover, the cross-reactivity of anti–Hu-1 antibody and MBC responses with Omicron was reported 

to be approximately 30% after 2 vaccine doses (18, 19) and up to 50% after 3 doses (16).

Rare studies have included the analysis of  spike-specific antibody-secreting cells (ASCs), i.e., plasmablasts 

and plasma cells. Two investigations published by the Ellebedy lab analyzed bone marrow cells and fine-nee-

dle aspirates of  lymph nodes (9, 20). These studies described expression of  antibodies from bone marrow, 

lymph node plasma cells, and circulating plasmablasts, with up to 1,500 mAbs recombinantly expressed for 

a single study (20). This impressive work nevertheless required single-cell sorting, antibody variable region 

(VH-VL) gene sequencing, repertoire analyses, cloning/synthesis, recombinant expression, and finally, affin-

ity measurements. Therefore, while being extremely informative, such an approach entails a large workload, 

cost, and time investments, and thus the total number of  antibodies that can be eventually analyzed is limited.

The ability to measure large numbers of  spike-specific antibody binding affinity directly can shed light on 

the immune response following infection or vaccination in a rapid fashion that will help evaluate vaccination 

protocols and public health measures. We describe here an adaptation for such human studies of  a droplet- 

based microfluidic technology (DropMap) with same-day results obtained at highly reduced workload and 

costs (21). DropMap combines the immobilization within an observation chamber of  approximately 100,000 

picoliter-size droplets containing nonsorted single cells with an ultrasensitive fluorescent bioassay. DropMap 

was reported for mouse studies to qualitatively follow immune responses to protein immunization (22), bacte-

ria (23), viruses (24), and abnormal IgG secretion (25), and for clinical studies to measure single-cell cytokine 

secretion from sepsis patients (26), cytotoxicity from single human NK cells (27), and affinity and secretion 

rate of  IgGs secreted by autoreactive IgG-secreting cells from blood, spleen, and bone marrow of patients with 

immune thrombocytopenia (28). Using this massively parallel kinetic analyses of  single ASCs, we evaluated 

the initial circulating ASC responses in cohorts of  individuals vaccinated with BNT162b2 (Pfizer-BioNTech). 

Two cohorts were included, one of  individuals with no prior SARS-CoV-2 infection (COVID-19–naive), and 

one of  individuals who had recovered from a SARS-CoV-2 infection 1 year before (COVID-19–revovered). 

We followed these cohorts over time, after 1 or 2 doses of  SARS-CoV-2 mRNA vaccine and analyzed their 

ASC response against Hu-1 RBD, and for selected individuals also for BA.1 RBD.

Results
Single-cell bioassay allows phenotypic characterization of  RBD-specific ASCs. For this study, we adapted a single- 

cell bioassay in microfluidic droplets termed DropMap that we have described previously (22, 26, 28). 

DropMap allows for a direct sorting-free assessment of  the antibody-based cellular immune response, 

while characterizing the secretion rate, specificity, and affinity for SARS-CoV-2 Hu-1 RBD of  human IgG 

secreted by circulating plasmablasts and plasma cells, which here we collectively term IgG-secreting cells 

(IgG-SCs), allowing for analysis of  10,000–20,000 cells/hour.

Human peripheral blood mononuclear cells (PBMCs) of  volunteers were coencapsulated in drop-

lets along with paramagnetic nanoparticles and fluorescent bioassay reagents that were immobilized 

within an observation chamber and imaged over 1 hour by time-lapse fluorescence imaging (Figure 1A  
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and Supplemental Figure 1A; supplemental material available online with this article; https://doi.

org/10.1172/jci.insight.166602DS1). Including paramagnetic beads in the droplets allows the use of  

a magnetic field to align them and make a clearly distinguishable pattern (termed the “beadline”) by 

microscopy. The beads were coated with an IgG capture reagent, and the droplets contained a fluores-

cently labeled IgG detection reagent and fluorescently labeled monomeric RBD, leading to a fluorescent 

beadline when IgG is secreted within the droplet. The beadline thus serves as a physical surface for 

a double-fluorescent sandwich immunoassay, revealing IgG secretion from the cell and specificity of  

that IgG for the antigen (i.e., Hu-1 RBD; Figure 1, B and C). Image analyses consisted of  5 stages: (i) 

identifying each droplet and its spatial coordinates within the DropMap chamber; (ii) identifying the 

beadline within each droplet; (iii) selecting droplets containing a single cell; (iv) extracting for each 

time point the fluorescence signals of  the beadline, and of  the entire droplet without the beadline; 

and (v) calculating the fluorescence accumulation on the beadline over time. Each droplet is assessed 

individually, both computationally and visually, to ensure proper assay formation and data fidelity. The 

time-resolved fluorescence signals allow for the estimation of  IgG secretion rates and affinity for RBD 

of  the secreted IgG by using calibration curves generated with a monoclonal anti-RBD IgG with known 

affinity (K
D
) encapsulated at various concentrations (Supplemental Figure 1B). The resulting anti–Hu-1 

RBD reference curve, generated using 7 different anti-RBD IgG mAbs of  various affinities (29), allows 

for measurements with certainty over 2 logs of  affinities, i.e., 2 × 10–10 ≤ K
D
 ≤ 5 × 10–8 M (Figure 1D). 

Therefore herein, IgG interacting with RBD at a calculated K
D
 below 5 × 10–8 M is considered binding, 

i.e., anti-RBD IgG antibodies, and the cell secreting such IgGs is termed RBD-specific IgG-SCs.

Selected individuals were part of  2 longitudinal cohorts: a first cohort of  recovered COVID-19 

patients (4 severe [S-CoV] and 14 mild [M-CoV]), which is part of  the MEMO-COV-2 cohort (7) fol-

lowed for 1 year after initial infection prior to vaccination; and a second cohort of  11 COVID-19–naive 

healthcare workers, with no clinical history of  COVID-19 and no serological evidence of  previous 

SARS-CoV-2 infection (verified by the absence of  anti–SARS-CoV-2 nucleocapsid antibodies), vacci-

nated as part of  the French vaccination program. All individuals received the BNT162b2 vaccine and 

were sampled for circulating IgG-SC analyses after prime and/or boost (17). At the time of  this clini-

cal study, COVID-19–naive individuals could receive a primary vaccination and a booster vaccination, 

whereas COVID-19–recovered individuals were considered already primed by the infection, and there-

fore were given only 1 vaccine dose. As an example, blood was obtained from 1 COVID-19–naive donor 

(donor Na-5; 33 y/o, male) who was sampled 6 days after booster vaccination, from 1 mild COVID-19–

recovered patient (patient M-CoV39; 34 y/o, male) and 1 severe COVID-19–recovered patient (patient 

S-CoV16; 61 y/o, male) who were sampled 7 days after vaccination (Figure 1E), with detectable Hu-1 

RBD–specific IgG-SCs for all 3 individuals. These cells displayed a large range of  secretion rates of  IgG 

(~15–300 molecules per second [IgG/s]), with median values of  approximately 30, 60, and 60 IgG/s in 

these 3 individuals, respectively.

Anti–Hu-1 RBD IgG-SC populations following vaccination in naive or COVID-19–recovered individuals. Our 2 

cohorts included a total of  29 individuals, with a median age of  47 years (ranging from 27 to 65 years). 

Clinical characteristics are presented in Supplemental Table 1 and anti–Hu-1 RBD titers in Supplemental 

Figure 2, A and B. To investigate the affinity and secretion rate of  anti-RBD IgG-SCs, fresh blood samples 

were acquired in duplicate and analyzed on the same day, enabling the analysis of  10,000–20,000 single 

cells in total for each sample. We found that the frequency of  IgG-SCs was from 0.01% to 2.5% of  the 

mononuclear cell pool in the blood across all time points in the cohort. RBD-specific IgG-SCs could be 

identified in all samples, with high reproducibility in total and RBD-specific IgG-SC detection per replicate 

(exemplified in Supplemental Figure 2C). The 2 COVID-19–naive sampled before vaccination exhibited rare 

but detectable low-affinity (50 nM ≤ K
D
 ≤ 10 nM, median of  34 nM) anti-RBD IgG–producing IgG-SCs 

(Figure 2A), even if  their serum anti-RBD IgG titers were negative (Supplemental Figure 2A). IgG-SCs 

represented approximately 1% of  total PBMCs, with approximately 6% RBD-binding among total IgG-SCs 

in both naive individuals. We also identified rare low-affinity anti-RBD ASCs in frozen prepandemic PBMC 

samples of  3 blood bank donors (Supplemental Figure 2D), suggesting that seasonal Betacoronavirus led to 

the generation of  these cross-reactive low-affinity IgG-SCs to SARS-CoV-2 Hu-1 RBD. The 2 COVID-19–

recovered individuals sampled before vaccination also exhibited only low-affinity (median of  47 nM) anti-

RBD IgG–producing IgG-SCs, with IgG-SCs representing approximately 1% of  total PBMCs and with 2% 

RBD-binding among total IgG-SCs (Figure 2A). Based on these data, we conclude that previous COVID-19 
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infection does not result in high-affinity IgG-SCs circulating in the blood after 6 months, and rather leaves no 

detectable RBD-specific IgG-SC signature that can be distinguished from previously uninfected individuals.

BNT162b2 vaccination induced an increase in anti-RBD IgG titers (Supplemental Figure 2, A and B) 

and in IgG-SC numbers in COVID-19–naive individuals readily detectable 3–4 weeks after the first dose, 

representing on average 24% of  all IgG-SCs, with low (50 nM ≤ K
D
 ≤ 10 nM), medium (10 nM < K

D
 ≤ 1 nM),  

and high-affinity (K
D
 < 1 nM) anti-RBD IgG-SCs (pooled data in Figure 2A; for individual data refer to 

Supplemental Figures 3 and 4). Rare IgG-SCs displayed very high estimated affinity (K
D
 below 10–10 M) 

that were mathematically extrapolated from values outside the boundaries of  the reference curve presented 

in Figure 1D, and led to a median affinity of  18 nM for anti-RBD IgG-SCs in that group. One to 2 weeks 

after receiving the second dose (booster, performed 27–29 days after the first dose), COVID-19–naive indi-

viduals had anti-RBD IgG-SCs (24% among total IgG-SCs) that displayed a similar range of  affinities 

compared to 3–4 weeks after the first dose, but with a predominance of  low-affinity IgG-SCs, leading to a 

Figure 1. DropMap technique for the detection of anti–Hu-1 IgG–secreting cells. (A) Schematic showing the inputs and outputs of microfluidic encapsula-

tion. PBMCs (top) are flowed in parallel with bioassay components (RBD–Alexa Fluor 488, magnetic beads coated with anti–κ light chain nanobody (VHH), 

and anti-IgG F(ab′)
2
–Alexa Fluor 647) on the droplet nozzle. Oil flow closes the collected aqueous phases (cell component and bioassay component) into a 

water-in-oil droplet. The column of droplets depicts the potential outcomes of cell encapsulation. (B) Schematic showing the composition of the DropMap 

assay and potential changes to the assay as it progresses. In the absence of a cell (outer left) or with a non–IgG-SC (inner left), there is no change in RBD 

(green) or anti–IgG F(ab′)
2
 (red) fluorescence distributions over time. An IgG-SC (inner right) in the droplet causes anti–IgG F(ab′)

2
 (red) fluorescence to 

relocate to the beadline over time. An RBD-specific IgG-SC (outer right) causes both RBD (green) and anti–IgG F(ab′)
2
 (red) fluorescence to relocate to the 

beadline. (C) Example of droplets containing no mAb (top), 5 nM TAU-1109 anti-RBD mAb (center), or 5 nM isotype control IgG (clone mGO53, bottom), 

showing fluorescence relocation of Hu-1 RBD–Alexa Fluor 488 (green, left) and anti–IgG F(ab′)
2
–Alexa Fluor 647 (red, right). Scale bars: 50 μm. (D) Hu-1 

RBD affinity reference curve calibrated with anti-RBD mAbs with known K
D
 and DropMap slope determined from methods exampled in (Supplemental 

Figure 1B). Each dot represents the values for 1 mAb or isotype control. (E) Representative examples of anti-RBD antibody affinity (top) and IgG secretion 

(bottom) by circulating, single IgG-SCs (n = 171) from indicated individuals; each dot represents 1 IgG-SC; black bars indicate median values.
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median affinity of  28 nM (Figure 2A). Overall, more than 7 weeks after the second dose (53–71 days), anti-

RBD IgG-SCs (~10% among IgG-SCs) were mainly low-affinity IgG-SCs, leading to a median affinity of  

38 nM. This median affinity was comparable to nonvaccinated COVID-19–naive individuals, showing that 

RBD-specific ASCs generated after the boost rapidly disappeared from the circulation.

In the group of  COVID-19–recovered individuals, BNT162b2 vaccination induced a large increase in 

anti-RBD IgG-SC numbers also within 1–2 weeks after the first vaccine dose, representing on average 27% 

of  all IgG-SCs, with a large predominance of  low-affinity over medium-affinity anti-RBD IgG-SCs, and only 

rare high-affinity anti-RBD IgG-SCs, resulting in a median affinity of  28 nM. No significant difference could 

be observed between vaccinated mild- and severe-COVID-19–recovered patients (Supplemental Figure 5A). 

Three to 4 weeks after the first dose, the distribution of  affinities did not change significantly, with a median 

affinity of  22 nM (Figure 2A), and maintenance of  a high proportion (34%) of  anti-RBD IgG-SCs among 

IgG-SCs. More than 4 weeks after the first dose (31–63 days), low-affinity IgG-SCs represented almost all 

anti-RBD IgG-SCs (~10% among IgG-SCs) with rare exceptions, leading to a median affinity of  35 nM, 

which was similar to prevaccination values of  these COVID-19–recovered individuals.

As exemplified in Figure 1E, in parallel with measuring affinity of  the secreted IgG for SARS-

CoV-2 RBD, DropMap allows measurement of  the secretion rate of  IgG within each droplet. Circu-

lating anti-RBD IgG-SCs from all individuals in this cohort displayed a wide range of  IgG secretion  

(12–320 IgG/s), with a global median value of  approximately 36 IgG/s (Figure 2B). A significant 

Figure 2. Anti–Hu-1 RBD IgG-SC responses following vaccination. (A and B) (A) Affinities for SARS-CoV-2 Hu-1 RBD 

and (B) secretion rates of a single IgG-SC (n = 762) from pooled vaccinee data, with naive and recovered individuals 

shown in light blue and dark blue, respectively. Each dot represents a value from a single cell. Medians are shown. NS, 

nonsignificant. *P < 0.05; ****P < 0.0001 using Kruskal-Wallis test with Dunn’s test for multiple comparisons. Affini-

ties are grouped as low (yellow), medium (orange), and high (red) affinity, shown by the bar on the right and separated 

by the dotted lines. (C) Frequencies of RBD-specific IgG-SCs classified into low (yellow), medium (orange), high affinity 

(red), or no detectable binding (white), among total IgG-SCs (total numbers indicated in center).
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increase (1.5-fold) in IgG secretion rate was detected more than 6 weeks after the second dose in 

COVID-19–naive individuals compared with prevaccination. Noticeably, this increase reached the lev-

els found in COVID-19–recovered individuals (Figure 2B). No correlation was found, however, between 

affinity for RBD and IgG secretion rate using either the pooled data from all individuals or pooled data 

from subgroups of  individuals (Supplemental Figure 5, B–K).

In terms of  range of  affinities and their distribution, the anti-RBD IgG-SC response appeared very sim-

ilar between COVID-19–naive and COVID-19–recovered within 1 to 2 weeks after receiving the second and 

the first vaccine dose, respectively, with both cohorts displaying similar proportions between low-, medium-, 

and high-affinity IgG-SCs. Both groups demonstrated over the following weeks a rapid disappearance of  

high- and medium-affinity IgG-SCs in circulation, while keeping a similar fraction of  low-affinity RBD- 

specific IgG-SCs among circulating IgG-SCs (Figure 2C).

Thus, in both cohorts, the recall response mobilizing RBD-specific B cells generated a few weeks after 

mRNA vaccination in COVID-19–naive or in COVID-19–recovered individuals (1 year after infection) 

elicits a burst of  low-affinity anti-RBD IgG-SCs that rapidly wanes in the circulating blood.

Anti–Omicron BA.1 RBD IgG-SC populations following vaccination in naive or recovered individuals. The 

Omicron BA.1 variant of  SARS-CoV-2 appeared in France in early December, 2021, and we consid-

ered whether we could detect anti–BA.1 RBD cross-binding IgG-SCs in the samples collected before 

its emergence. Using fluorescently labeled BA.1 RBD, we generated a droplet bioassay (Figure 3A) and 

reference curve using BA.1 RBD cross-binding mAbs (Figure 3, B and C). Frozen samples of  1 vacci-

nated COVID-19–naive individual (Na-15; 41 y/o female; 6 days after second dose), 1 vaccinated mild-

COVID-19–recovered individual (M-CoV-45; 41 y/o female; 8 days after first dose), and 1 vaccinated 

severe-COVID-19–recovered (S-CoV16; 61 y/o male; 55 days after first dose) individual were assayed in 

duplicate and in parallel the same day for measurement of  affinity of  their IgG-SCs for Hu-1 and BA.1 

RBD. The distribution and affinity ranges of  anti–Hu-1 RBD IgG-SCs in these thawed samples (Figure 

3D) were similar to those detected in the fresh samples (panels Na-15, M-CoV-45, and S-CoV-16 in Sup-

plemental Figures 3 and 4). Interestingly, anti–BA.1 RBD IgG-SCs could be detected in all 3 samples 

collected before the appearance of  this SARS-CoV-2 variant, with 20%–50% fewer BA.1 RBD IgG-SCs 

compared with Hu-1 RBD IgG-SCs (Figure 3, D and E). Medium- and high-affinity anti–BA.1 RBD 

IgG-SCs were detected, with similar median affinities in each individual for BA.1 and Hu-1 RBD, and 

also between these 3 individuals. As in our analyses of  anti–Hu-1 RBD IgG-SCs, low-affinity anti–BA.1 

RBD IgG-SCs largely predominated in circulation over high-affinity IgG-SCs (Figure 3E). We conclude 

that approximately 50%–80% of  the Hu-1 RBD IgG-SCs elicited by booster vaccination were cross- 

reactive with the Omicron BA.1 VOC.

Discussion
This study demonstrates the power of  the droplet-based microfluidic approach (DropMap) (22, 28) for 

the rapid follow-up of  the human immune response to a pathogen, with results obtained within hours 

of  sampling. Herein we provide a broad “affinity repertoire” characterization of  circulating IgG-SCs 

over several time points following SARS-CoV-2 mRNA vaccination for the original Hu-1 SARS-CoV-2 

RBD. It describes similar expansion and contraction of  the circulating RBD-specific plasmablast pool 

following mRNA-based vaccination for prime/boosted COVID-19–naive and boosted COVID-19–

recovered individuals, reaching high proportions (up to a third) of  the total circulating plasmablast 

pool, in agreement with flow cytometry analyses (9, 30, 31) and proportions of  RBD-specific antibod-

ies among circulating antibodies (15).

We make the unanticipated observation that the majority of  RBD-specific IgG-SCs were of  lower affinity 

both in COVID-19–naive and –recovered individuals. The Ellebedy lab also reported that a large majority of  

plasmablasts producing antibodies with lower affinities — median of  80 nM — were also found in individuals 

who had received 2 doses of  the BNT162b2 vaccine 6 months earlier (20). Unexpectedly, we identified in the 

prevaccination samples of  2 COVID-19–naive donors with no evidence of  previous SARS-CoV-2 exposure, 

as well as in 3 prepandemic blood bank samples, rare IgG-SCs with low affinity for Hu-1 RBD. As Betacoro-

naviruses (OC43, HKU1) shared some, albeit limited, degree of  homology with the Hu-1 RBD (32), this 

suggests, as previously described in the MBC compartment (7), a cross-reactivity against conserved epitopes. 

Alternatively, the detection of  IgG-SCs with low affinity for Hu-1 RBD may also reflect intrinsic polyreactiv-

ity in the plasma cell compartment (33, 34).
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In vaccinated COVID-19–naive individuals, the predominance of lower-affinity RBD-specific clones in 

circulation strongly suggest that they derive from extrafollicular maturation of activated B cells into plasmab-

lasts harboring few mutations in IgVH, as described in patients with severe SARS-CoV-2 infection (35). By con-

trast, MBCs drive a recall response after antigenic rechallenge by differentiating into new ASCs that display the 

diverse array of high-affinity antibodies contained in the MBC repertoire, making the dominance of low-affinity 

clones quite unexpected. We have previously reported that some RBD-specific ASCs from COVID-19–recovered 

patients expressed enough B cell receptor (BCR) on the surface to be sorted 7 days after the boost (7). These 

clones displayed highly mutated V
H
 sequences corresponding to the recruitment of MBCs. The results obtained 

using DropMap suggest that while these high-affinity clones are mobilized, other clones with low affinity were 

also engaged in the response. Indeed, minor fractions of high-affinity (K
D
 < 1 nM) anti-RBD IgG-SCs in both 

COVID-19–naive and –recovered individuals were detected with affinities reaching picomolar values.

The regular and frequent emergence of  SARS-CoV-2 variants with mutations in the ACE2 RBD has 

complicated monitoring of  the vaccination response against COVID-19. In this context, here we provide 

the first reported affinities to our knowledge of  IgG-SCs against the Omicron BA.1 variant RBD. The medi-

an affinities between Hu-1 and BA.1 RBD–specific IgG-SCs were similar for the 3 samples we analyzed, 

but with a consistently lower frequency of  BA.1-specific compared with Hu-1-specific IgG-SCs. These find-

ings are largely consistent with existing analyses of  the MBC compartment (16, 18, 19) and from neutral-

izing plasma titers (10). Numerous studies have found the prevalence of  Hu-1 RBD–specific MBCs among 

the total MBC population to range between 0.01% and 10% (4, 5, 16, 29, 36–38), markedly lower than the 

Figure 3. DropMap for the detection of anti-BA.1 IgG–secreting cells. (A) Example of droplets containing no mAb (top) or 5 nM TAU-1109 mAb (bottom), 

showing fluorescence relocation of Omicron BA.1 RBD–Alexa Fluor 555 (yellow, left) and anti–IgG F(ab′)
2
–Alexa Fluor 647 (red, right). Scale bars: 50 μm. 

(B) In-droplet mAb (TAU-1109) measurement of fluorescence relocation at 0, 1.25, 2.5, and 5 nM in droplet concentration performed in triplicate. Each dot 

represents the mean of a triplicate measure. Linear regression is represented, with 95% confidence intervals in gray, n = 3. (C) Omicron affinity reference 

curve calibrated with anti-RBD mAbs with known K
D
 for BA.1 RBD and DropMap slope determined from method exemplified in B. (D) Affinities for SARS-

CoV-2 RBD of a single IgG-SC (n = 181) from naive and recovered individuals using either Hu-1 (blue) or BA.1 (orange) RBD. Each dot represents a value from 

a single cell. Medians are shown. (E) Frequencies of Hu-1–specific (top) or BA.1-specific (bottom) IgG-SCs classified into low (yellow), medium (orange), 

high affinity (red), or no detectable binding (white), among total IgG-SCs, with total numbers indicated in center.
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prevalence of  Hu-1 RBD–specific IgG-SCs among the total IgG-SC population (9, 31). Our results thus 

further support the notion that the reduced neutralization capacity of  vaccinee plasma toward BA.1 SARS-

CoV-2 is largely due to a drop in the number of  antibodies recognizing the BA.1 RBD, as opposed to a 

global shift in affinity, within the context of  RBD-specific clones.

The DropMap technique also allows for precise quantification of  single-cell antibody secretion. 

The amount of  Ig secreted by single IgG-SCs remains poorly characterized, with most studies assessing 

only global Ig concentrations or titers. Previous attempts to quantify IgG secretion by human IgG-SCs 

were performed only on in vitro–derived B cells and have reported a broad range of  estimated secretion 

rates, including approximately 450,000 IgG/s (~1 ng/cell/day) (39) down to approximately 10 IgG/s  

(~20 fg/cell/day) (40). We have recently reported that ex vivo IgG-SCs from healthy individuals had 

IgG secretion rates between approximately 5 and 500 IgG/s in the blood, bone marrow, and spleen (28), 

which are consistent with the secretion rates we describe here for vaccine-induced IgG-SCs. Our data 

show that COVID-19–recovered individuals display a higher basal IgG secretion level in anti–Hu-1 RBD 

IgG-SCs compared with COVID-19–naive individuals. This heightened level of  secretion was reached 

in COVID-19–naive individuals several weeks after the second dose of  BNT162b2. More investigation 

would be valuable to further establish physiological secretion rates of  IgG-SCs and what conditions 

either attenuate or potentiate Ig secretion over time, and to guide alternative vaccine design.

This study is the second application of DropMap to monitor human IgG-SCs, with several consistent find-

ings regarding IgG-SC physiology between 2 different antigens (a human glycoprotein [28] versus a viral surface 

protein) and models driving IgG-SC generation (autoimmunity versus immunization). DropMap has also been 

used in other aspects of immune monitoring, including cytokine secretion by T cells from healthy or sepsis 

patients (26) and cytokine secretion and cytotoxicity from single human NK cells (27, 41). Despite the advantages  

afforded by droplet microfluidic techniques, it should be noted that such analyses require precise fabrication of  

imaging apparatuses and microfluidics consumables, which are currently not commercially available. Nonethe-

less, the affinity repertoire is a valuable component of the B cell responses to evaluate. Combining DropMap 

with other single-cell technologies, such as BCR sequencing and single-cell transcriptomics to correlate pheno-

type with genotype, and liquid chromatography–tandem mass spectrometry proteomics will ultimately allow for 

a more complete understanding of the key aspects in antibody-mediated immunity (reviewed in ref. 21).

This study provides direct ex vivo, sorting-free analyses to assess the prevalence and quality of  

antigen-specific cells among circulating IgG-SCs following human vaccination. Application of  similar 

DropMap screenings following vaccination could be valuable to determine whether the proportions of  

specific IgG-SCs we observed is consistent between vaccine designs (adenovirus-, protein-, or mRNA-

based), different types of  pathogens (bacteria vs. viruses), and different antigens and doses. Together, 

these endeavors highlight the functional diversity of  antibodies generated following immunization and 

offer demonstration of  efficient, high-throughput methods for characterizing B cell responses.

Methods

Cloning, expression, and purification of SARS-CoV-2 RBD

The codon-optimized sequence encoding the SARS-CoV-2 RBD was downloaded from the NCBI data-

base, synthesized by Syntezza, and cloned into the pcDNA3.1 mammalian expression vector. The con-

struct contained an N-terminal signal peptide (MKAPAVLAPGILVLLFTLVQRSNG) and 2 C-terminal 

tags: a hexahistidine tag (His-tag) for downstream protein purification and a site-specific biotinylation 

tag (GLNDIFEAQKIEWHE, AviTag). The RBD-containing vector was used to transiently transfect 

Expi293F cells (Thermo Fisher Scientific) using the ExpiFectamine 293 Transfection Kit (Thermo Fisher  

Scientific) or FectoPRO (Polyplus). Seven days after transfection, the cell supernatant was collected, fil-

tered (0.22 μm), and incubated with Ni2+-NTA agarose beads (Cytiva Life Sciences) for 2 hours at room 

temperature. The protein was eluted with 200 mM imidazole, buffer-exchanged to PBS, and aliquoted 

and stored at –80°C.

Antibody expression and purification

The human mAbs used in this study (TAU-1109, TAU-2220, TAU-1115, TAU-2230, TAU-1145, 

TAU-2303, TAU-2189, TAU-2310, and mGO53) were isolated, cloned, and expressed as previously 

described (29, 42). Briefly, cloned antibody vectors for IgG1 heavy chain (H) and κ or λ light chains were  
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cotransfected at a ratio of  1:3 (H/κ or H/λ) into Expi293F cells using the ExpiFectamine 293 Transfection 

Kit. Seven days after transfection, the cell supernatant was collected, filtered (0.22 μm), and incubated 

with protein A–coated agarose beads (GE Life Sciences) for 2 hours at room temperature. The antibodies 

were eluted using 50 mM sodium phosphate (pH 3.0) and the pH was immediately adjusted using 1 M 

Tris-HCl (pH 8.0). Following buffer exchange to PBS, the reactivity of  each mAb was confirmed by ELISA  

before it was aliquoted and stored at –80°C.

Protein labeling

NHS-ester dyes used included AF488 (FP-M17231, FluoProbes) and AF555 (FP-U90663, FluoProbes). 

The Hu-1 RBD was conjugated with AF488 and the BA.1 RBD with AF555 according to the manufac-

turer’s recommendations.

Sample preparation

PBMCs were isolated from venous blood samples via standard density gradient centrifugation (Ficoll) 

and used fresh or after cryopreservation at –150°C in fetal bovine serum with 20% DMSO. PBMCs were 

enriched in ASCs by negative selection using anti-CD3 microbeads (Miltenyi Biotec) following the manu-

facturer’s protocol.

Aqueous phase I: preparation of cells for droplet compartmentalization

Cell suspensions were centrifuged (300g, 5 minutes) and resuspended twice using MACS buffer (PBS 

pH 7.2, 0.2% bovine serum albumin, and 2 mM EDTA). After each resuspension, cells were filtered 

through a 40-μm cell strainer to eliminate aggregates. Cells were then spun (300g, 5 minutes) and 

resuspended in DropMap buffer (RPMI without phenol red supplemented with 0.1% Pluronic F68, 25 

mM HEPES pH 7.4, 5% KnockOut serum replacement [Thermo Fisher Scientific], and 0.5% human 

serum albumin [Sigma-Aldrich]). Cell density was adjusted to achieve a mean number of  cells per 

droplet of  approximately 0.3. For calibration curves, monoclonal IgG antibodies were diluted in Drop-

Map buffer.

Aqueous phase II: preparation of beads and bioassay reagents

Paramagnetic nanoparticles (Strep Plus 300 nm, Ademtech) were washed with Dulbecco’s PBS with 

calcium and magnesium (DPBS++, Thermo Fisher Scientific). Nanoparticles were resuspended in 

DPBS++ containing 1 μM CaptureSelect biotin-labeled anti–human κ light chain (Igκ; 7103272100, 

Thermo Fisher Scientific) for Hu-1 RBD assays or CaptureSelect anti–human constant heavy chain 1 

(IgG-CH1; 7103202100, Thermo Fisher Scientific) for assays shown in Figure 3, and incubated 20 min-

utes at room temperature. After another wash with DPBS++, nanoparticles were resuspended in 5% 

pluronic F127 solution (Thermo Fisher Scientific) and incubated 20 minutes at room temperature. The 

nanoparticles were washed again and resuspended in DropMap buffer containing fluorescent reporter  

proteins for a final concentration of  1.25 mg/mL beads. Reporter proteins included Alexa Fluor 

647–labeled F(ab′)
2
 fragment of  a rabbit anti–human IgG Fc-specific antibody (309-606-008, Jackson 

ImmunoResearch) used at 75 nM final in-droplet concentration; fluorophore-conjugated RBD(s) were 

used at 30 nM final in-droplet concentration.

Droplet production and collection

Droplets were generated using hydrodynamic flow focusing on a microfluidic chip, as described pre-

viously (22). The wafer master of  the SU-8 photoresist layer (MicroChem) approximately 40 μm in 

thickness was manufactured using soft lithography (43) and microfluidic chips were fabricated using 

soft lithography in polydimethylsiloxane (PDMS; Sylgard) (22). The continuous phase comprised 2% 

(wt/wt) 008 Fluorosurfactant (RAN Biotechnologies) in Novec HFE7500 fluorinated oil (3M). Aque-

ous phases I and II were co-flowed and partitioned into droplets. The flow rate of  aqueous phases I 

and II was 70 μL/h, with an oil flow rate of  600 μL/h to achieve monodispersed droplets of  approxi-

mately 40 pL volume. Newly generated droplets were directly injected into the DropMap 2D chamber 

system (22) and mounted on a widefield fluorescence microscope (Ti2-Eclipse, Nikon). The emulsion 

was exposed to a magnetic field, forcing the nanoparticles inside each droplet to form an elongated 

aggregate termed the “beadline.”
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Data acquisition

Images were acquired using a Nikon inverted microscope with a motorized stage (Ti2-Eclipse). Exci-

tation light was provided by a light-emitting diode (LED) source (AURA III light source, Lumencor 

Inc.). Fluorescence for the specific channels was recorded using appropriate band-pass filters and camera 

settings (Orca Flash 4.0, Hamamatsu) at room temperature and ambient oxygen concentration. Images 

were acquired using a 10× objective (NA 0.45). An array of  9 × 9 images was acquired for each replicate, 

every 7.5 minutes, in all channels over 37.5 min (6 measurements total). A 9 × 9 image array describes a 

matrix of  81 individual 10× objective image acquisitions that are stitched together to form a single image 

with a height and width of  9 × (single image height/width). Each chamber (chip) contains droplets cor-

responding to a single sample, with the experiment repeated in duplicate. Duplicates were systematically 

acquired for every sample, with each replicate being the filling of  the DropMap 2D chamber with a novel 

droplet population acquired over time on a 9 × 9 image array.

Image analysis and calculations

Images were analyzed using a custom-made MATLAB script (MathWorks) to identify each droplet and its 

beadline. In each fluorescence channel and for each droplet, the pixel intensities of  the beadline and the 

mean pixel intensities except the beadline (background fluorescence) were extracted. Droplet fluorescence 

relocation at each time point was calculated by dividing the intensity of  the beadline by that of  the back-

ground. Data were exported to Excel (Microsoft) and sorted for droplets showing an increase in relocation 

of  the anti-IgG reporter fluorescence (Alexa Fluor 647) over time and above a threshold of  Alexa Fluor 647 

relocation greater than 1.3. Sorted droplets were visually assessed for the presence of  a single cell within 

the droplet, no droplet movement between image acquisitions, the absence of  fluorescent particles other 

than the beadline (e.g., fluorescent protein aggregates, cell debris), and undesired aggregation of  fluorescent 

reporters on the cell surface inside the droplet. IgG secretion rate and dissociation constant (K
D
) were esti-

mated as described previously (22).

Estimation of  K
D
 for RBD within each droplet. A reference curve was obtained by defining relocation 

values for anti-IgG (Alexa Fluor 647) and RBD with a panel of  7 anti-RBD mAbs with a 1 log K
D
 range, 

determined using bio-layer interferometry (ForteBio). Droplet populations were generated with different 

concentrations of  each mAb or buffer and the DropMap bioassay. A curve was defined by plotting the relo-

cation from the anti-IgG (Alexa Fluor 647) against relocation of  RBD, and the slope of  the resulting line 

was calculated and termed “DropMap slope.” The reference curve was defined by the linear relationship 

between K
D
 for RBD as defined by bio-layer interferometry and the DropMap slope of  each mAb.

Affinity determination of mAbs

Bio-layer interferometry measurements were performed using anti–human IgG sensors in an OctetHTX 

system (ForteBio). Biosensors were equilibrated in assay buffer (PBS with 0.05% Tween 20 [Xantec, B 

PBST 10-500] diluted to 1× in sterile water + 0.1% BSA) for at least 10 minutes prior to measurement. 

Anti-RBD mAbs (10 μg/mL) diluted in assay buffer were immobilized on sensors (90 seconds), followed 

by a baseline in assay buffer (30 seconds), association with Hu-1 or Omicron BA.1 RBD in solution across 

6 serial 2-fold dilutions (300 seconds), and dissociation (600 seconds) steps. Traces were preprocessed by 

reference sample subtraction, alignment to the baseline average, and Savitzky-Golay filtering. K
D
 was deter-

mined using a 1:1 binding model with global fitting in HT Analysis 11.1 software (ForteBio).

Data availability

Assay microscopy images and droplet detections with beadline/droplet intensity measurements are 

available upon request.

Statistics

GraphPad Prism version 9.4.1 was used for all analyses. Data were not normalized or normalized prior to 

being analyzed. All data points present single-cell values unless otherwise stated. Each sample (1 patient at 

a designated time point) was measured in 2 independent experiments and data points were pooled between 

duplicate experiments. Samples were not pooled unless explicitly stated. Affinity and secretion data were 

determined to be neither normally distributed nor log-normally distributed according to the D’Agostino 

and Pearson, Anderson-Darling, and Kolmogorov-Smirnov tests. The Kruskal-Wallis test was used for 
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comparing samples or groups of  samples, with Dunn’s multiple-comparison test for hypothesis testing. 

Statistical significance was set to a P value of  0.05 or less.

Study approval

This study was conducted in compliance with the Declaration of  Helsinki principles and was approved 

by the Agence de la Biomédecine and the Institutional Review Board Comité de Protection des Personnes 

(CPP) Ile-de-France VI (number 40-20 HPS).

All patients provided written informed consent before the collection of  samples. In total, 34 

COVID-19–recovered patients from the original MEMO-COV-2 cohort were followed up to 12 months 

after infection and/or vaccination. Among them, 17 patients had severe COVID-19 (patients requiring 

oxygen, S-CoV) and 17 had a mild COVID-19 disease (mainly healthcare workers, M-CoV). An addi-

tional cohort of  9 patients who experienced mild COVID-19 during the first wave and were vaccinated 

at least 6 months after the infection were recruited. SARS-CoV-2 infection was defined as confirmed 

reverse transcriptase polymerase chain reaction (RT-PCR) on nasal swab or clinical presentation asso-

ciated with typical aspect on CT scan and/or serological evidence. Twenty-five healthcare workers who 

had no history of  COVID-19 and negative IgG anti-nucleocapsid (and/or anti-spike) were enrolled in 

the naive group (IRB 2018-A01610-55).

All vaccinated participants received the BNT162b2 mRNA vaccine. COVID-19–recovered patients 

received only 1 dose, in line with French guidelines. The first injection was realized in a mean of  309 days 

(±44.6 days SD) after the infection. Naive patients received 2 doses at a mean of  27.7 days (±1.8 days SD).

Prior to vaccination, samples were collected from COVID-19–recovered patients 12 months after symp-

toms onset (mean ± SD 329.1 ± 15: 8.8 days after disease onset for S-CoV, and 342.0 ± 8.6 days after dis-

ease onset for M-CoV). Samples at 12 months after disease onset were defined as “pre-boost.” For patients 

not sampled before vaccination (n = 9/34), the sample at 6 months was considered “pre-boost.” For naive 

patients, the “prime” time point was defined as the sampling between the 2 doses and was drawn at a mean 

of  20.2 ± 5.9 days after the first vaccine injection.

Samples were additionally collected shortly after the boost (mean ± SD: 10 ± 5.3 days for S-CoV, 

23 ± 6.1 days for M-CoV, and 9 ± 4.0 days for naive), and 2 months after the boost (mean ± SD: 64.7 ± 

15.3 days for S-CoV, 63.2 ± 11.9 days for M-CoV, and 63.3 ± 9.0 days for naive). Clinical and biological 

characteristics of  these patients are summarized in Supplemental Table 1. Patients were recruited at the 

Henri Mondor University Hospital (AP-HP) between March and April 2021. The MEMO-COV-2 study 

(ClinicalTrials.gov NCT04402892) was approved by the ethical committee Ile-de-France VI (number 

40-20 HPS), and was performed in accordance with French law. Written informed consent was obtained 

from all participants.
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ARTICLE 2 

High Throughput Affinity Mapping on Anti-RBD Antibodies 

I collaborated in January 2021 with the group of Immune System Development at Institut 

Necker Enfants Malades (INEM) directed by Dr Matthieu Mahévas to characterize the B cell 

response to vaccination against SARS-COV2 with Pfizer/BioNTech COMIRNATY. In this section 

I have included the published manuscript (Sokal et al. 2021)129 of this work, for which I am a co-

first author. 

An integral component of the immune response to immunization is the generation of 

memory B cells (Bmems), responsible for ensuring rapid, robust immune responses to later 

infection and surveilling tissues and the circulation for their targets. The affinity of antibodies 

expressed by Bmems is inextricably linked to their ability to bind to their target antigen and 

eventually respond to natural infection. My individual contribution to this manuscript was to 

characterize by biolayer interferometry (BLI - Octet HTX) the affinity of approximately 600 

individual memory B cells cultured to differentiate into IgG-secreting cells against WT SPIKE-

RBD and 5 additional variants. This required the adaptation of a high throughput screening method 

(Lad, L. et al.) published for hybridoma characterization to be suitable for human antibody 

characterization, using anti-RBD mAbs as internal controls before analyzing the soluble IgG from 

memory B cell cultures. 
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France Pirenne,5,11 Jérôme Mégret,12 Jean-Michel Pawlotsky,6,7 Simon Fillatreau,1 Pierre Bruhns,4,17

Felix A. Rey,3,17 Jean-Claude Weill,1,17,* Claude-Agnès Reynaud,1,17,* Pascal Chappert,1,13,17,*
and Matthieu Mahévas1,2,5,17,18,*
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SUMMARY

In addition to serum immunoglobulins, memory B cell (MBC) generation against severe acute respiratory syn-

drome coronavirus 2 (SARS-CoV-2) is another layer of immune protection, but the quality of MBC responses

in naive and coronavirus disease 2019 (COVID-19)-recovered individuals after vaccination remains ill defined.

We studied longitudinal cohorts of naive and disease-recovered individuals for up to 2 months after SARS-

CoV-2 mRNA vaccination. We assessed the quality of the memory response by analysis of antibody reper-

toires, affinity, and neutralization against variants of concern (VOCs) using unbiased cultures of 2,452

MBCs. Upon boosting, the MBC pool of recovered individuals expanded selectively, matured further, and

harbored potent neutralizers against VOCs. Although naive individuals had weaker neutralizing serum re-

sponses, half of their RBD-specific MBCs displayed high affinity toward multiple VOCs, including delta

(B.1.617.2), and one-third retained neutralizing potency against beta (B.1.351). Our data suggest that an addi-

tional challenge in naive vaccinees could recall such affinity-matured MBCs and allow them to respond effi-

ciently to VOCs.
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INTRODUCTION

The coronavirus disease 2019 (COVID-19) pandemic, caused by

severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2),

has resulted in more than 220 million infections and at least

4.5 million deaths as of September 6, 2021. Vaccination is the

main hope to control the pandemic. COVID-19 vaccines

containing nucleoside-modified mRNA encoding the original

Wuhan-Hu-1 SARS-CoV-2 spike glycoprotein (S), developed

by Pfizer/BioNTech (BNT162b2) and Moderna (mRNA-1273),

are now being deployed worldwide. They have been shown to

be safe and highly effective to prevent infection and control dis-

ease severity (Baden et al., 2021; Dagan et al., 2021; Polack

et al., 2020).

The emergence of SARS-CoV-2 variants bearing mutations in

key B cell epitopes, however, has raised concerns that virus evo-

lution will erode natural immunity or the protection offered by

vaccination. One early mutation in the S protein (D614G), which

shifts the equilibrium between the open and closed protein

conformation without modifying antibody neutralization, has

become globally dominant (Plante et al., 2021; Weissman

et al., 2021; Yurkovetskiy et al., 2020), and novel variants of

concern (VOCs) or variants of interest (VOIs) have spread around

the world, with additional combinations of mutations and dele-

tions located mainly in the ACE-2 receptor-binding domain

(RBD) and the N-terminal domain of the S protein. Mutations in

the RBD are of particular importance because a large fraction

of neutralizing antibodies elicited after infection and vaccination

target this domain. The selective advantage provided by these

mutations has resulted in their increasing prevalence: N501Y in

the B.1.1.7 (alpha) variant; K417N, E484K, N501Y in the

B.1.351 (beta) variant; K417T, E484K, N501Y in the P.1 (gamma)

variant; and L452R, E484Q, or L452R, T478K in the B1.617.1

(kappa) and B1.617.2 (delta) variants, respectively (Cherian

et al., 2021; Davies et al., 2021; Greaney et al., 2021a; Tegally

et al., 2021).

The higher infectiousness of the B.1.1.7 variant does not

impair the neutralizing antibody response (Davies et al., 2021;

Garcia-Beltran et al., 2021; Planas et al., 2021a; Supasa et al.,

2021). In contrast, the E484K and K417T/N mutations in the

B.1.351 and P.1 strains markedly reduced the neutralization po-

tency in COVID-19-recovered or naive vaccinated individuals

(Cele et al., 2021; Edara et al., 2021; Greaney et al., 2021a; Hoff-

mann et al., 2021; Planas et al., 2021a; Wang et al., 2021a; Xie

et al., 2021). Even though infection with VOCs or VOIs remains

possible after successful vaccination (Hacisuleyman et al.,

2021), the effectiveness of the BNT162b2 vaccine against

B.1.351 in preventing severe disease has been demonstrated

recently during a vaccination campaign in Qatar (Abu-Raddad

et al., 2021).

In parallel to the rapid antibody-secreting cell (ASC) and serum

immunoglobulin G (IgG) response, progressive generation of

memory B cells (MBCs) against the SARS-CoV-2 virus is another

layer of immune protection (Dugan et al., 2021; Gaebler et al.,

2021; Rodda et al., 2021; Sakharkar et al., 2021; Sokal et al.,

2021). MBCs not only persist after infection but evolve continu-

ously and mature by progressive acquisition of somatic muta-

tions in their variable-region genes to improve affinity through

an ongoing germinal center response, potentially driven by anti-

genic persistence (Gaebler et al., 2021; Rodda et al., 2021; Sokal

et al., 2021). MBCs further drive the recall response after anti-

genic rechallenge by differentiating into new ASCs displaying

the diverse array of high-affinity antibodies contained in the

MBC repertoire. However, a strong convergence of the anti-

RBD response across COVID-19-recovered and naive vacci-

nated individuals shaped by recurrent germline gene families

has been described. This could favor viral mutational escape

because one single mutation in the RBD can confer a selective

advantage by reducing the binding and neutralizing activity of

antibodies (Garcia-Beltran et al., 2021; Greaney et al., 2021a).

Upon vaccination, COVID-19-recovered individuals showed a

striking expansion of RBD-specific MBCs (Goel et al., 2021a;

Wang et al., 2021b) and elicited a strong serum antibody

response, including cross-neutralizing antibodies against

VOCs (Ebinger et al., 2021; Konstantinidis et al., 2021; Krammer

et al., 2021; Manisty et al., 2021; Saadat et al., 2021; Samanovic

et al., 2021; Stamatatos et al., 2021; Wang et al., 2021b). Much

less is known about the long-term stability, dynamics, and func-

tionality of the MBC repertoire after repeated antigenic stimula-

tion. How the MBC pool will contract or expand its diversity after

a new challenge is of major importance in the context of vaccina-

tion schemes with repeated homologous or heterologous

booster doses and coexistence of multiple VOCs.

Here we longitudinally characterized the dynamics, clonal

evolution, affinity, and neutralization capacity of anti-SARS-

CoV-2 MBCs after mRNA vaccination in naive and SARS-CoV-

2-recovered individuals from an analysis of over 2,000 naturally

expressed antibodies from single-cell cultured, RBD-specific

MBCs. We demonstrate that mRNA vaccination selects high-

affinity neutralizing clones without compromising the overall

MBC pool.

RESULTS

mRNA vaccination boosts serum IgG levels in SARS-

CoV-2-recovered and naive individuals

The B cell immune response elicited by vaccination was

analyzed in two cohorts, one of individuals infected previously

with SARS-CoV-2 (SARS-CoV-2 recovered) and one of virus-

naive individuals (SARS-CoV-2 naive). We previously character-

ized the longitudinal evolution and maturation, up to 6 months

after infection, of SARS-CoV-2-responding B cells in a cohort

of mild ambulatory (M-CoV) and severe forms of COVID-19

requiring oxygen (S-CoV) (Sokal et al., 2021). Thirty-four individ-

uals from this original cohort were included in this study, along

with 9 additional individuals with COVID-19, for a total of 17

S-CoV and 26 M-CoV individuals (Figure 1A; Table S1). All indi-

viduals in this first cohort received one dose of the Pfizer-Bio-

NTech mRNA (BNT162b2) vaccine between 6 and 12 months

after infection (median, 309 days after COVID-19 symptom

onset; range, 183–362 days; Table S1C). This unique vaccine

dose for SARS-CoV-2-recovered individuals is referred to as

‘‘boost.’’ As a parallel cohort, we recruited 25 healthcare workers

with no clinical history of COVID-19 and no serological evidence

of previous SARS-CoV-2 infection. SARS-CoV-2-naive individ-

uals in this second cohort received 2 doses of the BNT162b2

vaccine as part of the French vaccination campaign. The second

vaccine dose, also referred to as ‘‘boost,’’ was received, in
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Figure 1. The mRNA vaccine boosts humoral response against SARS-CoV-2 and VOCs in naive and SARS-CoV-2-recovered individuals

(A) Cohort design.

(B) Anti-SARS-CoV-2 RBD serum IgG titers measured by ELISA in S-CoV (n = 16, left panel, dark blue) and M-CoV (n = 15, right panel, light blue) 6 and 12 months

after symptom onset.

(C) Evolution of anti-SARS-CoV-2 RBD serum IgG titers after BNT162b2 vaccination. IgG titers (arbitrary units [a.u.]) are shown at pre-boost (month 6 ormonth 12)

for SARS-CoV-2-recovered (S-CoV, dark blue; M-CoV, light blue) or after the prime for naive individuals (white) as well as 7 days and 2 months after the vaccine

boost. Bars indicate mean ± SEM.

(B and C) The lower dashed line indicates the positivity threshold, and the upper dashed line indicates the upper limit of detection as provided by the manu-

facturer.

(D) Heatmap representing the observed in vitro neutralization of D614G SARS-CoV-2 (left), B.1.351 (center), and B.1.617.2 VOCs (right) by sera from SARS-CoV-

2-recovered individuals at the pre-boost and boost + 2months time points (serial dilutions: 1/10, 1/40, 1/160, 1/640, 1/2,560, and 1/10,240). Each line represents

one individual.

(E) Half-maximal inhibitory concentration (IC50) for all sera tested from SARS-CoV-2-recovered and naive individuals at pre-boost and boost + 2 months time

points against D614G SARS-CoV-2, B.1.351, and B.1.617.2 VOCs. Bars indicate mean ± SEM.

We performed two-way ANOVA with multiple comparisons of all groups (B), repeated-measures mixed-effects model analysis with two sets of multiple com-

parisons (between donor groups inside each time point and between time points for each donor group) (C), and repeated-measuresmixed-effectsmodel analysis

withmultiple comparisons between time points for each recovered donor group and Kruskal-Wallis with multiple comparisons between donor groups inside each

time point (E) (Benjamini, Krieger, and Yekutieli false discovery rate [FDR] correctionwas used for all multiple comparisons). ****p < 0.0001, ***p < 0.001, **p < 0.01,

*p < 0.05. See also Figure S1 and Tables S1 and S2.
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Figure 2. mRNA vaccination activates multiple SARS-CoV-2 RBD-specific B cell subsets in SARS-CoV-2-recovered and naive individuals

(A) Representative dot plot of SARS-CoV-2 RBD staining of CD19+IgD�CD27+CD38int/�MBCs at 6 and 12 months in one S-CoV and one M-CoV representative

individual.

(B and C) Frequencies of SARS-CoV-2 RBD-specific cells in live CD19+IgD�CD27+CD38int/� MBCs 6 and 12 months after symptom onset in SARS-CoV-2-

recovered individuals (S-CoV: dark blue, n = 14/14; M-CoV: light blue, n = 11/12) (B) and at pre-boost, boost + 7 days, and boost + 2 months time points in S-CoV

(dark blue, n = 17/6/6), M-CoV (light-blue, n = 14/21/20), and naive (white, n = 10/13/23) individuals. Bars indicate mean ± SEM.

(D) UMAP projections of concatenated CD19+IgD� B cells multiparametric fluorescence-activated cell sorting (FACS) analysis from 5 S-CoV and 8 M-CoV

individuals, analyzed longitudinally. His-tagged labeled SARS-CoV-2 RBD-specific cells are overlaid as red dots.

(E and F) Unsupervised clustering (FlowSOM) performed on the concatenated FACS dataset. Main defined clusters (>2% of total CD19+IgD� B cells) are shown

as overlaid contour plots on the global UMAP representation (E). Cluster distribution of SARS-CoV-2 RBD-specific cells in identified clusters, at the indicated time

point, is further displayed as bar plots (F). Bars indicate mean ± SEM.

(G) Representative dot plots for CD71 and CD19 expression in IgD�CD19+CD38int/� B cells at the indicated time points from representative S-CoV, M-CoV, and

naive individuals. SARS-CoV-2 RBD-specific MBCs are overlaid as red dots.

(legend continued on next page)
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median, 28 days after the first dose of the vaccine, referred to as

‘‘prime.’’ Post-boost blood samples were collected from all

vaccinated participants, in median, 8 days (range, 5–22 days)

and 2 months after the injection (Figure 1A; Table S1C). Eight

SARS-CoV-2-naive donorswere sampled additionally after initial

priming.

We first measured the pre- and post-boost evolution of IgG

serum titers against the wild-type (WT) RBD in both cohorts.

Anti-RBD IgG titers remained stable between 6 and 12 months

after infection in SARS-CoV-2-recovered individuals, with only

a mild decrease seen in S-CoV individuals (Figure 1B). In line

with previous reports, a single dose of mRNA vaccine elicited a

strong recall response in all individuals, with anti-RBD IgG titers

increasing, on average, by 24-fold in S-CoV and 53-fold in

M-CoV individuals compared with pre-boost titers (Figures 1C

and S1A; Table S2A). In SARS-CoV-2-naive individuals, the

mRNA vaccine boost also induced a robust anti-RBD IgG

response (average of 25-fold-increase), although titers remained

inferior to SARS-CoV-2-recovered individuals at all time points

(mean 10,870 versus 75,511 a.u./mL in S-CoV and 55,024 in

M-CoV, p = 0.005 and p < 0.0001, respectively). Despite contrac-

tion of the response in all groups, anti-RBD IgG titers were at

least 10-fold higher than pre-boost/prime titers 2 months after

boost (Figures 1C and S1A).

Twelve months after infection, all sera from SARS-CoV-2-

recovered individuals demonstrated neutralization potential in

a focus reduction assay against an authentic SARS-CoV-2 virus

carrying the dominant D614G amino acid change in the S1

domain of its S protein (Figures 1D, 1E, S1B, and S1C). This po-

tential wasmore pronounced in S-CoV than inM-CoV individuals

but, as expected, was reduced similarly in both groups against

the B.1.351 VOC strain, harboring three mutations in its RBD

(N501Y, which increases the affinity for the ACE2 receptor, and

E484K and K417N, which are implicated in escape from neutral-

izing antibodies; Harvey et al., 2021), along with several muta-

tions in other S domains. As reported previously (Goel et al.,

2021a; Reynolds et al., 2021; Stamatatos et al., 2021; Wang

et al., 2021b), a boost mRNA vaccine strongly enhanced the

overall neutralizing potency of SARS-CoV-2-recovered individ-

uals against the D614G and B.1.351 viruses, with all S-CoV

and M-CoV sera achieving a half-maximal inhibitory concentra-

tion (IC50) lower than 1/2,560 for the D614G strain. All sera

from S-CoV individuals also reached strong neutralizing potency

against the B.1.351 and B.1.617.2 (delta) virus (IC50 <1/2,560),

although we cannot exclude differences above the tested dilu-

tion range for both VOCs (Figures 1D, 1E, and S1B; Table

S2B). For M-CoV individuals, the gain in neutralization potency

against B.1.351 and B.1.617.2 VOCs was also clear but more

modest for the B.1.351 virus. Sera from all naive individuals

also showed detectable neutralizing activity against the D614G

strain at the final time point in our study (mean IC50, 1/988;

range, <2,560 to 1/103), but never reached the IC50 seen in

SARS-CoV-2-recovered individuals. This potency was reduced

further against the B.1.351 VOC strain (mean IC50, 1/332), with

8 of 23 individuals (35%) displaying an IC50 above 1/100 against

this variant. In contrast, all naive individuals tested displayed low

but detectable neutralization capacity against the B.1.617.2

variant.

These data show that a boost of mRNA vaccine based on the

Wuhan-Hu-1 S protein induces a strong recall response in all

SARS-CoV-2-recovered individuals, with strong neutralizing

IgG serum titers against D614G SARS-CoV-2 as well as

B.1.351 and B.1.617.2 VOCs in most individuals. The lower

neutralization potency achieved in naive individuals suggests a

key role of the maturedMBC pool present in SARS-CoV2-recov-

ered patients in modeling the quality of the vaccine response,

including cross-neutralization of VOCs.

mRNA vaccination mobilizes MBCs in SARS-CoV-2-

recovered individuals

Similar to the serum IgG titers, the percentage of RBD-specific

and S-specific CD27+IgD� B cells remained stable between 6

and 12 months in SARS-CoV-2-recovered individuals irrespec-

tive of initial disease severity, confirming generation of germinal

center-derived, long-lived MBCs after natural infection (Figures

2A, 2B, S2A, and S2B). RBD-specific MBCs, which represent a

large fraction of the neutralizing MBC pool against SARS-

CoV-2, expanded substantially after one dose of the mRNA vac-

cine before a modest contraction at 2 months (Figures 2C and

S2C; Table S2). In contrast, only low numbers of RBD-specific

B cells were detectable in naive individuals after prime, with a

non-significant effect of boost vaccination (Figure 2C), although

RBD-specific ASCswere observed in all donors in the early steps

of the post-boost response (Figure S2D). The frequency of RBD-

specific MBCs persisting 2 months after the boost in naive indi-

viduals remained significantly lower than the frequency of MBCs

observed in SARS-CoV-2-recovered individuals before vaccina-

tion (Figure 2C), with similar profiles observed for S-specific

MBCs (Figure S2E). The overall frequency of S-specific MBCs

in naive individuals 2 months after the boost (3 months after

the prime) even appeared to be reduced compared with the

3-month post-infection time point in SARS-CoV-2-recovered in-

dividuals (Figure S2F).

Unsupervised analysis of CD19+IgD� switched B cell popu-

lations, using a multiparametric flow panel we used previously

to describe the initial response against SARS-CoV-2 in these

individuals (Sokal et al., 2021), showed that RBD-specific cells

mostly resided in the CD21+CD27+IgD�CD38int/�CD71int/�

resting MBC compartment before vaccination (Figures 2D–

2F; Tables S2C and S2D). These cells switched rapidly to a

CD27+CD38int/+CD71+ activated B cell phenotype (ABC clus-

ter) in the first 7 days after the boost, together with emergence

of a population of RBD+ CD38highCD27high ASCs. The persis-

tent expression of the BCR on the surface of these cells

(H) Frequencies of SARS-CoV-2 RBD-specific cells displaying an ABC (CD19+CD27+IgD�CD71+) phenotype at the indicated time points.

(I) Proportion of S-specific MBCs recognizing the RBD in each individual at the 2-month time point. Bars indicate mean ± SEM.

We performed two-way ANOVA with multiple comparisons of all groups (B), repeated-measures mixed-effects model analysis with two sets of multiple com-

parisons (between donor groups inside each time point [black lines] and between time points for each donor group [colored lines]) (C and H), and ordinary one-

way ANOVA (I) (Benjamini, Krieger, and Yekutieli FDR correction was used for all multiple comparisons). Only significant comparisons are highlighted in (C), (H),

and (I). ***p < 0.0001, ***p < 0.001, **p < 0.01, *p < 0.05. See also Figure S2 and Table S2.
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Figure 3. mRNA vaccination elicits a diverse RBD-specific MBC repertoire in SARS-CoV-2-recovered and naive individuals

(A) Experimental scheme for functional assessment of naturally expressed monoclonal antibodies from RBD-specific MBCs.

(B andC) Pie charts representing the clonal distribution of RBD-specificMBCs sorted from 2S-CoV and 2M-CoV individuals at the pre-boost, boost + 7 days, and

boost + 2months time points (B) and 2 naive individuals at boost + 2months (C). Clonal representation is depicted according toWang et al. (2021b): colored slices

indicate an expanded MBC clone (2 or more sequences at a given time point) found at several time points in the same individual (persistent clone) or in clonal

relationship with ASCs at boost + 7 days, gray slices indicate an expanded MBC clone found at a single time point, and white slices indicate unique sequences

found at several time points. The main white sector in each pie chart represents unique sequences observed at a single time point. The outer black semi-circular

line indicates the proportion of sequences belonging to expanded clones at a given time point. The total number of sequences is indicated at the pie center.

(legend continued on next page)
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harboring a classical ASC phenotype suggests that they were

mainly newly generated plasmablasts. These activated sub-

sets contracted progressively and matured as resting MBCs

at the latest time point in our study. Atypical MBCs (DN2;

IgD�CD27+/�CD11c+) and ASC precursors (DN1; IgD�CD27�)

RBD-specific clusters were also observed, with a small DN2

fraction persisting up to 2 months after boost, notably in

S-CoV individuals (Figure 2F).

The low numbers of RBD-specific B cells in naive individuals

precluded a robust unsupervised analysis, and we therefore

characterized the phenotype of RBD-specific MBCs from the

whole cohort using manual gating, based on the CD19 and

CD71 expression profiles, to delineate ABCs (CD19highCD71+)

(Ellebedy et al., 2016) and resting MBCs (CD19+CD71low) among

RBD-specific cells over time. A large fraction of RBD-specific

MBCs acquired a CD19highCD71+ ABC phenotype in the days

following the boost in naive individuals, similarly to M-CoV and

S-CoV patients (Figures 2G and 2H; Table S2E), demonstrating

that vaccine induced a robust expansion of an RBD-specific

ABC population in all groups of donors.

The proportion of RBD-specific ABCs decreased over time, fa-

voring an increase of RBD-specific restingMBCs consistent with

the contraction of the vaccine response. This contraction ap-

peared to be more pronounced in SARS-CoV-2-recovered indi-

viduals, suggesting persistence of GC output in naive individuals

(Figure 2H). Similar kinetics were observed for S-specific B cells

(Figure S2G), although it should be noted that RBD-specific

B cells still represented a smaller proportion of S-specific cells

in naive than in SARS-CoV-2 recovered individuals at the

2-month time point (Figures 2I and S2H).

mRNA vaccination maintains the overall diversity of the

MBC repertoire

To address how mRNA vaccine boost affects the MBC reper-

toire, we performed single-cell sorting and culture of RBD-

specific MBCs before and 7 days and 2 months after the boost

in SARS-CoV-2-recovered individuals and 2 months after the

boost in naive individuals (Figure 3A). We obtained a total of

2,452 VH sequences from 4 S-CoV, 4-M-CoV, and 3 naive

individuals (Tables S1D and S3A–S3H). Clonally expanded

RBD-specific MBCs were found before vaccination in all

SARS-CoV-2-recovered individuals, representing 13%–34% of

total VH sequences for each donor (Figures 3B and S3A). Vac-

cine-activated MBCs showed no evidence of further clonal

dominance and conserved their overall diversity despite the ma-

jor increase in their numbers. The fraction of the repertoire

belonging to these clones varies from 19%–39% and remains

comparable during contraction, with clones persisting over the

pre/post-vaccination period observed in all SARS-CoV-2-recov-

ered individuals. This overall clonal stability was reflected by

similar Shannon entropy values at all studied time points (Fig-

ure S3B). Similar clonal expansion was observed in naive

individuals (Figure 3C), who also harbored a high frequency of

convergent RBD-specific clones with SARS-CoV-2-recovered

individuals based on immunoglobulin heavy chain (IgH) variable,

diversity, and joining (VDJ) sequences (Figure 3D).

We previously reported a progressive accumulation of so-

matic mutations in RBD-specific clones up to 6 months after

infection in this cohort of SARS-CoV-2-recovered individuals

(Sokal et al., 2021). The number of mutations in RBD-specific

VH sequences remained stable between 6 and 12 months. In

contrast, VH mutation numbers were increased shortly after the

boost and maintained in the MBC pool 2 months thereafter (Fig-

ure 3E). This evolution in mutation profile could be confirmed at

the individual level for 2 individuals with complete follow-up from

3 or 6 months after symptom onset to 2 months after boost (Fig-

ures S3C and S3D; Table S3A). This rapid increase in overall

mutational load suggests that a fraction of matured, pre-existing

MBCs was mobilized selectively upon vaccine response and

persisted over time.

RBD-specific MBCs from naive individuals obtained 2 months

after the boost harbored lowmutation numbers in their VH genes,

consistent with recruitment of naive B cells in the early phase of

the vaccine response. It should also be noted that MBCs from

naive individuals harbor an even lower mutational load than

MBCs from SARS-CoV-2-recovered individuals at a similar

3-month time point after natural infection (Figure 3E). This

suggests that natural infection might drive a faster maturation

process of the MBC response.

RBD-specific ASCs from SARS-CoV-2-recovered individuals

sorted 7 days after the boost showed clonal relationships with

MBCs and highly mutated VH sequences (Figures 3F–3H and

S2A; Tables S3F and S3H). In contrast, RBD-specific ASCs

from naive individuals displayed near-germline VH sequences

corresponding to recruitment of naive B cells in the extrafollicular

response (Figure 3G). Overall, these results show that activation

(D) Circos plot showing clonal relationships between all sequencedRBD-specificMBCs grouped by donors and time points. Blue lines connect persistent clones,

and gray lines connect clones shared by at least two donors (public clones).

(E) Violin plots showing the number of mutations in the VH segment of RBD-specific MBCs at successive time points in SARS-CoV-2-recovered (month 3, 81

sequences; month 6, 600; month 12, 109; boost + 7 days, 930; boost + 2 months, 430) and naive donors (boost + 2 months, 151). The red line indicates the

median.

(F) Pie chart representing the clonal distribution of RBD-specific ASCs sorted for 2 SARS-CoV-2-recovered and 2 naive individuals at boost + 7 days. Colored

slices indicate a clone in clonal relationship with an expanded MBC clone from the same donor, gray slices indicate an expanded ASC clone not found in MBCs

from the same donor, and white slices indicate unique ASC sequences in a clonal relationship with a non-expandedMBC clone. The outer black semi-circular line

indicates the proportion of sequences belonging to expanded ASC clones. The total number of sequences is indicated at the pie center.

(G) Violin plots showing the number of mutations in the VH segment of RBD-specific ASCs sorted from 2 SARS-CoV-2-recovered (n = 86 sequences) and 2 naive

donors (n = 49 sequences) at boost + 7 days. The red line indicates the median.

(H) Circos plot showing clonal relationships between RBD-specific MBCs (white mid-semicircular slice) and RBD-specific ASCs (green mid-semicircular slice)

sorted at boost + 7 days from 2 SARS-CoV-2-recovered (one S-CoV, one M-CoV, dark blue outer circular slice) and 2 naive (white outer circular slice) individuals.

Blue lines indicate shared clones between ASCs and MBCs, and gray lines indicate public clones containing ASCs.

Ordinary one-way ANOVA with multiple comparisons (Benjamini, Krieger, and Yekutieli FDR correction) (G) and a two-tailed Mann-Whitney test (E) were

performed (****p < 0.0001). See also Figure S3 and Table S2.
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of the previously matured pool of MBCs by the mRNA vaccine

does not bias the clonal diversity of their repertoire in previously

infected individuals while selectively amplifying MBCs with a

higher mutation load.

MBCs mobilized by mRNA vaccine contain high-affinity

clones against VOCs

To determine the potency of theMBC compartment mobilized or

elicited bymRNA vaccine against the main natural RBD variants,

we first performed ELISA on 1,583 supernatants from single-cell

culture of sorted RBD-specific MBCs from 4 S-CoV, 4 M-CoV,

and 3 naive individuals (Figure 4A). To normalize for IgG concen-

tration in culture supernatants, we plotted ELISA optical density

(OD) values for WT (Wuhan) versus B.1.1.7 or B.1.351 RBD var-

iants. Almost all supernatants similarly recognized the WT and

B.1.1.7 RBD, but 20% of them showed a 10-fold decrease in

B.1.351 RBD recognition, with similar frequencies of affected su-

pernatants in SARS-CoV-2-recovered and naive individuals (Fig-

ures 4A and 4B; Table S2F).

We next assayed the affinity of MBCs against the B.1.1.7,

B.1.351, P1, B.1.617.1, and B.1.617.2 RBD variants using bio-

layer interferometry (BLI), in which naturally expressed mono-

clonal IgG from single-cell culture supernatants were loaded

on anti-human IgG biosensors (Figure S4A). Monoclonal anti-

bodies expressed by MBCs from recovered individuals were

highly enriched for high affinity binders against the WT RBD

compared with naive patients (73.9% ± 5.8% versus 46.5% ±

4.3%, p < 0.01; Figures 4C and 4D; Table S2G), and comparable

frequencies were observed against the B.1.1.7 variant. However,

overall affinity profiles were no longer different between recov-

ered and naive donors when the B.1.351, P1, B.1.617.1, or

B.1.617.2 variants were tested, with approximately 20%–25%

of clones with no or low affinity (KD > 10�8M) in both groups (Fig-

ures 4C, 4D, S4B, and S4C). Somatic hypermutation of VH genes

and antigen-driven affinity maturation against the WT RBD

accounts for the higher frequency of high-affinity binders

(KD < 10�9 M) in SARS-CoV-2-recovered compared with naive

individuals (Figures 4E and 4F). As expected, the number of VH

mutations showed reduced correlation with affinity against the

B.1.351 RBD (Figures 4E and 4F), in line with selection of these

clones against the WT and not the mutated RBD during the GC

maturation process.

Two-by-two comparisons of binding affinities between theWT

and the different RBD variants allowed us to validate the sensi-

tivity of our approach with nearly all B.1.351-affected mono-

clonal antibodies (2-fold increase in variant KD compared with

WT KD) also affected in their binding of the P.1 RBD variant

sharing a similar set of mutations (N501Y, E484K, and

K417T/N) but not of the B.1.1.7 RBD variant, which only harbors

the N501Y mutation (Figures 5A and 5B). Additional compari-

sons with B.1.617.1 and B.1.617.2 RBD variants, which harbor

the L452R mutation in addition to E484Q for B.1.617.1 and

T478K for B.1.617.2 but not the K417N/T mutation, further re-

vealed cases of antibodies affected in their binding to one or

more RBD variants (Figures S5A–S5D). Overall, the natural distri-

bution ofmutations in the various VOCRBDs (Figures 5C and 5D)

allowed us to predict the identity of key binding amino acid res-

idues (i.e., N501, K417, E484, L452, and T478) within the RBD for

164 of 382 tested MBC-derived monoclonal antibodies (Figures

5C–5E). Antibodies affected in their recognition of the B.1.351.1,

P.1, and B.1.167.1 RBD were identified as binding to E484, with

some antibodies using E484 and L452 for binding, as illustrated

by the three-dimensional structure of the RBD (Figures 5C–5E

and S5A–S5D). In agreement with a recent structural study

(Yuan et al., 2021), clones recognizing the K417 residue were

highly enriched for the IGHV3–53 and 3–66 genes, whereas

clones recognizing the E484K/Q residue were mostly enriched

for the IGHV1–2 and 1–69 genes (Figure S5E; Table S2H). These

results also allowed us to ascribe RBDbinding residues of B cells

within individual MBC repertoires of naive and recovered individ-

uals, confirming the major targeting of the E484 and/or L452 res-

idues within the vaccine-activated pool (Figure 5E), but also

highlighting significant inter-donor variability in the overall recog-

nition profile of the SARS-CoV-2 RBD by the MBC repertoire.

Affinity maturation and clonal diversity support B.1.351

neutralization by MBCs

Finally, to evaluate the cross-neutralization potential of RBD-

specific clones mobilized after vaccination, 279 randomly

selected single MBC culture supernatants from S-CoV,

M-CoV, and naive vaccinated individuals were tested in our

focus reduction neutralization assay against authentic D614G

and B.1.351 SARS-CoV-2 viruses. The majority of RBD-specific

MBC clones efficiently neutralized D614G, but a higher fre-

quency of non-neutralizing clones was observed in naive

compared with recovered individuals (Figures 6A and S6A; Table

S2I). Among potent D614G neutralizers, 40%–60% of mono-

clonal antibodies efficiently neutralized B.1.351, without a

quantitative difference between M-CoV and naive individuals

(Figure 6B) or clear association with the VH mutational load or

binding affinity to the WT RBD (Figures 6C and S6A). Nonethe-

less, potent neutralizing MBC-derived monoclonal antibodies

could be detected in all analyzed donors, including SARS-

CoV-2-naive vaccinees (ranging from 5%–60% of the overall

repertoire in the different donors; Figure S6B).

Loss of affinity against the B.1.351 RBDmainly affected potent

D614G neutralizers (Figure 6D), highlighting the strong evolu-

tionary pressure at the virus level to selectively evade this part

of the immune response. Plotting KD values for the WT versus

B.1.351 RBD among potent D614G neutralizers further revealed

four different profiles correlated with B.1.351 neutralization (Fig-

ure 6E); clones could be classified according to whether they re-

tained a similar affinity for binding the B.1.315 RBD compared

with the WT one (white and gray sectors, respectively; the gray

sector corresponds to lower affinities). Among these two cate-

gories, clones could be further divided according to whether

they retained neutralization potency against the B.1.315 virus

(white and red dots, respectively). Accordingly, MBC-derived

monoclonal antibodies displaying similar affinities against the

WT and B.1.351 RBD (white sector in Figure 6E) were enriched

in strong neutralizers against the B.1.351 variant (white dots),

but a subset of these antibodies did display reduced neutraliza-

tion potency (red dots in the white sector, Figure 6F). These

monoclonal antibodies, however, showed a selectively reduced

affinity against thewhole B.1.351 S ectodomain (Figure 6G), sug-

gesting alteration in their binding in the context of the trimeric

protein. Among monoclonal antibodies affected in their binding

to the B.1.351 RBD (gray sector in Figure 6E), maintenance of
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Figure 4. The MBC pool of vaccinated individuals contains high-affinity clones against WT SARS-CoV-2 and B.1.1.7 and B.1.351 VOCs

(A) WT RBD versus B.1.1.7 RBD (left) or B.1.351 RBD ELISA values (right) for all single-cell culture supernatants of RBD-specific MBCs isolated from SARS-CoV-

2-recovered (dark blue, n = 952) and naive (white, n = 373) donors. Only supernatants with WT ELISA OD/blank ratioR 5 are displayed. The red sector identifies

naturally expressed antibodies defined as impaired in the recognition of a given variant (variant ELISA OD/blank ratio < 3 or R 10-fold decrease in variant

recognition).

(B) Frequencies of single RBD-specific MBC culture supernatants with functional or impaired recognition of B.1.1.7 or B.1.351 RBD variants as assessed

by ELISA.

(C) Dissociation constants (KD, expressed as moles/L) measured by BLI for 382 naturally expressed monoclonal antibodies against WT, B.1.1.7, and B.1.351

RBD. Tested monoclonal antibodies were selected randomly from single-cell culture supernatants of RBD-specific MBCs isolated from SARS-CoV-2-recovered

(n = 251) and naive donors (n = 131) and displaying WT RBD ELISA OD/blank ratioR 3. Background colors define high-affinity (KD < 10�9M), mid-affinity (10�9%

KD < 10�8M), and low-affinity (10�8%KD < 10�7) monoclonal antibodies. All monoclonal antibodies with nomeasurable affinity (KDR 10�7) were considered non-

binders.

(D) Histogram showing the intra-donor binding affinity distribution of monoclonal antibodies tested against WT, B.1.1.7, and B.1.351 RBD variants, as defined in

(C), for SARS-CoV-2-recovered or naive donors. Bars indicate mean ± SEM.

(E) Measured KD (M) against WT (left) or B.1.351 RBD (right) versus number of VHmutations for all tested monoclonal antibodies with available VH sequence from

SARS-CoV-2-recovered (dark blue, n = 249) and naive (white, n = 114)) donors (Spearman correlations for all sequences: VH mutation/WT KD, r = 0.3791, p <

0.0001; VH mutation/B.1.351 KD, r = 0.152, p = 0.0033).

(F) Pie chart showing the binding affinity distribution of all tested monoclonal antibodies with low (<10 mutations, top panel) or high VH mutation numbers (>10,

bottom panel) against WT, B.1.1.7, and B.1.351 RBD variants as defined in (C). Numbers at center of the pie chart indicate the total number of tested monoclonal

antibodies in each group.

A two-way ANOVA with two sets of multiple comparisons (between tested variants inside each group (black lines) and between groups for each tested variants

(colored lines)) was performed (C; Benjamini, Krieger and Yekutieli FDR correction). ****p < 0.0001, **p < 0.01, *p < 0.05. See also Figure S4 and Table S2.
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neutralization activity against the VOC was strongly dictated by

their original affinity against the WT RBD. Although clones with

weak initial affinity against the WT RBD were mostly impaired

(red dots in the gray sector), 40%of cloneswith high initial affinity

remained potent neutralizers against the VOC (white dots in the

gray sector, Figures 6E and 6F). This included monoclonals

directed against the E484 and K417 residues of the SARS-

CoV-2 RBD (Figure S6C). This highlights the key role of affinity

maturation in shaping the humoral response and anticipating

viral escape.

These results demonstrate that the MBC pool selected by the

WT RBD after mRNA vaccination contains, among its diverse

and affinity matured repertoire, a substantial fraction of potent

neutralizers against VOCs.

DISCUSSION

MBCs display a diverse repertoire allowing an adaptive response

upon re-exposure to the pathogen, especially in the case of vari-

ants (Purtha et al., 2011; Weisel et al., 2016). However, repeated

antigenic stimulation with vaccinations or viral challenge may be

deleterious, reducing the diversity of the overall response inwhich

drifted epitopes are less well targeted (Andrews et al., 2015;

Mesin et al., 2020). Thus, understanding how mRNA vaccination

affects the MBC pool shaped by a previous exposure to SARS-

CoV-2 and to determine its capacity to neutralize variants is crit-

ical. More generally, to decipher howMBCs from naive vaccinees

differ and evolve in comparison with SARS-CoV-2-recovered in-

dividuals is also of major importance in the pandemic context.

We report here a longitudinal study of SARS-CoV-2-recovered

individuals followed over 1 year after their initial infection and

vaccinated with the BNT162b2 mRNA vaccine. The vaccine

response of SARS-CoV-2-naive individuals was analyzed in par-

allel. The strength of our approach is the large-scale, unbiased

study of the MBC response against SARS-CoV-2 at the single-

cell scale using in vitro activation of randomly sampled MBCs/

ABCs. This allowed a deep functional analysis that included

affinity assessment against the WT RBD and against 5 variants,

including B.1.617.2, and determination of neutralization potency

of these secreted IgG against two SARS-CoV-2 viruses without

A

D E

B C

Figure 5. The variant RBD recognition profile reveals key residues recognized by MBCs mobilized by the mRNA vaccine boost

(A) Dot plot representing the KD values for B.1.351 RBD versus WT RBD for all tested monoclonal antibodies from SARS-CoV-2-recovered (dark blue dots) and

naive donors (white dots). The red shaded zone indicates B.1.351-affected monoclonal antibodies, defined as those with at least 2-fold increased KD for B.1.351

compared with the WT RBD.

(B) Dot plots representing the KD values for B.1.1.7, P.1, B.1.617.1, and B.1.617.2 RBD versus WT RBD. B.1.351-affected monoclonal antibodies are highlighted

as larger red dots (corresponding to clones present in the red sector in A). Percentages indicate the proportion of B.1.351-affected monoclonal antibodies also

affected by the indicated RBD variant.

(C) Distribution of known mutations in the RBD domain between B.1.1.7, B.1.351, P.1, B.1.617.1, and B.1.617.2 SARS-CoV-2 variants.

(D) RBD (extracted from the PDB: 6XR8 S protein trimer structure) shown in three orthogonal views, with the ACE2 receptor bindingmotif highlighted in yellow and

the residues found mutated in a least one of the tested variants (L452, K417, T478, E484, and N501) highlighted in black. Single or a group of predicted binding

residues are further highlighted by colored ovals according to the color scheme used in (E).

(E) Frequencies of predicted essential binding residues, as defined by RBD variants recognition profile in BLI, for all monoclonal antibodies isolated from each of

the 11 tested donors. Numbers of tested monoclonal antibodies for each donor are indicated on top of each histogram.

See also Figure S5 and Table S2.
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Figure 6. A substantial proportion of MBCs in vaccinated individuals neutralizes D614G SARS-CoV-2 and B.1.351 VOCs

(A) Pie charts showing the proportion of single-cell culture supernatants of RBD-specific MBCs isolated from SARS-CoV-2-recovered (S-CoV, n = 104; M-CoV,

n = 123) and naive donors (n = 52) displaying potent, weak, or no neutralization potential (none) against the D614G SARS-CoV-2 and B.1.351 SARS-CoV-2

variants. Potent neutralizers are defined as more than 80% neutralization at 16 nM and weak neutralizer as neutralization less than 80% at 16 nM but more than

80% at 80 nM. Others were defined as non-neutralizing.

(B) Histogram showing the proportion of B.1.351 SARS-CoV-2 potent, weak, and non-neutralizing single-RBD-specific MBC culture supernatants, grouped

based on their neutralization potency against D614G SARS-CoV-2.

(C) Heatmap showing in vitro neutralization of the D614G SARS-CoV-2 and B.1.351 variants at 80 nM and 16 nM for all culture supernatants whose monoclonal

antibodies were also tested in BLI against all variants (S-CoV, n = 85; M-CoV, n = 67; naive, n = 27). KD (M) values against theWT, B.1.351, and B.1.617.2 RBD for

each monoclonal antibody are represented on top, along with predicted binding residues.

(D) Ratio of WT over B.1.351 RBD KD values for all monoclonal antibodies displayed in (C), grouped based on their neutralization potency against D614G SARS-

CoV-2.

(E) KD (M) values against B.1.351 versus WT RBD for all D614G SARS-CoV-2 potent neutralizer monoclonal antibodies. Dot color indicates the neutralization

potency against the B.1.351 SARS-CoV-2 variant. Gray shade highlights binding-impaired clones against the B.1.351 RBD variant as defined in Figure 5A.

(F) B.1.351 SARS-CoV-2 neutralization potency distribution of all tested potent D614G SARS-CoV-2 neutralizers, grouped based on their affinity for the WT RBD

and affinity loss against B.1.351.

(G) WT versus B.1.351 variant RBD or S KD ratio for selected monoclonal antibodies showing no clear B.1.351 RBD binding impairment and no loss (left) or clear

loss (right) of neutralization potency against the B.1.351 SARS-CoV-2 variant. A paired Wilcoxon test was performed (****p < 0.0001).

See also Figure S6 and Table S2.
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cloning and re-expression intermediates. We focused on the

RBD because anti-RBD antibodies contribute to the majority of

neutralizing antibodies, and its mutations allow immune escape

of VOCs (Ju et al., 2020; Robbiani et al., 2020) together with addi-

tional targets in the N-terminal domain of the S (McCallum et al.,

2021; Tong et al., 2021).

Our study highlights the stability of the overall RBD-specific

MBC population up to 12 months after infection with a stable mu-

tation profile, extending observations on memory persistence in

COVID-19 (Wang et al., 2021b). The dynamics of RBD-specific

cells after mRNA vaccination in SARS-CoV-2-recovered individ-

uals reflect the plasticity of the MBC pool, which promptly and

widely activates, proliferates, and generates ASCs and then con-

tracts as resting MBCs (Goel et al., 2021a; Reynolds et al., 2021;

Wang et al., 2021b). This mobilized population contains highly

mutated affinity-matured clones that settle, expand, and persist

for up to 2 months after the boost with a higher frequency and

mutational load than before the vaccinal boost. Despite this, lon-

gitudinal VDJ sequencing revealed a limited effect on the diversity

of this previouslymatured repertoire. Thus, expansion of theMBC

pool does not seem to impair archives of the B cell specificities

that have been selected during the amplification. In contrast,

and mirroring early stages of the extrafollicular response after

infection (Woodruff et al., 2020), RBD-specific B cells expressing

near-germline recurrent VH genes with potent affinity are recruited

after mRNA vaccination in naive individuals. MBCs from naive in-

dividuals also acquired somaticmutationswith timebut, 2months

after the boost, harbored fewer mutations than SARS-CoV-2-

recovered individuals 3 months after COVID-19. Thus, although

the MBC pool matures progressively in naive vaccinees, its matu-

ration and amplification were less pronounced, resulting in less

RBD-specificMBCscomparedwith SARS-CoV-2-recovered indi-

viduals 12months after infection (7.8 and 3 times less than S-CoV

andM-CoV, respectively) and 2months after the boost (18.2 and 6

times less than S-CoV and M-CoV, respectively).

As reported previously, most sera of SARS-CoV-2-recovered

individuals efficiently neutralized the B.1.351 variant after the

mRNA vaccine, which contrasted with the significant lower

neutralization potency of the sera of naive vaccinated individuals

(Goel et al., 2021a; Reynolds et al., 2021; Stamatatos et al., 2021;

Wang et al., 2021b). This likely reflects the quality andmaturation

of the B cell pool mobilized by the vaccine; i.e., an extrafollicular

response in naive vaccinees and a mature MBC response in

recovered individuals.

A fraction of recurrent and convergent VH genes of MBCs

failed to recognize the B.1.351 variant RBD in both cohorts,

but a large proportion of clones retained high affinity against

this variant. This is consistent with a recent report showing that

B cell clones expressing potent antibodies are retained selec-

tively in the repertoire over time (Wang et al., 2021b). This phe-

nomenon occurs independent of the mutational load, with

high-affinity clones against variants present ‘‘randomly’’ in the

MBC repertoire of SARS-CoV-2-recovered or naive individuals.

So, despite the fact that the amplitude and quality of the MBC

response after the mRNA vaccine appears to be lower in naive

than in previously infected individuals, high-affinity clones with

neutralizing potency against VOCs settle in their repertoire,

suggesting that their MBC pool could compensate for the

time-dependent decay of the initial antibody response.

Correlation of neutralization and affinity shows a complex pro-

file for antibodies expressed byMBCs. Immune escape can affect

high-affinity clones against the WT RBD, but, at the same time, a

proportion of clones with high affinity for the WT RBD maintain

neutralizing potency against B.1.351, contrasting with clones

with low or weak affinity that constantly failed to neutralize vari-

ants. It indicates that high affinity provides some flexibility for an-

tibodies to cope with mutations affecting their binding target and

to conserve their neutralization potency. Consistent with a struc-

tural analysis (Yuan et al., 2021), determination of targeted epi-

topes using binding of different RBDs of VOCs shows that E484

preferentially affected the binding affinity of the IGHV1–2/1–69

genes and K417N and N501Y that of IGHV3–53/3–66 and

IGHV1–2. It underlines that, if particular antibody lineages are

affected by RBD mutations, then others may retain neutralizing

properties (Barnes et al., 2020; Greaney et al., 2021a, 2021b;

Muecksch et al., 2021; Scheid et al., 2021; Wang et al., 2021b).

These data describe an immune responsematuringwith time in

SARS-CoV-2 convalescent individuals and resulting in a massive,

high-affinity response after vaccination, which, even imprinted by

the Wuhan-type RBD, displays improved recognition of the RBD

variants as well. In this immune evolution scheme, the response

of naive vaccinees nevertheless lags behind the maturation pro-

cess that took place during infection. As proposed recently, vacci-

nated individuals will further improve the affinity and diversity of

their MBC response with time and, therefore, probably also

improve their quantitative and qualitative antibody response

through persistence of vaccine-induced germinal centers (Cho

et al., 2021; Goel et al., 2021b; Turner et al., 2021). Nonetheless,

our observations in SARS-CoV-2-recovered individuals suggest

that repeated challenges, even using the original S protein, will

help to reduce any persisting differences and allow vaccinated

people to respond more efficiently to current SARS-CoV-2 vari-

ants by recall of affinity-matured MBCs.

LIMITATIONS OF THE STUDY

The relatively small size and the limited follow-up of the cohorts

do not allow us to identify characteristics of the individuals that

would predict the response to the mRNA vaccine and its persis-

tence. Furthermore, individuals with a severe form of COVID-19

were not matched for age and comorbidities with those who

presented a mild form or with naive individuals; thus, differences

between these groups must be interpreted with caution. Finally,

we focused our study on the RBD domain of the SARS-CoV-2 S

protein as it represents the major known target for neutralizing

antibodies. However, neutralizing antibodies against other do-

mains of the trimeric S have been described, notably against

the N-terminal domain (NTD). Larger cohorts of individuals with

a wider spectrum of age and comorbidities, extended follow-

up (up to 6 months or more), and dedicated studies of non-

RBD-specific neutralizingMBCswould be important in the future

to provide a comprehensive picture of B cell memory responses

directed against VOCs after mRNA vaccination.
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vas; resources, J.-M.P., F.N.-P., S. Fourati., E.C., L.L., M. Michel, B.G.,

S.G., G.M., Y.N., V.Z., P.B., F.A.R., C.-A.R., and M. Mahévas; software, P.C;

supervision, P.C., J.-C.W., C.-A.R., P.B., F.R., and M. Mahévas; validation,
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ARTICLE 3 

Characterization of Vaccinee Bmem-derived Ab affinities towards 

Omicron RBD 

Following my collaboration for the work published in Sokal et al. (2021)129, I also continued this 

collaboration with the group of Immune System Development at Institut Necker Enfants Malades 

(INEM) directed by Dr Matthieu Mahévas in December 2021 to assess the affinities and binding 

behaviors of the previously characterized antibodies towards the Omicron variant RBD. In the 

following section I have included the published manuscript (Sokal et al. 2022)130 of this work, for 

which I am a co-first author. 

We had previously shown that the proportions of RBD-specific antibodies, high 

affinity antibodies, and neutralizing antibodies are reduced as the SARS-CoV-2 RBD 

accumulates mutations. The emergence of the Omicron variant caused great concern due 

to its large mutational leap compared to previous variants. We therefore sought to use our 

existing “bank” of vaccinee-derived anti-RBD antibodies to characterize the extent of the 

immune escape caused by Omicron mutations as well as potential global changes in 

binding affinities. My contribution to this manuscript was to characterize by BLI (Octet 

HTX) the affinity of our approximately 600 antibody panel towards Omicron RBD. 
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10Département de Santé Publique, Unité de Recherche Clinique (URC), CEpiA (Clinical Epidemiology and Ageing), EA 7376, Institut Mondor

de Recherche Biomédicale (IMRB), Centre Hospitalier Universitaire Henri-Mondor, Assistance Publique-Hôpitaux de Paris (AP-HP),
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SUMMARY

The SARS-CoV-2 Omicron variant can escape neutralization by vaccine-elicited and convalescent antibodies.

Memory B cells (MBCs) represent another layer of protection against SARS-CoV-2, as they persist after infec-

tion and vaccination and improve their affinity. Whether MBCs elicited by mRNA vaccines can recognize the

Omicron variant remains unclear. We assessed the affinity and neutralization potency against the Omicron

variant of several hundred naturally expressed MBC-derived monoclonal IgG antibodies from vaccinated

COVID-19-recoveredand -naive individuals. Comparedwithother variants of concern,Omicronevaded recog-

nition by a larger proportion of MBC-derived antibodies, with only 30% retaining high affinity against the Om-

icron RBD, and the reduction in neutralization potency was evenmore pronounced. Nonetheless, neutralizing

MBC clones could be found in all the analyzed individuals. Therefore, despite the strong immune escape po-

tential of the Omicron variant, these results suggest that theMBC repertoire generated bymRNA vaccines still

provides some protection against the Omicron variant in vaccinated individuals.

INTRODUCTION

The Omicron variant of SARS-CoV-2 has overcome the previ-

ously dominant Delta lineage in most countries, suggesting a

strong selective advantage. The spike protein of SARS-CoV-2

Omicron harbors 32 mutations as compared with the ancestral

strain (Hu-1) originally identified in Wuhan, with particular hot-

spots of mutations in the angiotensinogen-converting enzyme
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2 (ACE2) receptor-binding domain (RBD) (15-amino-acid substi-

tutions) and in the N-terminal domain (NTD) (3 deletions, 1 inser-

tion, and 4 substitutions). Of particular concern, the Omicron

variant displays not only key mutations previously associated

with immune escape (K417N, E484A, and T478K in the RBD)

or enhanced infectivity (N501Y, P681H) but also numerous mu-

tations rarely detected in previous variants. SARS-CoV-2 Omi-

cron may have thus emerged after extensive selection based

on beneficial combinatorial effects, as was predicted in silico

for the Q498R mutation, for example (Zahradnı́k et al., 2021).

The overall mutational profile of the Omicron variant thus sug-

gests both increased immune escape and increased infectivity.

Despite sizable immune evasion by some of the previous var-

iants of concern (VOCs), SARS-CoV-2 mRNA vaccines have so

far maintained strong protection in recently vaccinated individ-

uals due to an initially broad and strong serum immunoglobulin

G (IgG) response. This response is nonetheless waning with

time. We and others have been able to show that SARS-CoV-

2-specific memory B cells (MBCs) represent a potent layer of

additional immune protection (Dugan et al., 2021; Gaebler

et al., 2021; Rodda et al., 2021; Sokal et al., 2021a, 2021b).

MBCs not only persist after infection but evolve and mature

over several months by the progressive acquisition of somatic

mutations in their variable region genes to improve affinity

through an ongoing germinal center response (Gaebler et al.,

2021; Rodda et al., 2021; Sokal et al., 2021a, 2021b). MBCs

display a diverse repertoire, allowing for an adaptive response

upon re-exposure to the pathogen, especially in the case of var-

iants (Purtha et al., 2011; Weisel and Shlomchik, 2017). Upon re-

stimulation, either in the context of natural infection or vaccinal

boost, MBCs can rapidly differentiate into the plasma cell line-

age, secreting the diverse array of high-affinity antibodies con-

tained in their repertoire (Purtha et al., 2011; Weisel and Shlom-

chik, 2017). A deep analysis of the repertoire of vaccinated

individuals has so far suggested that a sizable proportion of

such MBCs is able to neutralize all VOCs up to the Beta variant

(Sokal et al., 2021b; Wang et al., 2021). Recent reports demon-

strate that SARS-CoV-2 Omicron escapes vaccine-elicited anti-

bodies or antibodies fromSARS-CoV-2 recovered sera to a large

extent (Cameroni et al., 2022; Carreño et al., 2022; Dejnirattisai

et al., 2022; Garcia-Beltran et al., 2022; Hoffmann et al., 2022;

Muik et al., 2022; Planas et al., 2022). Yet, the intrinsic capacity

of the MBC pool to recognize the Omicron variant remains

largely unexplored.

RESULTS

Omicron RBD evades recognition from a large

proportion of MBC-derived monoclonal antibodies from

mRNA-vaccinated individuals

We recently performed an in-depth characterization of over 400

single-cell sorted and cultured RBD-specificMBCs isolated from

8 vaccinated SARS-CoV-2 recovered and 3 vaccinated naive in-

dividuals (Sokal et al., 2021b). Our analyses included affinity

measurements against VOCs and variants of interest (VOIs)

(B.1.1.7, Alpha; B.1.351, Beta; P.1, Gamma; B.1.617.2, Delta;

and B.1.617.1 Kappa) and neutralization potency against the

D614G and Beta SARS-CoV-2 variants. Selected individuals

were part of two longitudinal cohorts. 8 SARS-CoV-2-recovered

COVID-19 patients (4 severe [S-CoV] and 4 mild [M-CoV] pa-

tients) were selected from the MEMO-COV-2 cohort (Sokal

et al., 2021a), which is constituted of patients infected during

the first wave in France and longitudinally followed up since,

including after their vaccine boost. Additionally, 3 vaccinated

SARS-CoV-2-naive subjects were selected from a cohort of

healthcare workers, with no clinical history of COVID-19 and

no serological evidence of previous SARS-CoV-2 infection. All

subjects were vaccinated with the BNT162b2 vaccine as part

of the French vaccination program. All the individuals were

then sampled for circulating MBCs 7 days and 2 months after

their vaccine boost (Sokal et al., 2021b). In all the individuals,

we detected a sizable fraction of MBCs encoding antibodies

with high affinity and neutralizing potential against all the tested

VOCs, with the Beta variant showing the largest extent of im-

mune escape at the time. This suggested that MBCs elicited

by prior infection or vaccination would be able to provide an effi-

cient secondary layer of protection in case of the waning of the

serological protective antibodies or escape of a novel SARS-

CoV-2 variant from this antibody pool.

To test whether such a conclusion still holds true in the context

of the newly emerging B.1.1.529 (Omicron) variant, we gener-

ated a recombinant Omicron RBD harboring the 15 described

mutations, including N501Y, K417T/N, E484K/Q/A, and T478K

found in other VOCs and additional mutations G339D, S371L,

S373P, S375F, N440K, G446S, S477N, Q493R, G496S,

Q498R, and Y505H (Figures 1A and 1B). All the previously

described naturally expressed monoclonal IgGs from single-

cell culture supernatants of MBCswere assayed anew using bio-

layer interferometry (BLI) to assess their affinity against the Om-

icron RBD, and 313 monoclonal supernatants passed quality

controls. As previously reported, monoclonal antibodies en-

coded by MBCs isolated from vaccinated COVID-19-recovered

patients and vaccinated naive patients contained a vast majority

of high-affinity binders against the ancestral Hu-1 RBD, among

which �50% retained high affinity (KD <10�9 M) against the

Beta and Delta RBD (160/312 and 170/306, respectively). This

proportion further decreased against the Omicron RBD to 33%

(102/313; Figures 1C and 1D). Importantly, �40% of the clones

showed no detectable or low affinity (KD>10�8M) to theOmicron

RBD, in both vaccinated recovered and vaccinated naive individ-

uals, which is in line with the prediction that Omicron accumu-

lated numerous mutations associated with antibody evasion.

Similar conclusions could be drawn when focusing only on the

highly mutated antibodies found in the recovered individuals

(Figures 2A and 2B). By contrast, a few clones (n = 14) displayed

ultra-high affinity toward Omicron (KD < 10�10 M). Overall, this

suggests that the result of the affinity maturation process, which

takes place in the germinal centers of both infected and vacci-

nated individuals and selects over time for a narrow range of

high-affinity clones (KD < 10�9 M) against the ancestral Hu-1

RBD (Figures 2A–2C), is greatly altered in the context of such a

highly mutated variant like Omicron.

Omicron-specific RBD mutations expand their overall

escape of memory B cell-derived antibodies

A direct comparison of binding affinities toward the ancestral

Hu-1 RBD and the Omicron RBD variant for all antibodies

extensively characterized against other variants showed that
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�50% (153/310) of the monoclonal antibodies had reduced

binding to the Omicron RBD compared with Hu-1 RBD

(Omicron/Hu-1 RBD equilibrium dissociation constant [KD] ra-

tio > 2; Figure 3A). Additional two-by-two comparisons of the

binding affinities toward the Hu-1 and the previous RBD variants

for these Omicron-affected antibodies further suggested that a

large fraction of them is uniquely affected by the Omicron variant

(Figure 3A). The distribution of mutations in the previous RBD

variants (Figures 1A and 1B) had allowed us to predict the iden-

tity of key binding amino acid residues within the RBD for 116

MBC-derived monoclonal antibodies among the 139 affected

by at least one of the previous RBD variants in the 310 antibodies

included in this analysis (Figure 3B; Sokal et al., 2021b). 98 of

these 139 MBC-derived monoclonal antibodies, including most

of the ones recognizing the E484, K417, and N501 receptor-

binding motif (RBM) residues, appeared to be also affected in

their recognition of the Omicron variant. In addition, 55 out of

the 171 previously unaffected antibodies appeared to be selec-

tively affected by the new mutated residues uniquely displayed

by Omicron (Omicron-specific; Figure 3B), though we cannot

predict the role of each individual mutation in this context of mul-

tiple co-selected mutations in the Omicron RBD. The clones

recognizing the Omicron-specific residues were not enriched

for the recurrent and convergent antibody rearrangements

observed in convalescent and vaccinated individuals (IGHV1-2,

IGHV1-69, IGHV3-53, and IGHV3-66; Figure 3C) (Barnes et al.,

2020). Therefore, Omicron-specific mutations appear to affect

a more diverse range of VH recognizing the RBD than other

VOCs and VOIs do. A few clones predicted to bind the L452 res-

idue based on their B.1.617.1 and B.1.617.2 recognition profiles

were also affected in their binding to B.1.1.529, despite the

absence of this mutation in this variant. This could suggest the

recognition of multiple residues (as seen for the E484/L452 and

N501/K417 residues) ormore complex structural changes result-

ing from the large number ofmutations included in the Omicron’s

RBD. Finally, when analyzed in the context of our previous

knowledge of the neutralization potency of 163 out of the 313

monoclonal antibodies tested by BLI (Sokal et al., 2021b), the

loss of affinity against Omicron RBD appeared to be mostly

restricted to the potent neutralizers of the D614G SARS-CoV-2

A B

C

D

Figure 1. The memory B cell pool of vacci-

nated individuals contains a reduced fre-

quency of high-affinity clones against the

Omicron RBD

(A) RBD (extracted from the PDB:6XR8 spike

protein trimer structure) shown in three orthogonal

views with the ACE2-receptor-binding motif

highlighted in yellow and the residues found

mutated in at least one of the Alpha, Beta, Gamma,

Kappa, or Delta variants (L452, K417, T478, E484,

and N501) highlighted in black. Residues specif-

ically mutated in Omicron (G339, S371, S373,

N440K, G446, S477, Q493, G496, Q498, and

Y505H) are highlighted in red. Single or groups of

mutations predicted as key binding residues for

particular antibodies are further highlighted by

colored ovals according to the color scheme used

in (B) and Figure 2B.

(B) The distribution of knownmutations in the RBD

domain between B.1.1.7 (Alpha), B.1.351 (Beta),

P.1 (Gamma), B.1.617.1 (Kappa), B.1.617.2

(Delta), and B.1.1.529 (Omicron) SARS-CoV-2

variants.

(C) Histograms showing the binding affinity distri-

bution of monoclonal antibodies from single-cell

culture supernatants of RBD-specific MBCs iso-

lated from vaccinated SARS-CoV-2 recovered (n =

225) and vaccinated naive donors (n = 88) against

the ancestral (Hu-1) RBD and the B.1.1.529 (Omi-

cron) RBD variant, defined as follows: high

(KD < 10�9 M), mid (10�9 % KD < 10�8 M), and

low (10�8% KD < 10�7).

(D) Histograms showing the binding affinity distri-

bution of monoclonal antibodies from the same

single-cell culture supernatants against the ances-

tral (Hu-1) RBD and the B.1.351 (Beta), P.1

(Gamma), B.1.617.1 (Kappa), B.1.617.2 (Delta),

and B.1.1.529 (Omicron) RBD variants, defined

as follows: high (KD < 10–9 M), mid (10�9 %

KD < 10–8 M), and low (10�8 % KD < 10–7). The

clones with KDR 10�7 reflecting an undetectable binding using the BLI were defined as ‘‘non-binders.’’ All the data from (D) come from previously published

affinity measurements (Sokal et al., 2021b), whereas all the data in (C), including the Hu-1 RBD measurement, represent new measurements on these superna-

tants. (C and D) Bars indicate mean ± SEM. See also Table S1.
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(Figure 3D). As previously described for the Beta variants, this

result highlights the selective pressure imposed on SARS-CoV-

2 by such neutralizing antibodies. Similarly, the antibodies that

still displayed a potent neutralization potency against the Beta

SARS-CoV-2 appeared to be selectively targeted for additional

loss of affinity by the Omicron-specific mutations not included

in the Beta variant (Figure 3E).

Omicron SARS-CoV-2 evades neutralization from most

but not all MBC-derived monoclonal antibodies from

mRNA-vaccinated individuals

To better characterize the remaining neutralizing potential of

MBC-derived antibodies against the Omicron variant, we next

tested 253 supernatants in an in vitro focus reduction neutraliza-

tion assay against authentic D614G and B.1.1.529 (Omicron)

SARS-CoV-2 viruses. As previously described, a majority of

A

B

C

Figure 2. Omicron RBD evades a large

share of Hu-1 selected hypermutated and

high-affinity memory B cell-derived anti-

bodies

(A) The measured KD (M) against the ancestral

(Hu-1) (top panel) or B.1.1.529 (Omicron) RBD

(bottom panel) versus the number of VH mutations

for all the tested monoclonal antibodies from the

single-cell culture supernatants of the RBD-spe-

cific MBCs isolated from the vaccinated SARS-

CoV-2 recovered (n = 225) and vaccinated naive

donors (n = 75) with available VH sequence from

the SARS-CoV-2 recovered (dark blue) and naive

(white) donors (the Spearman correlations for all

sequences are as follow: VH mutation/Hu-1 KD:

r = 0.3791, p < 0.0001; VH mutation/B.1.1.529

KD: r = 0.1597, p = 0.0058).

(B and C) (B) Pie charts showing the binding affin-

ity distribution of all tested monoclonal antibodies

against the ancestral (Hu-1) RBD and B.1.1.529

(Omicron) RBD variants, and (C) pie charts

showing the binding affinity distribution of the

same supernatants against the ancestral (Hu-1),

B.1.1.7 (Alpha), B.1.351 (Beta), P.1 (Gamma),

B.1.617.1 (Gamma), and B.1.617.2 (Delta) RBD

variants, when available. In both cases, the mono-

clonal antibodies are grouped according to their

overall number of mutations as follows: low (<10

mutations, upper panel), intermediate (<20 and

R10, mid panel), or high VH mutation numbers

(R20, lower panel). All the data from (C) come

from previous affinity measurements (Sokal

et al., 2021b), whereas all the data in (B), including

the Hu-1 RBD measurement, represent new mea-

surements on these supernatants.

(B and C) The affinity groups are defined in Fig-

ure 1C and the numbers at the center of each pie

chart indicate the total number of tested mono-

clonal antibodies in each group. See also

Table S1.

RBD-specific MBC-derived antibodies

displayed some neutralization potency

against the D614G SARS-CoV-2 strain in

all the donor groups (Figures 4A and 4B)

and all the tested individuals (Figure 4C),

except in one of the 3 naive donors. These numbers were strongly

reduced in all the individuals when looking at Omicron SARS-

CoV-2 neutralization (Figures 4A and 4B), with notably less than

20% of potent or weak neutralizing antibodies in most vaccinated

naive donors and M-CoV patients (Figure 4C). Nonetheless, we

could detect potent neutralizing antibodies in 10 out of the 11

tested donors (Table S1) and neutralizing antibodies in all of

them (Figure 4C). Additionally, 3 out of the 4 S-CoV patients

harbored more than 20% of potent neutralizers against Omicron

SARS-CoV-2. Cross-examining our neutralization data in the light

of our RBD affinity measurements further confirmed a strong

escape by Omicron SARS-CoV-2 from most antibodies targeting

the core RBM epitopes mutated in Omicron (N501, K417, and

E484) (Figure 4D). However, in line with the absence of the L452

mutation in Omicron, 6 out the 7 identified potent neutralizing an-

tibodies with predicted binding to this residue retained their
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Figure 3. Omicron-specific RBD mutations expand their overall escape of memory B cell-derived antibodies

(A) Dot plot representing the KDs for B.1.1.529 (Omicron) RBD versus ancestral (Hu-1) RBD for all tested monoclonal antibodies from the SARS-CoV-2 recovered

(dark blue dots) and naive donors (white dots). The red shaded area indicates monoclonal antibodies with at least two-fold increased KD for B.1.1.529 than for

Hu-1 (termed ‘‘B.1.1529-affected antibodies’’ herein) (left panel). Dot plots representing KDs against the B.1.1.7 (Alpha), B.1.351 (Beta), P.1 (Gamma), B.1.617.1

(Kappa), and B.1.617.2 (Delta) RBD versus the ancestral (Hu-1) RBD for all tested antibodies (right panels). B.1.1.529-affected antibodies are highlighted as larger

size red dots (corresponding to clones present in the red sector in the left panel). The percentages indicate the proportion of B.1.1.529-affected monoclonal

antibodies also affected by the indicated RBD variant (gray zone).

(B) The frequencies of antibodies targeting one of the predicted essential binding residue groups in the Omicron-affected antibodies (left panel) and in all the

tested antibodies (right panel), as defined by RBD variants recognition profile in BLI, among all tested antibodies for each of the 11 individuals fromwhommemory

B cells were assayed. The numbers of monoclonal antibodies for each donor are indicated on top of each histogram in black. The number of antibodies affected

by Omicron-specific mutations is detailed in red. S-CoV, patients who recovered from severe COVID-19; M-CoV, patients who recovered from mild COVID-19;

Na, patients naive from COVID-19.

(legend continued on next page)
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potency against Omicron. Additionally, about one-third of the an-

tibodies identified as binding Omicron-specific residues did retain

potent neutralization despite clear affinity loss (Figures 4E and 4F).

Conversely, it is important to note that none of the non or weak

D614G neutralizers acquired potent neutralization potency

against Omicron. Five of the 14 ultra-high Omicron binders

(KD < 10�10M for Omicron; Figure 2A) were included in this assay.

Two out of these five were non-neutralizers of D614G SARS-CoV-

2 to begin with and did not acquire any neutralization activity

against Omicron SARS-CoV-2. The other three fell into a group

of antibodies (n = 29) that showed the loss of neutralization

potency without any detectable reduction in RBD affinity

(Figures 4E and 4F). These results are in line with our previous re-

sults of neutralization against B.1.351 (Beta) SARS-CoV-2 and

most likely result from allosteric changes at the level of the whole

spike imposed by mutations outside of the RBD (Sokal

et al., 2021b).

DISCUSSION

Previous analyses of the MBC repertoire elicited after mRNA

vaccination in COVID-19 recovered and naive individuals had

demonstrated the presence of a sizable pool of high-affinity

neutralizing clones against all VOCs prior to Omicron (Cho

et al., 2021; Goel et al., 2021; Sokal et al., 2021b). These data

suggested that vaccine recalls would be effective at reconstitut-

ing protective levels of serum antibodies to prevent infection by

VOCs. Our results suggest a strong but incomplete immune

escape by the Omicron variant from specific MBCs elicited by

natural infection with the D614G SARS-CoV-2 and/or vaccina-

tion with mRNA vaccine encoding the ancestral Hu-1 spike.

This is consistent with the recent studies on sera collected

from individuals who had received three mRNA vaccine doses

(Carreño et al., 2022; Dejnirattisai et al., 2022; Garcia-

Beltran et al., 2022; Gruell et al., 2022; Hoffmann et al., 2022; Pla-

nas et al., 2022), as well as with one recent study of single-cell

MBCs from pooled vaccinated SARS-CoV-2-naive individuals

(Kotaki et al., 2022). The reduction in the range of 4- to 18-fold

in overall serum neutralizing activity against the Omicron variant

as compared with the ancestral Hu-1 strain was reported in

these studies, although the overall binding potential of such

serum antibodies appeared less drastically reduced (Carreño

et al., 2022).

Looking at the single MBC level, the unique accumulation of

mutations in key amino acid residues within the RBD of the

Omicron variant, either shared with previous variants or unique,

resulted in a loss of affinity for close to 50% of all the MBCs

analyzed in our study. The link between affinity loss and neutral-

ization potency, however, is not as straightforward. On the one

hand, a few clones with reduced binding maintained their

neutralization potency and represented a large share of the

remaining potent Omicron neutralizers (11/20). On the other

hand, non-affected binders were enriched in non-neutralizing

antibodies against D614G SARS-CoV-2, which remained non-

neutralizers against Omicron SARS-CoV-2. Additionally, many

non-affected binders with weak or potent D614G neutralization

potency did not display any detectable Omicron-neutralization

potency, suggesting more complex allosteric effects at the level

of the spike (Cerutti et al., 2022; Sokal et al., 2021b; Yin et al.,

2022). Overall, of all the antibodies tested for both neutralization

and affinity in our study, over 80% of the high- to mid-binder of

the Hu-1 RBD displayed some neutralization potency against

the D614G SARS-CoV-2 (105/131), but less than 35% of the

high- to mid-binder of the Omicron RBD displayed neutralization

potency against theOmicron SARS-CoV-2 (24/74). Nonetheless,

Omicron-neutralizing antibodies still represented more than

10% of the anti-RBD MBC repertoire for 8 out of the 11 donors

in our study and could be detected in all donors (5.3 ± 3.4-fold

reduction in the proportion of Omicron neutralizers as compared

with D614G). Unlike plasma cells producing serum antibodies,

MBCs are endowed with great proliferative potential and, at a

rate of one division every 10–12 h, could theoretically compen-

sate for an up to an 8-fold loss in protective clone frequency in

less than 2 days. The low frequencies of the available protective

MBC clones detected in our study could, therefore, still be suffi-

cient to avoid severe forms of COVID-19, as observed in clinical

reports (Nemet et al., 2022).

An important next step will be to characterize the long-term re-

modeling of the MBC repertoire after an Omicron breakthrough

infection in vaccinated individuals and to address whether an

Omicron-specific B cell response can be achieved, with the

recruitment of naive B cells or the maturation of pre-existing

low-affinity MBCs. Answering these questions will provide

crucial information regarding the available immune protection

against the Omicron or subsequent variants and allow an

informed decision as to whether a vaccine boost specifically tar-

geted against VOCs would be of interest in the near future.

Limitations of the study

Potential limitations of our work include a limited number of sub-

jects included in this study for in-depth MBC characterization

(n = 11). As such, the observed differences between the donor

groups should be interpreted with caution, notably the slightly

higher frequency of potent neutralizing antibodies detected in

the severe-COVID-19 patient group. Additionally, the samples

analyzed were collected early after the first vaccine boost in all

individuals. The MBC repertoire of COVID-19-naive vaccinated

individuals has been shown to evolve up to 6 months after the

boost (Cho et al., 2021; Goel et al., 2021) and it remains to be as-

sessed how the breadth of MBC repertoire will further evolve af-

ter an additional vaccine boost with a third dose of the ancestral

Hu-1 spikemRNA vaccine (Wang et al., 2022a). Finally, our study

(C) The proportion of IGHV1-2, IGHV1-69, IGHV3-30, IGHV3-53, and IGHV3-66 usage among all the tested monoclonal antibodies with available VH sequence

and grouped based on their predicted essential binding residues, as defined in (B). The numbers of tested monoclonal antibodies from all donors are indicated on

top of each histogram.

(D and E) The ratio of Hu-1 over B.1.1.529 (Omicron) RBD KD (D) or B.1.351 (Beta) over B.1.1.529 (Omicron) KD for all the monoclonal antibodies tested, grouped

based on their neutralization potency against D614G (D) or B.1.351 SARS-CoV-2 (E) (refer to Sokal et al., 2021b). The numbers on top indicate the numbers of

monoclonal antibodies with a [KD for Hu-1 RBD / KD for B.1.1.529 RBD] ratio <0.5 (D) or a [KD for B.1.351 / KD for B.1.1.529 RBD] ratio <0.5 (E). Values above 10

or below 0.001 were plotted on the axis. See also Table S1.
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Figure 4. The Omicron VOC evades neutralization from a large proportion of memory B cell-derived monoclonal antibodies

(A) Pie charts showing the proportion of single-cell culture supernatants of RBD-specific MBCs isolated from SARS-CoV-2 recovered (S-CoV, n = 96; M-CoV, n =

112) and naive donors (n = 45) displaying potent, weak, or no neutralization potency (none) against D614G SARS-CoV-2 and B.1.1.529 (Omicron) SARS-CoV-2

variant. Potent neutralizers are defined as >80% neutralization at 16 nM and weak neutralizers as neutralization between 25% and 80% at 16 nM. None neutral-

izers are defined as neutralization <25% at 16 nM.

(B) A heatmap showing the in vitro neutralization of D614G SARS-CoV-2 and Omicron variant at 16 nM for all cultured supernatants tested. KD (M) against the

ancestral (Hu-1) and B.1.1.529 (Omicron) RBD for tested monoclonal antibodies are represented on top along with predicted binding residues.

(C) The percentage of potent neutralizers against SARS-CoV-2 D614G or variant B.1.1.529 (Omicron) viruses among monoclonal antibodies analyzed for each

donor in each group.

(D) The proportion of potent, weak, or non-D614G or B.1.1.529 (Omicron) SARS-CoV-2 neutralizers among all tested monoclonal antibodies, grouped based on

their predicted binding residues, as defined in Figure 3B.

(E) A river plot connecting affinity for the ancestral (Hu-1) and B.1.1.529 (Omicron) RBD with neutralization potency for D614G and B.1.1.529 (Omicron) SARS-

CoV-2. The binding and neutralizing affinity groups are defined in Figures 1C and 4A. Clones are connected with colored lines. The line colors indicate the evo-

lution of the neutralization potency toward B.1.1.529 (Omicron) SARS-CoV-2 as follows: green indicates potent or weak clones remaining respectively potent or

(legend continued on next page)
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was focused on the RBD domain of the SARS-CoV-2 spike pro-

tein, which represents the major target of neutralizing antibodies

(Tong et al., 2021; Vanshylla et al., 2022). Broadly neutralizing an-

tibodies against other domains of the trimeric spike have been

described, notably against the conserved epitopes of the NTD

(Wang et al., 2022b). A similar point could be made for memory

T cell responses, which so far appear to be less affected by mu-

tations selected by SARS-CoV-2 variants (Goel et al., 2021;

Tarke et al., 2022).
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ARTICLE 4 

Assessment of SARS-CoV-2 BA.1 breakthrough infection on Bmem 

repertoire remodeling 

As part of our ongoing collaboration with the group of Immune System Development at Institut 

Necker Enfants Malades (INEM) directed by Dr Matthieu Mahévas to characterize the longitudinal 

memory B cell response towards SARS-CoV-2 following mRNA vaccination, we sought to 

investigate the evolution of the memory B cell repertoire following breakthrough BA.1 infection 

in vaccinated individuals. The relative contribution of existing, vaccine elicited Bmem compared 

with de novo recruited Bmem in the months following BA.1 infection remained incompletely 

understood. This study sought to follow the Bmem repertoire in the months preceding and 

following Omicron breakthrough infection, up to 6 months. This longitudinal analysis allowed us 

to discern the patterns of remodeling within Bmem clonal and functional repertoires over this 

extended period. In the following section I have included the published manuscript (Sokal et al. 

2023)131 of this work. 

I performed additional high throughput BLI measurements to assess the affinities of Bmem-

derived monoclonal antibodies towards Omicron BA.1 RBD and several additional RBD variants. 

Specifically, we observed a significant increase in both the median affinities and the prevalence of 

potent neutralizing antibodies targeting both Hu-1 and BA.1 RBD. This observation suggests 

convergent clonal evolution, where Bmem populations appear to gravitate towards shared epitopes 

present on these two distinct RBD variants. This convergence in the immune response highlights 

the complex dynamics and adaptability of the Bmem repertoire in the face of evolving viral strains, 

shedding light on mechanisms of cross-protection and immune memory. 
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9INSERM U955, équipe 18. Institut Mondor de Recherche Biomédicale (IMRB), Université Paris-Est Créteil (UPEC), Créteil, France
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11Service de Maladies Infectieuses, Centre Hospitalier Universitaire Henri Mondor, Assistance Publique-Hôpitaux de Paris (AP-HP),
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SUMMARY

How infection by a viral variant showing antigenic drift impacts a preformed mature human memory B cell

(MBC) repertoire remains an open question. Here, we studied the MBC response up to 6 months after

SARS-CoV-2 Omicron BA.1 breakthrough infection in individuals previously vaccinated with three doses

of the COVID-19 mRNA vaccine. Longitudinal analysis, using single-cell multi-omics and functional analysis

of monoclonal antibodies from RBD-specific MBCs, revealed that a BA.1 breakthrough infection mostly re-

cruited pre-existing cross-reactive MBCs with limited de novo response against BA.1-restricted epitopes.

Reorganization of clonal hierarchy and new rounds of germinal center reactions, however, combined tomain-

tain diversity and induce progressive maturation of the MBC repertoire against common Hu-1 and BA.1, but

not BA.5-restricted, SARS-CoV-2 Spike RBD epitopes. Such remodeling was further associated with a

marked improvement in overall neutralizing breadth and potency. These findings have fundamental implica-

tions for the design of future vaccination booster strategies.
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INTRODUCTION

Emergence of the severe acute respiratory syndrome coronavi-

rus 2 (SARS-CoV-2) Omicron variant (BA.1) has marked a major

antigenic shift in SARS-CoV-2 evolution.1 The Spike (S) protein

of SARS-CoV-2 Omicron BA.1 harbors 32 mutations as com-

pared with the ancestral strain (Hu-1) originally identified in Wu-

han. These mutations drastically impair neutralizing antibodies

elicited by natural infection with the D614G SARS-CoV-2 and/

or vaccination with mRNA vaccine encoding the ancestral Hu-

1 S and have led to a massive wave of breakthrough infections

in the early weeks of 2022 in vaccinated individuals, whether

they had received 2 or 3 doses of mRNA vaccine.2–7 Since,

new sub-lineages, displaying additional mutations, continue to

emerge, supplanting prior variants.8

Despite sizable immune escape by several SARS-CoV-2 vari-

ants, the diverse memory B cell (MBC) repertoire generated by

two or three doses ofmRNA vaccines has been shown to contain

high-affinity neutralizingclonesagainst all variants up toBA.1.9–11

These MBCs, generated against the ancestral Hu-1 pre-fusion S

encoded by the original mRNA vaccines, represent an underlying

layer of immune protection associated with prevention of severe

forms of COVID-19.12–16 The impact of antigen imprinting in

shaping the response and future B cell memory to breakthrough

infection by drifted SARS-CoV-2 variants remains an open ques-

tion of major importance in direct link with the current develop-

ment of bivalent vaccines and rise in multiple antigenic

exposures.

Upon re-infection, high-affinity cross-reactive MBCs are likely

rapidly and selectively recruited from the repertoire, and MBC-

derived antibodies provide a rapid protection against ongoing

viral replication. When such antibodies merely mask their

cognate immunodominant epitopes without effectively clearing

the virus or when MBCs against specific epitopes carried by

the variant strain are scarce or absent due to high antigenic dis-

tance between the original and latest strains encountered, a de

novo naive B cell response can be initiated. These naive cells

then undergo slow maturation within the germinal center (GC),

resulting in the generation of newMBCs, further extending the di-

versity of the MBC repertoire. This point has been clearly docu-

mented in the context of influenza or SARS-CoV-2 infec-

tions15,17,18 and in murine models.19 Variant-specific MBCs,

targeting mutated residues in the S receptor binding domain

(RBD), have been detected in the context of Beta and Gamma

SARS-CoV-2 primary infection,20,21 suggesting that naive B cells

solely specific for SARS-CoV-2 variants do exist in the repertoire.

Recent reports, however, have suggested that the early

response occurring in the context of Omicron BA.1 breakthrough

infection or Hu-1 mRNA vaccination essentially mobilized cross-

reactive clones against conserved S glycoprotein epitopes

rather than recruiting novel naive B cells specific to mutated

BA.1 residues.22–25 This raises the question of the extent of

repertoire remodeling and diversification that can occur in the

context of such continued re-exposure to viral variants present-

ing low to moderate antigenic distance with the original strain, a

key question in the design of future bivalent variant-based

vaccines.

In this study, we combined single-cell multi-omics and func-

tional analysis of several hundred naturally expressed antibodies

from RBD-specific MBCs to provide an extensive characteriza-

tion of the progressive repertoire remodeling of the MBC reper-

toire occurring up to 6 months after Omicron BA.1 breakthrough

infection in a cohort of mRNA-vaccinated individuals. BA.1

breakthrough infection almost exclusively mobilized pre-existing

cross-reactive MBC clones, with limited recruitment of de novo

BA.1-restricted responses. Nonetheless, our results demon-

strate a reorganization of clonal hierarchy and new rounds of

GC reaction that combine to maintain diversity and induce pro-

gressive maturation of the MBC repertoire against both Hu-1

and BA.1 SARS-CoV-2 S RBD variants.

RESULTS

Omicron BA.1 breakthrough infection boosts humoral

and memory B cell response in triple-vaccinated

individuals

To understand how the MBC repertoire elicited by vaccination is

reshaped by BA.1 breakthrough infection and whether a specific

response against its new epitopes occurs, we longitudinally

analyzed the SARS-CoV-2-specific B cell responses in 15 indi-

viduals with no previous history of COVID-19, which were in-

fected between end of December 2021 and end of January

2022 with Omicron BA.1, shortly after receiving a third dose of

BNT162b2 mRNA vaccine (median: 32 days [13–106]). These in-

dividuals were sampled at three time points (<1, 2, and 6months)

after BA.1 breakthrough infection to fully characterize the B cell

response from the early extrafollicular reaction to the late settle-

ment of long-term memory, combining multiparameter flow cy-

tometry analysis, single-cell RNA sequencing (scRNA-seq) and

single-cell culture of S and RBD-specific B cells (Figures 1A

and S1). Four of these individuals had been previously sampled

after their second and/or third dose of mRNA vaccine9,26 (see

also Table S1). This provided us with the opportunity to decipher

the selection processes occurring at the level of the MBC reper-

toire upon BA.1 breakthrough infection on a per-individual basis.

As control, a parallel cohort of fifteen vaccinated individuals with

no history of SARS-CoV-2 infection (SARS-CoV-2-naive) were

also sampled at similar time points (<1, 2, and 6 months) after

their third dose of mRNA vaccine.

Anti-Hu-1 and BA.1 S, RBD, and Nucleocapsid (N) IgG titers

were robustly induced in all individuals after breakthrough infec-

tion (Figure 1B), with a good correlation between final anti-Hu-1

and BA.1 RBD titers in both cohorts (Figure 1C). N-specific IgG

antibodies elicited after BA.1 breakthrough infection waned

over the 6 months period, confirming the absence of new

SARS-CoV-2 breakthrough in this cohort. The decrease in anti-

RBD IgG titers over time was slightly more pronounced in vacci-

nated SARS-CoV-2-naive individuals than after BA.1 break-

through infection, probably reflecting the magnitude of the initial

response. In line with two recent studies,11,27 plasma from unin-

fected patients demonstrated poor neutralizing activity against

the BA.1 SARS-CoV-2 strain and progressively waning titers

against the authentic D614G strain (Figures 1D and 1E). In com-

parison, all infected individuals rapidly displayed equally high

neutralizing potential against both D614G and BA.1 SARS-

CoV-2 strains. And these titers remained stable up to 6 months

post infection, in line with recent observations by others.28

Finally, longitudinal analyses using a flow panel that included
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Hu-1 and BA.1 S and RBD tetramers, demonstrated a major

expansion of RBD-specific CD19+IgD� B cells shortly after

BA.1 breakthrough infection, more pronounced than the

S-specific response and with a higher magnitude than that

observed after the third mRNA vaccine in SARS-CoV-2-naive in-

dividuals (Figure 1F). Both infected and triple-vaccinated individ-

uals harbored a sizable and stable population of S and RBD-spe-

cific MBCs at the latest time point, after a contraction phase.

These results show, as previously observed for SARS-CoV-229

or influenza,30 that breakthrough infection in triple-vaccinated in-

dividuals induces a robust MBC and cross-neutralizing antibody

response.

A B

C

D E F

Figure 1. Omicron BA.1 breakthrough infection boosts humoral response in triple-vaccinated individuals

(A) Overview of cohort, sampling time points, and experimental procedures (see also Table S1 and Figure S1A for detailed sorting strategies). All donors received

three doses of mRNA vaccine with or without a subsequent BA.1 breakthrough infection (3x mRNA + BA.1 BT [black dots] or 3x mRNA [white dots]).

(B and C) (B) Anti-SARS-CoV-2 Hu-1 (top) or BA.1 RBD IgG titers (middle) and anti-Hu-1 Nucleocapsid (N) serum IgG titers (bottom) (a.u./mL) and (C) correlation

between the anti BA.1 and Hu-1 RBD serum IgG titers at indicated time points.

(D and E) (D) Half maximal inhibitory concentration (IC50) for donors’ sera in vitro neutralization assay against authentic D614G (left) or BA.1 (right) SARS-CoV-2

virus, and (E) correlation between the anti BA.1 and D614G neutralizing serum titers at indicated time points.

(F) Proportion of all Hu-1 or BA.1 Spike (top) or RBD (bottom) specific memory B cells among total CD19+ IgD�B cells using flow cytometry on donor’s peripheral

blood mononuclear cells (PBMCs) at indicated time points (see also Figure S2A for detailed gating strategies). In all panels, individual donors are represented as

dots, and longitudinal samplings from individual donors are connected.

(B and F) Mixed model analysis with Tukey’s correction for intra-group comparison and Sidak’s correction for inter-group comparison. (C) Non-parametric

Spearman correlation tests on pooled data from each cohort. ****p < 0.0001, ***p < 0.001, **p < 0.01, *p < 0.05.

See also Figures S1 and S2 and Table S1.
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BA.1 breakthrough infection mobilizes cross-reactive

Spike-specific pre-existing MBCs

To characterize the fine specificity and the dynamics of the B cell

response after BA.1 breakthrough infection, we first performed

multiparametric fluorescence-activated cell sorting (FACS) anal-

ysis on all individuals from both cohorts using major markers of

circulating B cell subpopulations (CD19, IgD, CD27, CD38,

CD21, CD71 and CD11c) along with Hu-1 and BA.1 S and RBD

tetramers (Figures S2A and S2B). As previously reported,23,31,32

BA.1 breakthrough infection mostly mobilized B cells that dis-

played cross-reactivity against shared epitopes between Hu-1

and BA.1 S proteins, representing 70%–80% of all RBD-positive

cells at any given time point post infection (Figure 2A; Table S2).

Almost no B cells uniquely specific for BA.1 epitopes could be

observed both at early time points, as previously described,23,31

and at later time points when one can expect to start detecting

new GC output (Figure 2A). Phenotypic analysis of CD19+ IgD�

switched B cell populations confirmed a massive expansion of

S- and RBD-specific CD19+IgD�CD38�CD71+ activated B cells

(ABCs) occurring in the first couple of weeks post-BA.1 infection

(Figures 2B, 2C, S2C, and S2D), together with the mobilization of

CD27high CD38high antibody-secreting cells (ASCs) (Figure S2E),

as previously described upon vaccination or primary infection

of SARS-CoV-2 naive individuals.15,16 ABCs were enriched in

Hu-1/BA.1 cross-reactive cells, confirming the preferential re-

cruitment of these cells in the context of a BA.1 breakthrough

infection (Figure 2D). S- and RBD-specific atypical CD27� IgD�

double-negative (DN) MBCs were also observed, but rarely in

CD21� CD11c� DN2 cells (Figures 2C and S2C), a population

that was previously described as a hallmark of the extrafollicular

response in COVID-19.33,34 After their initial expansion, the pro-

portion of S- and RBD-specific ABCs decreased over time favor-

ing, in a similar kinetic than observed in triple vaccinated individ-

uals, the resting MBCs, which remain thereafter stable.

To further get access to the earlyASC response,whosehetero-

geneoussurfaceBcell receptor (BCR) expressionprevents accu-

rate specificity assessment, and to track potential recruitment of

naive B cells to the extrafollicular response as well as repertoire

and/or transcriptomic changes of the SARS-CoV-2 specific B

cell response, we next performed scRNA-seq with parallel sur-

face protein expression and immunoglobulin heavy chain (IgH)

variable, diversity, and joining (VDJ) sequencing on sorted

CD19+IgD� B cells at both early (<1 month) and late time points

(6 months) from 4 individuals infected with BA.1 (Figure S1A).

To focus on cells involved in the ongoing response, CD19+IgD�

B cells were enriched in S- and/or RBD-specific B cells as well

as in total ASCs (Figure S1A). Activated CD19highIgD+ B cells

were also sorted to track thepotentialmobilizationof naiveBcells

(Figure S1A). In parallel, we sorted and single-cell cultured Hu-1

and/or BA-1 S- and RBD-specific B cells at different time points,

and IgVH sequences obtained from these cells were further inte-

grated to our scRNA-seq dataset to increase the number of iden-

tifiedS- andRBD-specificBCRsequences and add functional in-

formation regarding linked antibodies (Figures S1A, S1B,

and S3A).

Unsupervised clustering analysis of scRNA-seq revealed 6

clusters according to their gene expression profile (Figure 2E).

Among them, we distinguished CD21lowCD38+CD71+ ABCs,

CD21�CD38�CD27�CD11c+ DN2, and 2 clusters of ASCs with

both proliferative short-lived plasmablasts (PBs) and non-

dividing plasma cells (PCs) based on surface protein and gene

expression (Figures S2F and S2G). The remaining B cells were

separated in two populations: a mixture of naive/transitional B

cells and a restingMBCpopulation (Figure 2E). At early time point

after BA.1 breakthrough infection, S- and/or RBD-specific B cells

mainly resided among the ABC and ASC clusters (Figures 2F and

S2H), and they relocated to the resting MBC cluster at the

6months’ timepoint (Figure 2F).Concordantwithour flowcytom-

etry analysis, these cellsweremostly cross-reactive against BA.1

and Hu-1 SARS-CoV-2 with only approximately 1.3% (14/1,075)

of total specific cells analyzed only recognizing BA.1 S- or RBD-

specific epitopes at any given time point.

Most of theRBD-specificBcellsmobilized to theASCandABC

responses upon BA.1 breakthrough infection harbored a high

mutation load (median: 19 mutations), with less than 1% (4/546)

unmutated sequences in ASCs and none in ABCs (Figure 2G;

Table S3) and, overall, very limited frequencies of cells with inter-

mediate number of mutational load (2–9 mutations). Similar re-

sults could be observed for S-specific B cells (Figures S2I–

S2K). This is in stark contrast with our previous results showing

that the RBD-specific ABC and ASC responses after primary

infection15 or 2 doses of mRNA vaccine mobilize cells with low

IgVHmutations9 (Figure 2G). Non-cross-reactive BA.1 RBD-spe-

cific cells appeared to display lowermutational loads (Figure 2H),

but the very low number of recovered sequences prevented us

from drawing any definite conclusion on this point.

Altogether, our results are consistent with a preferential recall

of highly mutated pre-existing cross-reactive MBCs, massively

expanding as ABCs and fueling the ASC response, with limited

recruitment of naive B cells against BA.1-specific epitopes.

BA.1 breakthrough infection remodels the MBC

repertoire

One of the key questions in the context of immune imprinting re-

lates to understanding how a secondary or tertiary antigen

encounter reshapes the cognate MBC repertoire and impacts its

diversity. First evidenceof repertoire remodelingpost-BA.1break-

through infection could be seen at the global S-specific repertoire

level,with the proportionofRBD-specificMBCsamongS-specific

clonesbeingsignificantly increasedafterBA.1breakthrough infec-

tion (mean ± SEMof 51.8%± 4.2%vs. 24.5%± 3.4%; p < 0.0001)

and remaining significantly higher at 6 months as compared with

individuals having solely received 3 doses of mRNA vaccine

(mean±SEMof 38.8%±2.9%vs. 20.2%±2.4%; p=0.0007) (Fig-

ure 3A). Further evidence of remodeling could be seen in the RBD-

specificMBC repertoire at the clonal level. Longitudinal analysis of

the overall RBD-specificMBC clonal diversity, reflected byChao1

clonal richness index andShannonentropy values showednoma-

jor loss of diversity, apart from the ASCs compartment post-BA.1

infection as expected (Figures 3B, S3A, and S3B). A sizable frac-

tionof theRBD-specificcloneswasmaintainedoverBA.1 infection

(‘‘sustained’’ clones) (Figure 3C), most of which being Hu-1/BA.1

cross-reactive (Figure 3D). However, in-depth analysis of the

repertoire revealedmarked remodeling at the clonal level, charac-

terized by the loss of previously expanded clones, including Hu-1

RBD-specificonlycells, and theemergenceofnewclonessomeof

which eventually persisted over time (Figure 3C). In all longitudi-

nally sampled individuals, sustained clones were still largely
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represented in theMBC repertoire at 6months (Figure 3C), with no

clear reduction in the individual frequencies of these clones (Fig-

ure 3E). Germline VH gene usage in RBD-specific sequences

showed no major changes after BA.1 infection relative to those

found after a third dose of mRNA vaccine in our longitudinally

sampled donors (Figure 3F), albeit a progressive enrichment in

IGHV1-69 gene usage, as previously described,22 is to be noted.

These results suggest that the immune response against the

Omicron BA.1 variant does not solely mobilize the top cross-

reactive MBCs but also expands MBC clones previously found

A B C D

E

G

F

H

Figure 2. BA.1 breakthrough infection-induced early response recruits Hu-1/BA.1 cross-reactive RBD-specific memory B cells

(A–D) Flow cytometry analysis of PBMCs from donors at indicated time point after a third dose of mRNA vaccine with or without a subsequent BA.1 breakthrough

infection (3x mRNA + BA.1 BT infection or 3xmRNA). (A) Frequency of SARS-CoV-2 Hu-1 and BA-1 cross-reactive (dark blue), Hu-1 (light gray), or BA.1-only (red)

RBD-specific among all RBD-specific CD19+ IgD� cells. (B) Uniform Manifold Approximation and Projection (UMAP) for concatenated CD19+ IgD� cells from all

donors analyzed by multiparametric fluorescence-activated cell sorting (FACS) analysis. RBD-specific B cells are overlaid in dark blue (Hu-1 ± BA.1 specific) or

red (BA.1 only specific) dots on top of all cells. The CD71+ ABC cluster is delineated by a blue line. (C) Distribution of Hu-1 RBD-specific CD19+ IgD� B cells in

cluster defined by manual gating strategies (see Figure S2A). (D) Mean percentage of Hu-1 and BA-1 cross-reactive (dark blue), Hu-1 (light gray), or BA.1-only

(red) RBD-specific among total or CD71+ (ABCs) RBD-specific CD19+ IgD� B cells.

(E–H) scRNA-seq analysis of PMBCs from four donors within the 3x mRNA + BA.1 BT infection cohort. (E and F) UMAP for all VDJ-expressing cells

at the <1 month (left, n = 13,644) and 6 months’ time points post infection (right, n = 14,132), colored based on unsupervised clustering analysis

(E) or indicated clone specificity (F). (G and H) Total number of IgVH mutations (G) and distribution in IgVH mutation groups (0–1, white; 2–9, gray; andR10

mutations, black) (H) for RBD-specific B cells at indicated time points post infection in indicated cell populations (2x mRNA data extracted from

Sokal et al.,16 antibody-secreting cells [ASCs] regroup both plasmablasts [PBs] and plasma cells [PCs]). In (G), dashed vertical lines indicate 1 and 10

mutations.

(A, C, and D) Mixed model analysis with Tukey’s correction for intra-group comparison and Sidak’s correction for inter-group comparison. ****p < 0.0001,

***p < 0.001, **p < 0.01, *p < 0.05.

See also Figure S2 and Tables S2 and S3.
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Figure 3. BA.1 breakthrough infection induces partial remodeling of the specific memory B cell repertoire

(A) Frequency of RDB (Hu-1 and/or BA.1) specific CD19+ IgD� B cells among Spike (Hu-1 and/or BA.1) specific CD19+ IgD� B cells in 3x mRNA (white) or 3x

mRNA + BA.1 BT infection (black) cohorts at indicated time points.

(B–F) Repertoire analysis of RBD-specific MBCs and ASCs in individual donors from the second dose of mRNA vaccine up to 6 months after BA.1 break-

through infection. (B) Evolution of clonal richness (Chao1 index) over time. Each line represents one individual donor. (C) Longitudinal clonal distribution in

3 donors. Slice sizes are proportional to the size of each clone. Clones found before and after BA.1 BT infection are depicted in green; expanded clones lost

upon BA.1 BT infection are in light red if found at a single time point or in dark red if persisting at several time points pre-BA.1; and newly expanded clones

found after BA.1 BT infection are in light blue if found at a single time point or in dark blue if found at several time points. Singletons or expanded clones

whose overall frequency post-BA.1 did not reach the frequency of singletons pre-BA.1 are represented in white. Outer black semi-circular line indicates the

proportion of sequences belonging to expanded clones at a given time point. The total number of sequences is indicated at the pie center. (D) Percentage

of cells specific for Hu-1/BA.1, Hu-1, or BA.1 RBD among total RBD-specific cells sequenced, grouped according to their clone’s evolution upon BA.1 BT

infection, as defined in (C). (E) Frequency of sustained RBD-specific clones among total RBD-specific cells sequenced at any time point pre- or post-BA.1 BT

infection. (F) IgVH gene usage distribution in CD19+IgD� RDB (Hu-1 and/or BA.1) specific B cell at indicated time points.

(A and F) Mixed model analysis with Tukey’s correction. (D) Two-tailed Wilcoxon test. ****p < 0.0001, ***p < 0.001, **p < 0.01, *p < 0.05.

See also Figure S3 and Table S3.
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at low frequency in the repertoire or recruits cross-reactive naive

B cells (Figure 3D), maintaining in the process the overall clonal

diversity and thus likelymitigating the negative impact of immune

imprinting.

BA.1 breakthrough infection drives additional affinity

maturation and increased overall neutralization breadth

of the MBC repertoire

To evaluate the functional consequences of the observed MBC

repertoire evolution, we first assayed the affinity against Hu-1

and BA.1 RBD proteins of over 600 randomly selected mono-

clonal IgGs, isolated from the supernatants of single-cell cultured

RBD-specificMBCs from longitudinally sampleddonors pre- and

post-BA.1 breakthrough infection. We detected a clear increase

in affinity of the overall antibody pool against BA.1 RBD between

2 and 6 months after BA.1 infection (Figure 4A). Despite being

already of high affinity against Hu-1 RBD proteins after 3 doses

of mRNA vaccine—median dissociation constant (KD) of 3.7 3

10�10 M (Figure 4A) and 73.7 ± 7.3% of tested monoclonal anti-

bodies (mAbs) with measured affinity below 1 nM (Figure 4B)—

further modest affinity increases against the Hu-1 RBD could

also be observed, a trend seen in 4 out of 5 individuals (Fig-

ure S4A; Table S3). The increase in affinity against BA.1 RBD

did not solely result from the selection of clones recognizing un-

mutated residues as the proportion of MBC-derived mAbs bind-

ing both ancestral Hu-1 and BA.1 RBD with similar affinities

(labeled ‘‘unaffected,’’ Figures 4C and S4B) remained stable

over time, representing between 60% and 70% of the overall

repertoire. Instead, the increase in affinity was seen in the

‘‘affected’’ clones pool, with a progressive loss of the non-

binder/fully impaired clones against BA.1 RBD (KD > 10�7 M) up

to the latest time point after BA.1 breakthrough infection (Fig-

ure 4C). This increased affinity was further paralleled by a pro-

gressive improvement in neutralization potential of the overall

MBC repertoire against both D614G and BA.1 SARS-CoV-2 vi-

ruses (Figure 4D), with notably 40% of potent neutralizing anti-

bodies (>75% at 16 nM) and a strong reduction in mAbs with

no detectable neutralization potency against BA.1 SARS-CoV-2

(i.e., <25% neutralization at 16 nM) at the latest time point.

To analyze how this extended to later variants of the Omicron

sublineages, we next tested affinity against BA.2 RBD, which

shares most of BA.1 mutations, and BA.5 RBD, which notably

contains two key additional mutations (L452R and F486V) in-

side immunodominant epitopes.35 A similar, albeit non-signifi-

cant, trend for an overall increase in affinity was observed

for BA.2 RBD (Figures 5A and 5B). The median affinity of the

MBC repertoire against BA.5 RBD, on the other hand, showed

the opposite trend (Figures 5A and 5B), partly driven by an in-

crease in the frequency of partially affected clones against BA.5

over time (Figure 5C). Two by two comparisons of binding affin-

ities between Hu-1 and BA.1, BA.2, and BA.5 RBD variants

further pinpointed toward a specific increase in mAbs solely

affected in their binding to BA.5 (labeled ‘‘BA.5-affected’’) and

thus likely targeting epitopes containing one of BA.5-specific

mutations (L452R or F486V) (Figures 5D, S4C, and S4D). On

the contrary, the frequency of mAbs showing weaker binding

to all tested Omicron lineage RBDs (labeled ‘‘BA.1/2/5-aff-

ected’’) and likely targeting one of the core Omicron lineage

mutations (G339D, S375F, K417N, N440K, G446S, S477N,

T478K, E484K/Q/A) remained stable over time. And we only

observed a few clones affected by BA.1-specific (G446S/

G496S), BA.1/BA.2 (Q493R), and BA.2/BA.5-shared (T376A/

D405N/R408S) mutations. Germline VH gene usage according

to RBD binding properties did not change over time (Figure S4E)

and highlighted VH1-69 as a major component of mAbs specif-

ically targeting RBD residues mutated in BA.5, as recently

shown by others.31

Although the overall frequency of broadly binding antibodies

did decrease over time, they still accounted for 44 ± 11% of all

antibodies in all assayed donors 6 months after BA.1 break-

through infection (Figures 5D and S4C). And, in line with the over-

all affinity maturation observed against Hu-1 and BA.1, and the

fact that these antibodies likely recognize epitopes unmutated

in BA.5, broadly binding antibodies also showed detectable

affinity maturation against BA.5 (Figure 5E) and increased

neutralization potency against all three tested SARS-CoV-2 var-

iants (Figures 5F, S5A, and S5B). However, as previously

described,9 only a fraction of these broadly binding antibodies

displayed intermediate or potent neutralization against all vi-

ruses, suggesting a lack of selective pressure. A similar increase

in affinity and neutralization potency could be seen for BA.1/2/5-

affected mAbs (Figures S5A and S5B). And this appeared to

explain most of the overall increase in neutralization potency

against BA.5 of the whole MBC repertoire (Figure 5F). This sub-

stantial gain of neutralization potency was equally observed for

neutralizing antibodies using IGHV1-69, IGVH3-30, or IGHV3-

53/66 genes, suggesting that these recurrent classes of anti-

RBD antibodies can be recruited to participate in neutralization

against mutated epitopes (Figures S5A and S5C).

Overall, these results demonstrate that the MBC repertoire re-

modeling observed following BA.1 breakthrough infection leads

to an improved affinity and breadth of theMBC repertoire. Part of

Figure 4. BA.1 breakthrough infection drives additional maturation of Hu-1/BA.1 cross-reactive RBD-specific memory B cells

(A) Dissociation constants (KD, expressed as moles/L) measured by biolayer interferometry against Hu-1 and BA.1 RBDs for naturally expressed monoclonal

antibodies randomly selected from single-cell culture supernatants of RBD-specific MBCs isolated from 6 donors, including 3 longitudinally analyzed before and

after BA.1 BT infection (see Figure S4A). Numbers of tested monoclonal and median affinity per time point are indicated at the bottom of each graph.

(B) Frequencies of Hu-1 and BA.1 RBD high-binders (KD < 10�9 M), mid-binders (10�9% KD < 10�8 M), low-binders (10�8% KD < 10�7 M), or non-binders (KDR

10�7 M) among tested monoclonals antibodies at indicated time points.

(C) Measured KDs against BA.1 versus Hu-1 RBDs for all tested monoclonal antibodies. Light and dark red shaded zones indicate partially and fully impaired

BA.1-affected monoclonal antibodies, respectively (see STAR Methods). Respective frequencies are shown at the bottom of the graph (see also Figure S4B).

(D) Distribution in in vitro neutralization potency against authentic D614G and BA.1 SARS-CoV-2 virus for randomly selected RBD-specificmonoclonal antibodies

at indicated time points. Number at the center of the pie indicates the total number of tested monoclonal antibodies.

(A) Kruskal-Wallis tests with Benjamini, Krieger, and Yekutieli false discovery rate correction for multiple comparisons (q values are indicated in the figure). (B and

E) Mixed model analysis with Tukey’s correction. (D) Chi-squared test. ****p < 0.0001, *p < 0.05.

See also Figures S4 and S5 and Table S3.
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this comes from redirecting the response toward conserved im-

munodominant epitopes in BA.1, with the inherent risk that these

epitopes could be mutated in later variants, as seen with BA.5.

Such risk, however, is counterbalanced by a global enhance-

ment in affinity against all epitopes included in the BA.1 RBD.

This mechanism provides substantial neutralization benefit

against both past and future variants sharing similar epitopes.

Selective expansion of MBCs outside GC and additional

cycles of GC maturation sequentially contribute to MBC

repertoire remodeling

Such remodeling and maturation of the MBC repertoire post-

BA.1 breakthrough infection could be simply explained by

the expansion of high-affinity, pre-mutatedMBCs independently

of any GC reaction.36 Alternatively, this could also reflect a

A B C

D E F

G

Figure 5. BA.1 breakthrough infection broadly increases neutralization breadth of MBC-derived mAbs

(A) Dissociation constants (KD, expressed as moles/L) measured by biolayer interferometry against BA.2 and BA.5 RBDs for all tested monoclonal antibodies

displayed in Figure 4A (see Figure S4A). Numbers of tested monoclonal and median affinity per time point are indicated at the bottom of each graph.

(B) Frequencies of BA.2 and BA.5 RBD high-binders (KD < 10�9M),mid-binders (10�9%KD < 10�8M), low-binders (10�8%KD < 10�7M), or as non-binders (KDR

10�7 M) among tested monoclonal antibodies at indicated time point.

(C) Measured KDs against BA.5 versus Hu-1 RBDs for all tested monoclonal antibodies. Light and dark red shaded zones indicate partially and fully impaired

BA.5-affected monoclonal antibodies, respectively (see STAR Methods). Respective frequencies are shown at the bottom of the graph (see also Figure S4B).

(D) Overall distribution of tested monoclonal according to their binding patterns against Hu-1, BA.1, BA.2, and BA.5 RBDs at indicated time points.

(E) Measured KD against Hu-1, BA.1, and BA.5 RBDs for broadly binding monoclonal antibodies tested in (A) at indicated time point.

(F and G) Distribution in in vitro neutralization potency against authentic BA.5 SARS-CoV-2 virus at indicated time point for randomly selected naturally expressed

monoclonal antibodies (F) ormonoclonal antibodies falling in the broadly binding, BA.1/2/5-affected, andBA.5-affected groups as defined in (D) and (G). In (D), (F),

and (G), numbers at the center of each pie chart indicate the total number of tested monoclonal antibodies.

(A and E) Kruskal-Wallis tests with Benjamini, Krieger, and Yekutieli false discovery rate correction for multiple comparisons (q values are indicated in the figure).

(D, F, and G) Chi-squared tests. ****p < 0.0001.

See also Figures S4 and S5 and Table S3.
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progressive output of clones having undergone new rounds of

GC reaction, as recently shown in the context of a third mRNA

vaccine dose.25 The first hypothesis would be expected to

lead to early changes post infection, also impacting the ASC

response, whereas the second would be expected to have a

more progressive impact associated with the progressive output

of clones from GCs.

In line with the early recruitment and proliferation of MBC

clones outside of a GC reaction, we could detect an increased

frequency of cells within clones bearing identical sequences in

multiple donors at the earlier time points post 2nd and 3rd vaccine

doses and post-BA.1 infection (Figure S6A), resulting in an over-

all drop in sequence diversity (Figure S6B). The diversity, howev-

er, appeared mostly restored at the 6 months’ time point. A

preferential recruitment of a highly mutated subpopulation of

pre-existing MBC clones to the ASC compartment could also

be observed when analyzing total IgVH mutations as well as re-

placing mutations in the heavy-chain complementarity-deter-

mining regions (CDRs) in Hu-1/BA.1 cross-reactive RBD-spe-

cific ASCs generated early after BA.1 infection (Figures 6A and

S6C) and to a lesser extend in clonally related MBC clones at

the same time point (Figure S6D). In parallel to the contraction

of the early MBC/ASC response, longitudinal evolution in muta-

tion profile in cross-reactive RBD-specific MBCs revealed an

initial decrease in the average total number of VH mutations,

seen at 2 months post-BA.1 infection (Figures 6A, S6C, and

S6D). This was notably associated with an increased presence

of lowly mutated cells, including 2.77% of unmutated sequences

(Figure 6B). Sequences with low numbers of mutations (<10

mutations) could mostly be seen in low-frequency clones early

post-BA.1 infection, thereafter, slowly transiting to the newly

expanded pool (Figures 6C and 6D). Subsequently, the average

number of IgVH mutations and replacing mutations in CDRs of

cross-reactive MBCs significantly increased between 2 and

6 months after BA.1 infection (Figures 6A, S6B, and S6E,

p < 0.01), reaching similar mutational loads as seen early post

3rd vaccine dose or BA.1 infection.

This parallel increase in mutational load and affinity maturation

observed between 2 and 6 months after BA.1 infection in the

MBC repertoire in our longitudinally sampled donors suggested

that naive B cells or previously generated MBCs could be re-

cruited to newly formed or vaccine-induced persisting GCs. To

investigate this point at the clonal level, we next looked at IgVH

mutation number evolution in persisting clones pre- and post-

BA.1 infection. Out of 22 total Hu-1/BA.1 cross-reactive RBD-

specific clones with more than 7 sequences identified at least

twice between the post-3rd mRNA vaccine dose time point

and later time points after BA.1 breakthrough infection, 3 clones

were detected to be significantly accumulating mutations over

time (Figure 6E; p = 0.00001, p = 0.0086, and p = 0.0203, respec-

tively). These numbers, although clearly reduced as compared

with the frequency of clones in evolution seen between the 2nd

and 3rd vaccine dose (3 out of 4 withmore than 7 sequences, Fig-

ure 6F), are in linewith a similar analysis recently performed in the

context of influenza vaccine recall response in which such GC

response could be validated by direct staining of draining lymph

nodes.18,37 These clones included both sustained (clone 5,584

from donor Na-25) and newly expanded clones, in line with the

fact that cells from both sustained and newly expanded/low-fre-

quency MBC clones showed a similar tendency to gain in affinity

toward BA.1 RBD variant between 2 and 6months after infection

(Figure S6F). Nevertheless, we found no systematic correlation

between the increase in total mutation load and affinity at the

repertoire (Figure S6G) or clonal level, with notably only one

out of the three clones identified as statistically increasing their

overall mutational load over time after infection also increasing

in affinity (Figure 6E). Differences between the two groups of

clones were more marked for neutralization potency (Fig-

ure S6H). Although the majority of lost or low-frequency clones

pre-BA.1 infection was non or poor-neutralizers of both the

D614G and BA.1 SARS-CoV-2 viruses, newly expanded and

low-frequency clones seen 6 months after BA.1 infection

reached similar neutralization potency as their counterparts

from sustained clones.

Overall, these analyses suggest that the MBC repertoire is

dynamically reshaped by an early extra-GC expansion and sub-

sequent contraction of a few selected highly mutated cross-

reactive clones and the concomitant settlement of a more

diverse pool of cells in the repertoire likely, but not necessarily

exclusively, representing new GC outputs.

DISCUSSION

Little is known about the remodeling induced by an infection by a

viral variant showing antigenic drift on a repertoire of preformed

mature human MBCs. Selective boosting of cross-reactive anti-

body specificities by prior exposures was historically coined, in

the context of influenza, ‘‘original antigenic sin.’’38,39 Studies in

mice have shown that upon reinfection or re-exposure to an anti-

gen, the MBC pool can expand outside the GCs in an affinity-

dependent selective process,40 differentiate in PCs, or reenter

GCs to undergo affinity maturation.19,41 These secondary GCs,

however, mostly engage naive clones, allowing diversification

against new epitopes.19,36,40,42,43 Understanding how these

different paths shape the recall response in humans to an anti-

genic variant of respiratory viruses such as SARS-CoV-2 remains

an open question with fundamental implications for the design of

future vaccination booster strategies.

As previously reported for influenza30 andmore recently SARS-

CoV-2 variant breakthrough infections22,31 or variant-based

vaccination,25 the initial ABC response following BA.1 break-

through infection is clearly dominated by highly mutated vac-

cine-induced cross-reactive MBC clones eliciting broadly cross-

neutralizing antibodies, a point that we could further confirm at

the level of ASCs. Here, we show that this imprinting was not

limited to the early extrafollicular response but persisted over

time, with very few BA.1-restricted naive B cell clones recruited

in de novo GCs. High-affinity serum antibodies elicited during

the primary response have recently been demonstrated to reduce

the recruitment of naive B cells to GCs during secondary re-

sponses.44 Such a process, however, is epitope-specific44 and,

in individuals infected during the first wave of COVID-19, MBCs

specific for the S of seasonal coronaviruses elicited non-neutral-

izing antibodies against SARS-CoV-2 that did not impair the

recruitment of near-germline B cell clones recognizing novel epi-

topes present in SARS-CoV-2 RBD.13,16 Similarly, the massive

antibody response against non-neutralizing immunodominant

epitopes upon a second immunization with H5N1 vaccine or HIV
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Figure 6. MBC repertoire remodeling andmaturation post-BA.1 breakthrough infection reflects successive contributions from extra-GC and

GC responses together with the recruitment of low-frequency lowly mutated MBC clones

(A) Total number of IgVHmutations in RBD-specificMBCs or ASCs, sorted according to their specificity (Hu-1 RBD-only [left, blue and red dots] versus Hu-1/BA.1

RBD cross-reactive [right, white and green dot]) at indicated time points before and after BA.1 BT infection. Mean ± SEM are shown.

(B–D) Number of total (B) or CDR3 replacing IgVH mutations (C), and (D) distribution in total number of IgVH mutations (0–1, white; 2–9, gray; andR10, black) at

indicated time points in Hu-1/BA.1 cross-reactive RBD-specific MBCs, grouped according to their clone’s evolution upon BA.1 BT infection, as defined in

Figure 3C.

(E and F) Phylogenetic trees for six RBD-specific clones identified as significantly evolving between 2 and 3 mRNA vaccinations (n = 3, E) and post-BA.1 BT

infections (n = 3, F), scaled according to IgVH mutation frequencies. Color code and dot size reflect, respectively, time of sampling and number of identical

sequences found at each time point. CDR3 (amino acids) frequency plot logos, slope for the rate of somatic mutation accumulation over time (slope), and p value

(p) of the date randomization test comparing the Pearson’s correlation (r) between divergence and time in tree are shown at the bottom of each tree. Averaged

(median) RBD affinity (gray) and neutralization potencies (black, : P: >75%,W: 25%–50%, and None: <25% neutralization at 16 nM) for Hu-1 (left) and BA.1 (right)

are indicated on the right side of each tested monoclonal antibodies in the tree.

(A and B) ordinary one-way ANOVA with Sidak’s correction for multiple comparisons.

(C) Unpaired t tests. ****p < 0.0001, **p < 0.01, *p < 0.05.

See also Figure S6 and Table S3.
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Env proteins masked these epitopes, thereby promoting matura-

tion of naiveB cells inGCs against a different set of non-dominant

epitopes.45–47 In our study, all individuals had recently received a

thirddoseofHu-1-pre-fusionSprotein-basedmRNAvaccine, but

this vaccine boost did not prevent subsequentBA.1breakthrough

infection and MBC recruitment to the extrafollicular response.

Omicron’s antigenic distance should thus have enabled exposure

of mutated epitopes of the RBD, as previously described in the

context of primary infection with SARS-CoV-2 variants.21 One

possible explanation for the limited strain-specific response

against BA.1 could be the absence of a sufficient amount of viral

antigen to activate naive B cells, as the virus is rapidly cleared

by neutralizing antibodies produced by newly recruited cross-

reactive MBCs. Alternatively, the high initial frequency of cross-

reactive MBCs, even if displaying variable affinity to mutated

BA.1 RBD epitopes, may also provide them with a competitive

advantage that restricts antigen accessibility to naiveB cells. It re-

mains that we did observe a late recruitment of unmutated and

lowly mutated cross-reactive cells in the MBC repertoire. These

cells could represent naive B cells recruited to an ongoing GC re-

action.48,49 Thiswould suggest the active selection of cross-reac-

tive B cells in the GC. Alternatively, some of these cells could also

be the result of the expansion of pre-existing lowlymutatedMBCs

outside any GC reaction.

The absence of de novo recruitment of BA.1-restricted naive B

cells and the parallel focus on cross-reactive MBC clones could

have induced progressive reduction in overall diversity, a point

we only observed transiently upon infection and mostly in the

ASCs. And, although non-cross-reactive Hu-1-specific MBCs

tend to be excluded from the early ABC/extra-GC response, their

frequency returned to pre-BA.1 infection baseline at later time

points in the response. Changes in the repertoire up to 6 months

after BA.1 infection, however, were not solely restricted to the

expansion and later contraction of a cross-reactive MBC

response through the extra-GC response. The longitudinal

tracking of RBD-specific clones revealed a more complex pic-

ture with a progressive remodeling of the MBC repertoire,

refining clonal hierarchy against BA.1 epitopes, and resulting in

a clear improvement in both overall affinity and neutralization

breadth. Although overall functional variations were clearly

more subtle than what can be detected over time in newly vacci-

nated individuals12–16 (and this study), our results suggest new

cycles of GC maturation for naive B cells and vaccine-induced

MBCs following BA.1 breakthrough infection. This is in line with

the recent description of a sustained GC response following a

vaccine boost in double-vaccinated individuals.25 Additionally,

the magnitude of the GC reaction was probably underestimated

in our analysis as investigating such marks in the context of a

recall response in the PBMCs, with an already fully mature

MBC repertoire, is clearly challenging.37 Limited longitudinal

sampling and overrepresentation in the early repertoire post-

antigenic exposure of sequences from cells having undergone

recent expansion in the extra GC response likely add up to

restrict our analysis to high-frequency persisting clones. The in-

crease in mutational load observed in low-frequency and newly

expanded clones later in the response clearly suggests a key

contribution of these cells to the remodeling of the MBC reper-

toire. Whether such initially low-frequency clones reenter GCs

remains to be demonstrated. This would require direct sampling

of draining lymphoid organs. Altogether, the remodeling of the

MBC repertoire upon BA.1 breakthrough infection is in line with

a recent theoretical modeling study pointing toward theGC reac-

tion during a secondary reaction as a key mechanism to reintro-

duce diversity in the MBC pool.36 The contribution of the extra-

GC expansion of MBC clones and the GCs output to remodel

the MBC repertoire appears nevertheless variable from one indi-

vidual to another.

Finally, our results also raise two clinically relevant points. First,

breakthrough infectionclearly switched theoverallMBC response

toward RBD epitopes. Second, post-breakthrough maturation of

the MBC response could be considered to expand toward non-

mutated immunodominant epitopes on the RBD. The modified

pattern of immunodominance at the S level could be explained

by the epitope masking of highly conserved region of the S2

domain by the pre-existing antibody response31 or by differential

conformational states of SARS-CoV-2Sprotein between the vac-

cine and the virus. Whether this bears any functional relevance

regarding overall protection against future infections, positive or

negative, remains to be tested. The modified pattern of immuno-

dominance at the RBD level suggests that repeated challenges

with variant S proteins may simply increase the selective advan-

tage of specific amino-acid substitutions, as exemplified here

for the L452Q/R mutation responsible for part of the immune

escape potential of the BA.5 strain from IGHV1-69 and IGHV3-9

class of antibodies.31,50 In terms of vaccination, it suggests that

further strategies to extend the immune response beyond the

conserved RBD epitopes will be needed to favor diversity and

cope with future antigenic drifts of the SARS-CoV-2.

Collectively, these data show that although BA.1 breakthrough

infection induces a cross-reactive extra-GC expansion, the

clonal diversity is maintained by the GCs’ output to remodel

and improve neutralization potency and breadth of the MBC

repertoire.

Limitations of the study

Potential limitations of our work include the limited number of sub-

jects that could be included in this study for in-depthMBCcharac-

terizationaswell as the sparsesampling that could beachieved for

some of these donors at some time points. This may have intro-

duced some bias in clonal representation. As such, the extent of

observed clonal remodeling and affinity maturation should be in-

terpreted with caution, notably in donors for which the number of

analyzable sequences was low, potentially affecting the labeling

of clones as ‘‘lost,’’ ‘‘sustained,’’ or ‘‘newly expanded’’ and limiting

the contribution of individual donors to the overall pool of tested

mAbs. To limit such biases, we have attempted to select similar

number of clones per donor when testing affinities and neutraliza-

tion and to display individual donor data in Figures S1–S6. All pa-

tients studiedwere infectedwithBA.1 early after their third vaccine

boost (seeFigure1A;TableS1B), ashasbeen thecase fora sizable

fraction of early Omicron breakthrough infections. In this setting,

mRNA vaccine-induced residual GCs driven by the Hu-1 pre-

fusion Swere recently activated.25Aswewere not able to perform

direct longitudinal comparisonswith non-infected individuals hav-

ing solely received 3 doses of mRNA vaccine, we cannot exclude

thatpartof theobservedclonal remodelingwouldhaveoccurred in

non-infected individuals. It also remains tobe investigatedwhether

sucha situation,with two closely related antigens being presented
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concomitantly as currently implemented in bivalent vaccines,

might favor theselectionofcross-reactiveMBCsandaffinitymatu-

rationagainst bothantigens.Affinitymaturationwasonlyobserved

against the BA.1 RBD in a recent preprint analyzing MBCs

following a similar BA.1 breakthrough infection in individuals

mostly remote from their second mRNA vaccine dose.
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DropPick: Isolation of cell-of-interest from DropMap 

DropMap microfluidic assay 

The DropMap microfluidic technique is a method used to analyze the functionality of individual 

cells with high throughput and single-cell resolution (Figure 10)128,132. It employs droplet 

microfluidics to encapsulate individual cells in picoliter water-in-oil droplets. This technology 

enables the generation of millions of single data points within a short amount of time, typically for 

between 104 to 106 individual cells. The compartmentalization of cells into small volumes (40 pL) 

allows for the analysis of cellular functionality without interference from other cells. The small 

volume within each droplet minimizes dilution, resulting in a measurable concentration of the 

secreted molecule in a short period. This accelerates analyses and assay run time, while also easing 

cell handling and reducing bias due to the shorter timeframe. The ability to analyze multiple 

samples per day further increases throughput and resolution of the immune reaction. Various 

assays that measure cellular functionality have been successfully integrated using the DropMap 

technology, enabling the quantification of functions of a variety of immune cells, including B-

cells, T-cells, neutrophils, monocytes, cell lines, and cancer cells. 

Linking phenotype to genotype with DropMap 

DropMap is currently unparalleled in its ability to characterize functional diversity of the ASC 

pool in a single assay, particularly regarding affinity, with the nearest alternatives requiring 

combinations of FACS, scRNAseq, cloning, and ELISA or BLI. Despite the apparent advantages, 

DropMap does not offer any method for genotyping the ASCs identified, leaving immense 

amounts of data unutilized and many answers unobtainable. There are many questions that could 

be answered by analyzing DropMap-identified ASCs with FACS and scRNAseq. As a technique 

that directly measures antibody secretion as opposed to inferring secretion from other expressed 

markers, DropMap is uniquely positioned to inform how the functional subgroups within the ASC 

pool (high, medium, low levels of affinity and/or secretion rate) relate to populations of developing 

or differentiated ASCs identified by FACS and mass cytometry. Additionally, studies of ASC 

clonality and VDJ diversity require the complicated procedure of cloning, re-expression, and 

kinetic binding measurements if affinity is sought to be related to ASC genotype. 
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Similarly, many scRNAseq techniques are limited by the incomplete gating strategies available 

during FACS. We therefore sought to evolve the DropMap technique into a novel technique where 

ASCs are capable of being labelled, recovered, and sorted for analysis with other techniques. 

We have named this new assay DropPick, and it would allow for simultaneous deep-functional 

assessment and sorting/identification of ASCs, a technical capability not yet available and much 

needed. The potential to perform cytometry or molecular assays on ASC populations of varying 

affinities for their antigen or Ig secretion rates is highly valuable. Moreover, the ability to sequence 

and clone identified high-affinity antibodies within this framework would be a breakthrough in 

current mAb development, accelerating development and reducing costs. The improvements we 

propose are not necessarily rooted in the introduction of a new metric related to secretion, affinity, 

surface marker expression, or genotyping. These parameters can already be measured using 

existing methods. Instead, the focus of DropPick is to overcome the throughput limit imposed 

when performing functional characterization secondary to molecular assays. This is achieved by 

reimagining the conventional process flow, often likened to a pyramid, through which cells are 

passed for analysis. In this inverted pyramid model, affinity is determined first116. This approach 

capitalizes on the fact that the antibody is already being expressed by its own ASC, avoiding 

cloning and re-expression related costs, labor, and delay. Following this initial determination of 

affinity, a population of interest can then be identified. This could include antigen-specific cells or 

ASCs with either high or low affinity or Ig secretion, which can subsequently be visualized using 

FACS for isolation or phenotyping. 

Microfluidic devices have long been used for sorting cells and subcellular structures, given the 

ability for cell measurement and manipulation at the cellular scale. Microfluidic microchannel 

sorters may be found as passive systems where primarily the morphological characteristics of cells 

are used as well as active techniques that use acoustophoresis, dielectrophoresis, or optophoresis 

to pull/push the measured cell away when it is identified to be within defined thresholds133. 

Alternatively, numerous microfluidic devices have been developed that hold cells within 

microwells for functional assessment at high throughput134; cells of interest are capable of being 

directly recovered for further culture or analyses via micromanipulation135,136. 

The technical challenge to be overcome with the recovery of cells of interest identified using 

DropMap is the current inability to directly extract the droplet of interest and its cell. When a cell 
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of interest is normally detected within a flow channel of a microfluidic device, a temporal 

“coordinate” can be communicated to the sorting mechanism such that the droplet or cell may be

sorted. There is usually no variability in the position or speed of the cells or droplets within the 

channel, simplifying the complexity of sorting to a single variable of the time between detection 

and arrival at the site of sorting; after empirically optimizing sort parameters, active sorting with 

microfluidic flow channels is highly efficient and robust137. DropMap is unusual from most 

microfluidic techniques by horizontally immobilizing droplets, which is a necessity to achieve 

linked measurements overtime in droplets and obtain key functional kinetics; the commonly 

pursued alternative is to immobilize cells within microwells. Therefore, droplets identified to 

contain cells of interest are only known by their spatial coordinates and not temporal coordinates, 

preventing droplet sorting using existing techniques. When recovering droplets from the 

observation chamber, restarting the flow within the chamber would move the cells of interest from 

their known coordinates and become again lost within the sea of irrelevant droplets.  The DropMap 

assay is also contained within a glass chamber, removing possibility or isolation via 

micromanipulation. 

A unique marker must therefore be applied to the cells of interest, such that cells are still 

identifiable once their spatial coordinates are lost during recovery. This presents the further 

technical challenge of labelling cells already within their droplets and encased within the glass 

observation chamber. Two approaches are foreseeable to apply a label, either an intrinsic process 

in which the functional property of interest itself triggers or accelerates labelling or an extrinsic 

process where a physical agent causes labelling; in this case light would be suitable due to the 

limitation of the glass chamber blocking most other physical stimuli. Although intrinsic methods 

for ASC “self” labelling have been used with success in flow cytometry138,139, it is difficult to 

imagine how this may be adapted for labelling based on affinity; additionally, such a technique 

could only effectively create a binary distinction, without the resolution to define at will ranges 

within which to apply the label. 

We therefore pursued the use of photoactivable cell labelling dyes suggested by our collaborator 

Dr Jean Baudry (ESPCI, Paris) as this strategy fulfills both criteria of being applicable to all cells 

irrespective of their nature and using light as the extrinsic stimulus for labelling. The rationale for 

this approach is to imbue all cells entering the assay with the potential to be labelled, but to only 
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(C) Droplets are then recovered from the observation chamber, the emulsion is broken, and cells are 

resuspended in suitable FACS buffer. (D) Cells are single sorted based on CFSE-fluorescence into wells 

containing lysis buffer. (E) scPCR to identify VH and VL of cells of interest. 

The realization of DropPick using photoactivable dyes can be divided into 3 stages: the 

incorporation of the photoactivable dye in existing DropMap workflows, the development of the 

technical capability to systematically uncage and thereby label defined cells, and the recovery of 

cells from DropMap and isolation using existing sorting technology.  We present here the technical 

development of a targeted photoactivation platform and preliminary results on recovery of a 

population of interest using FACS.  

Validation of photoactivable dye for DropPick 

Photoactivatable fluorescent dyes are a unique class of dyes that remain non-fluorescent when 

excited by light corresponding to their excitation wavelength unless the dye has been first 

uncaged140. The principle behind these dyes is that part of the dye structure is photosensitive, and 

specific wavelengths of light irradiation changes their molecular structure, allowing the dye to 

switch from a non-fluorescent state to a fluorescent state141. One of the major advantages of 

photoactivatable dyes is their ability to provide high spatial precision. Experimenters can 

selectively activate and visualize fluorescence in specific regions or subcellular structures, 

enabling the study of dynamic cellular processes at a fine scale. These dyes have been used in 

various applications such as super-resolution microscopy (PALM), single molecule tracking, and 

live cell imaging142,143. Despite their usefulness in microscopy, photoactivable dyes have limited 

applicability to other techniques and few dyes are commercially available. 

We opted to use the photoactivatable dye CMNB-CFSE, a decision influenced by its prior 

application in droplet microfluidics144, its well documented use in lymphocytes145 and preliminary 

data obtained by the group of Dr Jean Baudry (Patent # 11396017). Carboxyfluorescein 

succinimidyl ester (CFSE) is a fluorescent dye (ex498-em517) used for cell tracing that gained 

popularity in the measurement of cell proliferation. The mechanism of CFSE labelling involves 

passive diffusion across the cell membrane, after which it covalently binds to intracellular proteins. 

This covalent binding ensures the dye’s retention within cells for extended periods and across 

multiple cell divisions. The CMNB cage is sensitive to wavelengths between approximately 350-

420nm and when exposed to light within this wavelength range is removed, thereby allowing 
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assay to determine the proportion of IgG secreting cells between samples. We found that CMNB-

CFSE labelling caused a significant increase in the observable proportion of IgG-SCs among 

PBMCs and no effect on the number of IgG+ spots among SA13 cells (Figure 14). It is unclear 

whether the unexpected increase in IgG+ spots among CMNB-labelled PBMCs is attributable to 

an increased activation of nascent IgG-SCs or was caused by increased removal of irrelevant cell 

types; notably, cell viability as measured by 7-AAD was similar across all samples tested (>95%). 

We assessed the individual IgG secretion rates of CMNB-CFSE labelled cells using DropMap and 

found minor but significant changes in both samples tested; CMNB-labelled PBMCs showed a 

slightly decreased average IgG secretion rate whereas CMNB-labelled SA13 hybridomas on 

average secreted more IgG (Figure 14E). 

We established the capacity for CMNB-CFSE labelled cells to participate in the DropMap assay 

and be successfully photoactivated. However, a key requirement for DropPick is to achieve 

discrete photoactivation, specifically illuminating only cells of interest with minimal influence on 

nearby cells. We found the optimal system for restricting incoming light to be a combination of a 

higher magnification objective to limit the field of view to a smaller area of the observation 

chamber, paired with closure of an internal diaphragm of the microscope (Figure 15A). The 

resulting width of the focused light reaching the observation chamber is approximately 50um, 

although a small degree of scattering is observable beyond the limit of the droplet (Figure 15B); 

this represents both light scattered internally by the droplet and cell as well as the limitation of our 

widefield microscope system. 

We applied this restricted illumination protocol to a DropMap chamber prepared with CMNB-

labelled SA13 hybridomas. Droplets targeted with 5 seconds of UV illumination showed strong 

photoactivation of their contained cell with minimal collateral illumination or activation of 

surrounding droplets (Figure 15C-D). Photoactivated cells showed a high degree of fluorescence 

and were significantly increased compared to background and non-targeted cells, which should 

enable sorting of target cells based on green fluorescence. Illuminating droplets for longer than 5 

seconds did not yield higher photoactivation as we had observed previously. 
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We have primarily developed DropPick for use on ex vivo cells from humans and standard mouse 

models, to which a cell permeable photoactivable label must be added to integrate with the 

DropPick workflow. However, there are cases without the need for photoactivable dyes where our 

system may also be readily applicable. Photoactivatable and photoswitchable proteins are another 

class of biological tool that have also seen extensive use in not only microscopy but also in vivo 

studies147,148. Photoactivatable fluorescent proteins are frequently preferred to photoactivatable 

dyes due to their comparative lack of toxicity and ability to label cells in vivo through stable 

transgenic expression. We sought to validate our protocol of discrete photoactivation for a 

photosensitive protein model to demonstrate the complete versatility of this workflow for targeted 

cell recovery. We obtained splenocytes from the Vav-H2B-Dendra2 mouse, in which the histone 

protein H2B is fused to the green-to-red photoconvertible protein Dendra2 and expressed in 

lymphocytes via the Vav promoter149. A photoconversion model has the notable difference to 

photoactivatable dyes where only cells expressing the protein can be labelled and the capacity for 

photoconversion and thereby labeling is intrinsic to the level of transgene expression by the cell; 

as a result, the fluorescence intensity of photoconverted cells may vary depending on factors 

influencing expression and is difficult to control. Using our platform, targeted UV illumination of 

Vav-H2B-Dendra2 splenocytes in a DropMap preparation resulted in strong, discrete 

photoactivation of the cell of interest in the conversion channel (Figure 16). Notably, the Vav-H2B-

Dendra2 preparation shows a higher degree of background activation when comparing the field of 

view prior to illumination with that of the various photoactivatable dyes. This background 

activation is likely the result of a short exposure to ambient lighting during spleen isolation and 

processing, highlighting the importance of manipulation in a controlled environment or haste when 

UV exposure is unavoidable. Nonetheless, the photoconverted cell is easily distinguishable with 

an intensity far above background. 

Here we have validated the use of a photoactivatable dye and a photoconvertible protein within 

the DropMap system. We show that dye labelled cells are reliably capable of near total 

photoactivation within a short period and yield a significant increase in cellular fluorescence. 

Labelling of cells with photoactivable dyes does not prohibit the DropMap assay from assessing 

ASCs, although minor effects should be noted and the DropPick system is perhaps less reflective 

of physiological conditions. We developed a simple yet effective means of delivering targeted 
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and automation of the existing DropMap analyses to find and determine droplets of interest to be 

targeted and secondly the direct control of microscope utilities to perform discrete illumination 

without user input. 

Evolving DropMap Analyses 

The growth of microfluidic techniques for single cell assays has rapidly expanded the available 

throughput in immunology research. However, with the increasing complexity and volume of data 

generated by microfluidic systems, there is a growing need for big data analysis and robust analysis 

protocols. These protocols should be capable of handling large volumes of data, detecting patterns, 

and making accurate predictions. Furthermore, they should be reproducible and easy to use to 

ensure consistency across different studies. 

DropMap is a data intensive technique and regularly generates 30GBs per acquisition. The 

analyses of DropMap can be divided into two phases, a “primary” analysis of the microscopy

images from the assay and a “secondary” analysis to validate and translate the measurements of

the primary analysis into affinities, secretion rates, and cell frequencies. The primary analysis 

identifies for each droplet its centroid coordinates, radius, whole droplet fluorescence intensity, 

beadline fluorescence intensity, and the ratio of the beadline intensity over the whole droplet 

intensity (relocation ratio). To support the implementation of DropPick during the secondary 

analysis, we developed an automated analysis framework for DropMap offering significant 

increases to analysis throughput and robustness (Figure 17). I decided to develop an automated 

secondary analysis solution using the Python coding language due to its open-source availability 

and existing image analysis modules. A necessary element for an automated analysis solution is to 

offer straightforward and simple means of selecting data to be analyzed and how it should be 

treated. I created a graphical user interface allowing the user to adjust the analysis parameters and 

types of analysis to be performed, with no programming knowledge required. Following user data 

selection, the proceeding steps occur automatically without user direction.  
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image channels at all timepoints as well as the relocation ratio graphs for each antigen-fluorescence 

channel (Figure 19). 

 

Figure 19 Droplet report generated by automated secondary analysis. 

To further facilitate analysis, we have created an interactive user interface with the ability to view 

the full affinity ranges from analyzed samples and the report for any droplet within the final dataset 

(Figure 20). The following analysis workflow is capable of being applied to a single image or to 

groups of images by batch processing, to enable reanalysis of the whole dataset using different 

thresholds, affinity referencing equations, verification models, etc. 

 

Figure 20 Interactive data viewer for automated DropMap analyses. Affinity data are presented for each 

antigen channel and sample from analysis, available to view with any HTML compatible viewer or web 
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browser. Plot area is user interactive with ability to zoom, gate on, and pan across data points. Hovering the 

cursor over data point yields a tooltip panel (right) showing corresponding droplet report, droplet number, 

Ig secretion rate, and affinities in antigen channels. 

Globally, all the calculations and validation offered by this automated analysis are performed 

within 10-20 seconds depending on the number of putative ASC-containing droplets. This 

represents a significant (200 fold) improvement over previous analyses that would require 

between 30 and 60 minutes due to manual data arrangement and verification required and was not 

capable of generating figures and reports for each droplet. With this automated analysis program, 

we provide a solution that offers vastly improved ease of use, precision, throughput, and 

reproducibility. All previous concerns regarding the historical method of analysis are thereby 

addressed and this program may also act as a means for increased adoption of DropMap by other 

research groups. Importantly, DropPick may proceed immediately following the end of data 

acquisition to allow for a rapid, integrated workflow. 

Automated illumination for droplet photoactivation 

Targeted droplet illumination must be performed in an unsupervised and automated procedure to 

achieve a sufficient speed of illumination and high fidelity photoactivation. Manual stage 

movement between droplets is inefficient and prone to excessive movement that may shift droplets 

as well as being unfeasible when large numbers of cells require illumination. The control software 

for the Nikon Ti2-E microscope on which DropMap has been performed supports macro 

functionality, with functions available for stage, laser shutter, mirror wheel, and camera control; I 

therefore developed a means of procedurally generating a macro function during DropMap 

analysis to perform the stages of illumination for each droplet. This illumination macro is 

automatically generated for the experimenter following the secondary analysis program outlined 

in the previous section.  

 Prior to movement of the microscope stage, the coordinates of each droplet to be 

illuminated are calculated from the original assay image. A pathfinding algorithm is then applied 

to order the list of converted target coordinates according to the path between points that minimizes 

the distance of stage travel (Figure 21), lowering the likelihood of excessive stage movements that 

may cause droplet shift and mistargeting and the time needed for these illuminations. 
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Visualizing DropPick photoactivated cells by FACS 

We have thus validated the process to imbue cells with the ability to be labelled within the 

DropMap system and the technical capacity to direct photoactivation to the precise droplet 

population of interest. The remaining component essential to realizing DropPick is the 

visualization and isolation of photoactivated cells by FACS. We evaluated beaming efficiency by 

performing a DropMap assay on photoactivatable dye labeled PBMCs, including assay reagents, 

the droplet encapsulation process, and the incubation delay to observe Ig secretion. The target 

population for illumination and photoactivation was defined by droplets containing single IgG 

secreting cells, of which the activation program was limited to 100 droplets. We found that 

between 60-70% of photoactivated CMNB-CFSE labeled cells were able to be reliably visualized 

by FACS following recovery from the DropMap chamber and droplet emulsion (Figure 24). 

             DropPicked           Control 

 

Figure 24 Visualizing CMNB-CFSE labeled PBMCs photoactivated by DropPick. The DropMap assay was 

performed on CMNB-CFSE labeled PBMCs to identify IgG-secreting cells (IgG-SCs), of which 100 IgG-

SCs containing droplets were subjected to targeted illumination. Cells were recovered from DropMap by 

breaking the emulsion with an anti-static electric field. Samples were assessed using the BD ARIA III 

FACS machine, and gated by standard lymphocyte, doublet exclusion, and live/dead gates. Gate shown 

identifies photoactivated CMNB-CFSE cells, 62 cells in the DropPicked sample and none in the control 

sample. Representative of 3 replicate experiments. 

We similarly evaluated splenocytes from mice that express a photoconvertible protein (Dendra2) 

to ensure that our approach is not limited to CMNB-CFSE labeled cells. We used the Vav-H2B-

Dendra2 transgenic mouse model that expresses a fusion protein of histone H2B and Dendra2 
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(H2B-Dendra2) under the control of the hematopoietic Vav promoter149 to assess whether a 

photoconverted population may be visualized by FACS. A sample was prepared with 200 droplets 

containing single cells targeted for photoconversion. Visualization by FACS revealed an efficiency 

of approximately 65% (131/200) for detection of cells with clear photoconversion and strong 

fluorescence-switched signal compared to a control sample (Figure 25); notably, an additional 

weakly photoconverted population was evident in the sample with photoconversion, possibly 

resulting from collateral activation of non-target H2B-Dendra2 expressing cells. A unique 

dynamic was apparent with the converted reporter fluorescence (Dendra-Red) intensity being 

dependent on the intensity of the unconverted form of the reporter (Dendra-Green). 

       DropPicked      Control 

 

Figure 25 Visualizing photoconverted Vav-H2B-Dendra2 splenocytes by FACS. The mouse IgG DropMap 

assay was performed on splenocytes from Vav-H2B-Dendra2 mice to identify IgG-secreting cells (IgG-

SCs), of which 200 IgG-SCs containing droplets were subjected to targeted illumination. Cells were 

recovered from DropMap by breaking the emulsion with an anti-static electric field. Samples were assessed 

using the BD ARIA III FACS machine and gated by standard lymphocyte and doublet exclusion gates. The 

gate shown identifies photoactivated H2B-Dendra2 cells, 131 cells in the DropPicked sample and none in 

the control sample. 

Discussion and Perspectives for DropPick 

We show here a platform for the labelling of cells of interest within a droplet microfluidic assay, 

DropMap, and have laid the groundwork for demonstrating successful recovery of cells via FACS. 



 

132 

Nonetheless, there are several aspects of photoactivated cell recovery that still require optimization 

and validation.  

CFSE labeling as a means of measuring the total protein content of a cell has been previously 

shown to directly correlate with both the forward- and side-scatter signals of flow cytometry150. 

We therefore hypothesized that visualizing DropPicked cells using the photoactivatable dye signal 

against either the forward- or side-scatter signals would yield a distinct population with a diagonal 

appearance on which to more easily gate. However, we did not observe a diagonal population of 

photoactivated cells, suggesting either alternative labeling behavior in PBMCs compared to the 

cell line for which the correlation was previously shown or additional sources of fluorescence 

influencing the population shape in FACS. Currently, labeling via targeted photoactivation yields 

fluorescent signals still significantly weaker compared to cells labeled with the native, noncaged 

dye format. DropPick development is ongoing to optimize the gating strategy to visualize 

photoactivated cells as well as the signal-to-noise ratio achieved by photoactivation, with the goal 

of producing a more discrete photoactivated population for confident gating.  

An additional aspect of visualizing DropPicked cells that warrants further optimization is the 

consistent observation of fewer cells by cytometry than were originally photoactivated with 

approximately 30-40% of cells lost.  Using the photoactivation recording functionality we 

incorporated into the automated targeting program, we can confirm that a lack of successful droplet 

targeting or cell photoactivation is exceptionally rare and likely not a cause of cell loss. We suspect 

that the majority of cell loss occurs during transfer from the DropMap chamber to the flow 

cytometer and hypothesize 2 possible sources. The first possible source is the incomplete 

coalescence of droplets into a singular aqueous phase, which may leave some cells in their original 

droplets that are not visible within a flow cytometer. To address this, we will investigate longer 

and/or more vigorous electrostatic force application to ensure 100% coalescence. Secondly, there 

remains the possibility for incomplete droplet transfer from the observation chamber to the 

collection tube prior to droplet coalescence. We are in the process of prototyping adaptors with 

threaded connections to remove this source of loss. Despite the potential for procedural 

improvements, there will likely remain at least 10-15% of cells lost due to cell doublet formation 

as well as the adherence of cells to the recovery and cytometry tubing walls. 
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Our approach to developing the DropPick workflow has consistently been to co-opt and adapt 

existing capabilities of the microscopy platform currently utilized for the DropMap assay. While 

adaptation is beneficial for promoting assay flexibility and the ease of adoption, it should be noted 

that additional performance improvements can be envisioned with a more purpose-built system. 

The most notable area for improvement would be a solution for targeted illumination of the droplet 

of interest. The restriction of the area of illumination using a diaphragm within the light path yields 

a satisfactorily discrete, but nonetheless partially diffuse, profile of illumination (Figure X). 

Illumination during testing of photoactivation therefore occasionally results in minor but 

noticeable collateral photoactivation of cells in droplets in the immediate vicinity of the target 

droplet. Targeted illumination modules are available for most existing microscope systems, 

offering both digital micromirror devices to direct light precisely to areas within the optical field 

with nanomolar precision as well as dedicated light sources with higher precision, using lasers 

instead of lamps. Confocal microscopes offer another solution with inherently less diffuse 

illumination and spatial control, although a confocal microscope has never been tested for use with 

DropMap. However, these technical approaches bring the significant disadvantages of increased 

maintenance needs and decreased imaging speed and relative ease of use. Ultimately, if collateral 

“bystander” photoactivation appears to be a significant problem hindering accurate cell recovery

or visualization by DropPick in the future, additional fidelity and performance should be readily 

attainable through the adjustments outlined. 

Beyond the potential for improvement regarding the intensity of the photoactivated fluorescence 

signal and the robustness of visualizing photoactivated cells by FACS, several important 

experimental milestones are currently being pursued to demonstrate the full efficacy of the 

DropPick workflow. We are currently performing extensive testing of how our ASC recovery 

pipeline may be integrated with existing protocols for surface marker phenotyping, functional 

assays (ELISPOT), and single cell VDJ sequencing. We will determine and optimize the feasibility 

of adding classical B cell or ASC FACS staining panels, such as the OMIP-43151 panel, to cells 

collected following recovery from DropMap to maximize the analysis depth of the photoactivated 

cells of interest. However, the use of photoactivatable dyes alongside multiple other fluorophores 

in flow cytometry is not described in the relevant literature. The translation of our photoactivation 

platform into a cohesive workflow to obtain VDJ genes sequences from the isolated ASCs is the 



 

134 

other primary goal of DropPick and we are in the process of validating accurate and robust 

genotyping of the photoactivated population. 

We aim to confirm our ability to visualize photoactivated cells by performing DropPick on a 

combination of the DB (ATCC CRL-2289) cell line with another B cell lymphoblast cell line, 

ARH-77 (ATCC CRL-1621). DB cells express high levels of IgG on their surface, whereas ARH-

77 secrete IgG and have little/no IgG expression on their surface. Photoactivated droplets will be 

chosen from droplets with IgG secretion as detected by the standard DropMap assay, to identify 

ARH-77 cells; the photoactivated population should therefore not include any IgG high/positive 

cells. Confirmation of the “photoactivated” population in FACS corresponding to the targeted

population will be followed by recovery and BCRseq of cells with known VDJ sequences. A 

tetanus-toxoid (TT) specific DropMap assay will be performed on mixed suspensions of DB, 

ARH77, and SA13 (ATCC HB-8501) cell lines, followed by specific targeting of each cell line 

depending on the observed presence or lack of IgG secretion or specificity towards TT. SA13 is a 

human hybridoma that is specific to TT. The heterogeneous cell sample replicates the mixture of 

non-Ig-secreting, non-specific Ig-secreting, and antigen-specific Ig secreting cells that would be 

expected from an ex vivo sample, while allowing for the precise VDJ sequence of each of the 3 

populations to be known. This allows for determination of both the accuracy of photoactivated cell 

sorting, as the sorted clonotype should exclusively belong to the targeted secretion phenotype, and 

the precision of the single cell BCRseq method utilized, particularly in terms of sequence fidelity 

and CDR3 length. The goal of these experiments will be to demonstrate the specific and robust 

scBCRseq of each targeted cell line with no contamination from the non-targeted cell lines.  

We ultimately plan to use DropPick to select ASCs from the spleen, bone marrow and blood of an 

immune thrombocytopenia (ITP) patient that we have studied previously (Canales-Herrerias et al, 

J Clin Invest 2022)152 and that displayed high numbers of high-affinity anti-GPIIbIIIa plasma cells 

and plasmablasts. Photoactivated cells will be isolated by FACS for BCRseq and re-expressed as 

fully human IgG1. Their specificity and affinity towards GPIIbIIIa will be assessed by BLI, and 

their clonal relationship examined. The aim is to demonstrate the clonal relationship between high-

affinity anti-GPIIbIIIa ASC from different anatomical locations within the same individual. This 

investigation would also provide rare antibody sequences for an autoimmune context where little 

is known about the autoreactive repertoire responsible for pathology. DropPick is well adapted to 
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address this problem, as the visualization of antigen-specific B cells using traditional antigen-based 

labelling and FACS isolation has proven impossible for the antigens primarily targeted by 

autoreactive cells during ITP. Indeed, staining of memory B cells with fluorescently labeled 

platelet antigen is unsuccessful as these cells are probably covered by platelet debris, fragments or 

antigens in circulation in this disease.  

Improvements to DropMap analyses 

At the inception of the DropMap technique, secondary analysis was performed with Excel 

(Microsoft) for its ease of use and the ability to readily identify problems or patterns visually. From 

all droplets quantified during the primary analysis, droplets likely containing ASC were identified 

based on a minimum relocation slope in the antibody detection fluorescence channel. These 

putative ASC containing droplets must then be visually screened by the experimenter. Several 

circumstances may often produce false positive signals. These scenarios include “cellular

accumulation of fluorescence, pixel errors, insufficiently long beadlines or dust particles” (Eyer et 

al, 2017)132. Additionally, droplets must be verified to only contain a single cell, instead of no cell 

or multiple cells. A reliance on the experimenter for inclusion of each individual data point is 

problematic, due to the potential for bias during selection and difficulty maintaining consistency 

between replicate experiments, assay models, experimenters, and research groups. Experimenters 

are also cognizant of the nature of a given sample and may unconsciously vary the stringency by 

which they subjectively judge droplets. Overall, the original process for secondary DropMap 

analysis using Excel required a high degree of user supervision and all steps required manual 

transfer of datapoints. 

The limitations imposed by visual droplet verification and manual data analysis using Excel 

prevent DropMap users from quickly producing results from experiments, which may be crucial 

for guiding the next steps in investigation. A dependence on manual analysis also contributes to 

the bespoke nature of DropMap and acts as a barrier towards more widespread adoption of the 

technique. Robust analyses performed using a publicly available program lend additional 

credibility to the analyses and technique. Finally, such heavily supervised analysis also inherently 

limits the scale and throughput of DropMap. Several hundred droplets may require verification 

within an image and usually several images are analyzed at once, cumulating in long analysis 

times. 
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The analysis module we have developed has addressed these concerns regarding analysis speed, 

accuracy, and reproducibility. The implementation of a user interface and pre-generation of figures 

and dataset visualizations should also reduce the barrier to entry for new users of DropMap and by 

extension DropPick.  

Conclusion 

The realization of DropPick to address specific shortcomings in current ASC affinity measurement 

throughput when BCR sequences are needed represents a multifaceted endeavor that has 

encompassed three distinct stages. First, we have validated the integration of photoactivable dyes 

into the existing DropMap workflows, establishing a foundational framework for subsequent 

phases. The second stage has achieved the development of the technical capacity required to 

systematically uncage and, in turn, label specific cells of interest within the droplets under 

examination. Finally, we are in the process of fully validating the recovery of the labeled cells 

from the DropMap assay and their subsequent isolation, which is achieved through the utilization 

of pre-existing sorting technology. The implementation of an automated control protocol for 

DropPick has consisted of two technical solutions. The first solution involves the acceleration and 

automation of the existing DropMap analyses, streamlining the process of identifying and 

characterizing droplets of interest that are to be precisely targeted. This enhancement not only 

expedites the workflow but also minimizes potential sources of error, thereby contributing to the 

overall efficiency and reliability of both DropMap and DropPick. The second solution within this 

approach pertains to the direct control of microscope utilities, enabling the system to autonomously 

execute discrete illumination processes without the need for constant user intervention. This 

feature not only significantly reduces the demands on experimenters but also enhances the 

precision and consistency of the photoactivation process, thereby ensuring the accuracy of target 

cell recovery. 
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Methods 

Data processing during automated analyses 

All droplets are filtered on several criteria prior to determining the slope of antibody relocation, 

the first criteria being consistent with previous Excel analyses as well as two novel criteria we 

have introduced. First, the maximal Ig relocation ratio must be greater than that corresponding to 

a known low concentration of Ig (approximately 1nM of Ig). This filter removes droplets that do 

not demonstrate at any timepoint an Ig capture at least equivalent to the lower detection limit of 

the assay. Secondly, the difference between the Ig relocation ratio at the first and last timepoints 

must be greater than half of the relocation ratio difference between droplets containing assay buffer 

alone and the previous threshold described. This filter removes droplets that do not demonstrate a 

significant change in Ig capture during the assay. Third, any droplets with a relocation ratio less 

than 1 at any timepoint are excluded, as a relocation ratio < 1 indicates incorrect beadline detection 

or droplet movement during acquisition. These latter two filters largely do not affect the size or 

character of the final dataset, as excluded droplets would be removed during later analysis steps, 

but implementing these filters significantly reduces analysis time and the verification workload. 

The relocation slope is then determined by a least-squares linear regression, treating 

measured relocation ratios as y values and timepoints (minutes) as x values. Droplets with a 

regression R2 below the user defined threshold (~0.7) are excluded from downstream analysis. We 

decided to include this additional threshold as there are numerous scenarios in which the 

calculation of relocation slope using linear regression may be skewed or inappropriate. For 

example, if there is a significant change in the relocation ratio at a single timepoint, the slope 

calculated can be skewed towards the deflection (Figure 26). This would result in the over or 

underestimation of the relocation slope, as well as potential inclusion of non-ASC containing 

droplets. Several other patterns are conceivable where a comparable relocation slope may be 

calculated, but a linear regression fitting is fundamentally inappropriate (Figure 26). A robust 

method for the filtering of droplets during DropMap analysis must therefore include a minimum 

threshold for the R2 associated with the linear regression fitting and a significance test for the 

application of a linear regression to the relocation ratio trend. We have found that filtering of 

droplets based on R2 also significantly reduces the number of false positive droplets that must be 

removed during verification with minimal impact on true ASC-containing droplets; droplets 
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containing sources of false signal or that move during acquisition are more prone to non-linear 

relocation ratio profiles. This exclusion results in a reduced workload and analysis time during 

both manual and automated droplet verification approaches. 
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Figure 26 Scenarios potentially skewing relocation slope fitting. Hypothetical scenarios in which outlying 

datapoints or data patterns may skew a linear regression fitting. A model relocation ratio trend (black) is 

shown, with slope=0.2 and R2=1. Alternative skew scenarios are shown in red and blue that yield near 

identical slope values as the model line (black), but with R2 values of 0.4-0.6. 

Droplets passing these thresholds of relocation ratio and relocation ratio regression are then 

generated as images for verification of cell count and lack of artifact. Images are either shown to 

the user for verification or passed to a trained ResNet-50 classification model. Droplets identified 

as containing single cells then have Ig affinity and secretion rate calculated as previously 

described. 

The Ig secretion rate is calculated using a reference curve consisting of known in-droplet 

antibody concentrations to translate the change in beadline relocation ratio into the change of in-

droplet Ab molarity (e.g. +0.5 relocation ratio = +3nM in-droplet Ab concentration). The mean 

molarity change over the time course of the experiment is converted to moles (molecules) and 

finally adjusted to molecules per second according to the assay duration. To this calculation, we 

included an additional compensation for variations in individual droplet volumes. The average 

droplet volume of 40pL was assumed for all droplets during secretion estimation, for which a 1nM 

in-droplet IgG concentration corresponds to 24089 IgG molecules (Figure 27A). However, droplets 

may vary in size approximately +/- 3pL, which in turn means that 1nM in-droplet IgG may range 

from ~22500-25500. We therefore find the volume for each droplet using its radius (r) determined 

by the primary analysis using the equation in Figure 27B. Each droplet’s determined volume is then

used to calculate its secretion rate for additional estimation precision. 
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(A)  =   () ∗  () ∗ ′  
(B) 

 

Figure 27 Equations for Ig secretion calculation. (A) Calculation of number of molecules given droplet 

volume and molarity. (B) Equation to calculate volume of flattened sphere, “h” is considered as half of the

observation chamber height (from Boitard L, et al. 2012).  

Cell labelling with CMNB-CFSE 

Cells are washed twice with PBS by centrifugation at 300g for 5 min. Following the second 

wash, cells were resuspended in 1ml of CMNB-CFSE staining (10nM CMNB-CFSE in PBS) and 

left for 10 min at room temperature. Following the incubation, MACS buffer is added to fill the 

remaining tube capacity and the cells are washed twice with MACS by centrifugation at 300g for 

5 min. 

Droplet illumination and auto-correction 

The stage is first moved to the coordinates calculated. A brightfield image is taken and droplets 

are detected using the contrast-based “Spot Detection” native-function of NIS Elements; the 

camera focus in brightfield is offset during illumination to create prominent dark circles around 

droplets for more robust detection. The distances of detected droplet centers from the image center 

are measured and if the nearest droplet center is calculated as being more than 5um and less than 

25um, the stage is moved to the coordinates of this nearest droplet. The rational for 5um constraint 

is to prevent moving the stage when it is not necessary for optimal beaming. For the 25um 

constraint, the stage should not be moved as this signifies 2 possible negative outcomes. The target 

droplet may already be within the illumination area but was undetected and the “nearest” detected

droplet is a non-target droplet, in which case movement would cause illumination of a non-

intended droplet. Alternatively, due to excess movement there may be no droplet center within 

25um of the image center, in which case the lack of a droplet is advantageous as a non-target 

droplet would not be illuminated and the stage should not move. 

It is worth noting that in >95% of cases, the original movement of the stage to the calculated 

coordinates centers the image within <5um of the intended droplet center. This feature is only used 
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in a minority of cases to achieve optimal illumination. Additionally, in the rare cases where a non-

target droplet has moved within the calculated coordinates of the target droplet, the non-target 

droplet would be illuminated regardless of the auto-centering feature and so this correction does 

not introduce new artifacts. 

Emulsion breaking and cell recovery. 

The observation chamber is removed from the imaging apparatus and fitted with nanoport 

adapters (F-333NX, Idex). The observation chamber is then inverted, and the outlet port is 

positioned above a 200ul low-binding pipette tip (Rainin), which is held vertically and plugged 

at its narrow end using a custom-made PDMS insert. The inlet port of the observation chamber is 

attached to a neMESYS syringe pump (Cetoni) and HFE7500 oil is flowed at 1000ul/h to empty 

the observation chamber. Once all droplets have been transferred to the 200ul pipette tip, an anti-

static instrument (Zerostat Anti-Static Gun) is placed against the wall of the pipette tip at the 

level of the aqueous (droplet) to oil phase interface. The anti-static instrument is triggered for a 

minimum of 50 cycles until all droplets have coalesced into a single large droplet. A compatible 

pipette is attached to the pipette tip and the PDMS insert is removed. Next, the pipette is 

positioned above an empty 1.5-ml Eppendorf tube and the pipette volume adjustment knob is 

carefully turned to extrude the oil. When as much oil has been removed as possible without 

perturbing the coalesced aqueous phase, the aqueous phase is transferred into the appropriate 

tube and buffer for following analyses. 
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ABSTRACT 

 

Droplet-based microfluidics (DBMF) techniques coupled to microscopy allow for the 

characterization of cells at the single-cell scale. However, such techniques generate substantial 

amounts of data and microscopy images that must be analyzed. Droplets on these images usually 

need to be classified depending on the number of cells they contain. This verification, when 

visually carried out by the experimenter image-per-image, is time-consuming and impractical for 

analysis of many assays or when an assay yields many putative droplets of interest. Machine 

learning models have already been developed to classify cell-containing droplets within 

microscopy images, but not in the context of assays in which non-cellular structures are present 

inside the droplet in addition to cells. Here we develop a deep learning model using the neural 

network ResNet-50 that can be applied to functional droplet-based microfluidic assays to classify 

droplets according to the number of cells they contain with >90% accuracy in a very short time. 

This model also performs high accuracy classification of droplets containing cells alone and can 

accommodate several different cell types, for generalization to a broader array of DBMF 

applications.  

  



INTRODUCTION 

 

Droplet-based microfluidics (DBMF) have been a breakthrough in the realm of biological 

research, having been applied to molecular analyses and single cell analyses, particularly in the 

field of immunology. DBMF assays offer significantly improved throughput and parallelization 

while also minimizing reagent usage by miniaturizing the traditional well-plate format. Despite 

the apparent improvements offered by the adaptation of existing assays into DBMF formats for 

single cell characterization, there is a technical limitation imposed by the nature of current droplet 

generation methods. The encapsulation of cells into droplets follows Poisson distribution patterns 

of in droplet cell numbers and is an inherently heterogeneous process1. For DBMF methods to 

achieve true single cell resolution, final analysis of single cells may be achieved by a high cellular 

dilution factor prior to encapsulation or a means of sorting for single-cell/-object droplets 

following encapsulation. Various methods have implemented single cell sorting either as a 

physical droplet isolation step using dielectrophoresis, a piezoelectric actuator, or a solenoid 

actuator2 or alternatively as an analytical filter applied during data analysis3,4; both approaches 

have recently begun to be driven using single cell content classifications made by machine learning 

algorithms. 

Machine learning has seen considerable growth in recent years regarding its technical 

capabilities as well as its ease of applicability and robustness. Due to their successful application 

in image classification tasks and increased accessibility, Convolutional Neural Network (CNN) 

architectures have paved the way for the exploitation of deep learning methods in biotechnology.  

CNNs can directly extract information from input images: they are implemented as a deep series 

of convolutional layers, where at each convolutional layer a sliding filter is applied to the input 

image to produce an activation map of the detected features. Layer after layer this information is 

progressively pooled and simplified to obtain, at the last output layer, a categorical classification 

for the input image. The fact that all the model parameters can be learned directly from the data, 

using a set of manually classified training images, simplifies the application and exploitation of 

these architectures. 

Various machine learning models have been developed to address the needs of those 

working on microfluidics. Microfluidic devices and the experimental procedures they are 



employed under are now able to be artificially designed by machine learning, as well as the 

analysis of droplets for classification and sorting4. Deep learning methods offer considerable 

improvement when handling structured data types, namely images within the context of DBMF. 

The availability of numerous publicly available deep learning solutions offers researchers means 

to automatedly identify droplets containing single cells and extract biophysical feature data, 

increasing the throughput and breadth of analyses5. CNNs have been used for high throughput 

sorting of droplets according to the number of objects they contain with the added functionality to 

distinguish mixtures of in-droplet objects, such as a cell and bead mixture6. Another method of 

droplet classification recently demonstrated the classification of various cell types despite having 

visually similar presentations when manually analyzed7. 

 Parallel to the application of machine learning to DBMF, another emerging field of DBMF 

has been in-droplet secretion assays for single cell functional characterization8,9. These techniques 

often utilize microbeads10, rods11, or nanoparticles12 as surfaces for assay reactions or reagent and 

analyte capture. The detection of secreted analytes by surface capture is the basis for several widely 

used techniques in biomedical research8,13, namely ELISA and ELISPOT or FLISA and 

FLUOROSPOT depending on whether detection is enzyme or fluorophore-based, respectively. 

Single cell DBMF secretion assays will likely become increasingly common given the increased 

throughput and parallelization afforded by such techniques, as has been seen with DBMF 

techniques for single cell molecular characterization compared to their well plate-based 

predecessors14. The additional data that may be extracted from the images gathered during DBMF 

techniques, such as cell morphology or motility, also allows one to address unexplored aspects of 

functional heterogeneity. 

The presence of non-cellular structures within the droplet represents an additional 

challenge during analyses where cellular features require identification. Cell detection and 

quantification during image analyses has been extensively addressed and numerous informatic 

packages are available to incorporate into image analysis pipelines15,16. Cell detection is commonly 

performed using fluorescent surface markers when possible or detection in the brightfield channel 

when label-free conditions are necessary. However, during DBMF secretion assays the included 

analyte capture surface (beads or rods) will introduce its own fluorescent signals or brightfield 

distortions. Analyses of single cell DBMF secretion assays that use non-cellular capture surfaces 



have largely been limited by a need for manual droplet verification or experimental restrictions. A 

requirement for manual droplet verification by the experimenter represents a significant analysis 

bottleneck, is less robust when applied over larger datasets, and reduces comparability of results 

between studies. 

In this article we describe a deep learning solution using ResNet-50 for label-free droplet 

classification that is resistant to vertical non-cellular structures within the droplet. We used a 

droplet image dataset from a previous publication using the DropMap DBMF system, which 

utilizes paramagnetic beads to form a large immunoassay capture surface in the center of droplets. 

Our trained model is capable of classifying droplets as containing zero, one, or multiple cells to 

allow for automated analyses of DBMF secretion assays. This work addresses a gap in the current 

capabilities of machine learning-enabled image analyses to accommodate non-cellular structures 

that can obscure or mimic cells. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 





To evaluate the performance of conventional methods we generated three classifications 

of droplet images as either empty, containing a single cell, or containing multiple cells, through 

sorting of randomly selected droplet images. Each classification contained 1,000 brightfield 

droplet images, gathered from previously published experiments (Figure 1)22. We also generated 

three similar image datasets of droplets containing cells only to compare the accuracy of 

conventional methods in the presence or the absence of nanobeads. For each dataset we tested 

three common cell detection methods for their ability to classify droplets according to the number 

of cells they contained: Hough transform23,24, Maximally Stable Extremal Regions (MSER) 

algorithm16,25, and segmentation algorithm26 (Supplementary Figure 2). 

Table 1. Classification accuracy of empty droplets, droplets containing a single cell and droplets containing 
multiple cells obtained with conventional methods (Hough transform, MSER algorithm, segmentation 
algorithm, in presence or absence of nanobeads in the droplets. The scores were calculated with 1,000 
images for each condition. 

  Classification Accuracy (%) 

Classification Dataset Detection Method Empty Single cell Multiple cell 

Cells only Hough transform 100 85 20 

 MSER algorithm  99 21 26 

 Segmentation algorithm 100 83 34 

 

Cells with beads Hough transform 99 31 4 

 MSER algorithm  68 38 42 

 Segmentation algorithm 99 62 42 

 

 

When classifying droplets containing cells only, all tested methods achieve accuracy above 

99% for empty droplets (Table 1). The accuracy for single-cell (multiple-cell) droplets is 85%, 

21% and 83% (20%, 26% and 34%) for Hough transform, MSER algorithm and segmentation 

algorithm, respectively. When nanobeads are present within the droplets, the scores tend to either 

stay similar or decrease for most conditions. The accuracy for single-cell droplets is 31%, 38% 

and 62% for Hough transform, MSER algorithm and segmentation algorithm, respectively. 



Overall conventional cell detection methods perform poorly to accurately quantify the 

number of cells in a droplet, especially when the droplet contains nanobeads, despite their proven 

accuracy and robustness in other applications. This is most likely explained by partial occlusion 

of the cells by the vertical line formed by the nanobeads (hereafter named beadline) 

(Supplementary Figure 2). Traditional cell detection methods usually require a defined border 

between the cell and other cells or environmental elements. In this context, occlusion of cells by 

the beads disrupts the cell border within the image, as well as often the cell’s measured 

“circularity”, causing cells to erroneously be excluded from detection. Additionally, the beadline 

itself occasionally presents with morphological irregularities that may be detected as a cell, further 

obfuscating detection. We therefore sought to use machine learning to find a more reliable method 

to classify droplets based on the number of cells they contain. 

 

Deep Learning 

ResNet-50 is a 50-layer CNN architecture introduced in 2015, designed to address the 

problem of vanishing gradients in very deep neural networks, which can make it difficult for the 

network to learn and make accurate predictions27. ResNet-50 is based on the residual learning 

framework, which involves adding "shortcut connections" that allow information to flow directly 

from one layer to another while bypassing one or more intermediate layers. ResNet-50 models are 

typically trained using mini-batch stochastic gradient descent, which involves randomly selecting 

a subset of the training data (a "mini-batch") and using it to update the network's weights. Overall, 

ResNet-50 is a powerful CNN architecture that has been shown to achieve state-of-the-art 

performance on a variety of domains including microfluidics28,29.  

Before training the neural network, we manually generated two training datasets (with or without 

nanobeads in the droplets) each containing three categories (empty, single-cell and multiple-cell). 

Each category was composed of 2,500 and 16,000 images for the datasets with and without 

beadlines, respectively. We then assessed the performances of ten model replicates for each 

dataset. Each replicate was tested with the images used to evaluate the accuracy of conventional 

methods. When trained and tested with droplets containing cells only, ResNet-50 reached accuracy 

scores above 99% for each category (Table 2). When trained and tested with droplets containing 

cells and beadlines, the accuracy for single-cell droplets dropped to 55%, whereas the accuracy for 



empty and multiple-cell droplets remained above 90%. When trained with droplets containing cells 

and beadlines (cells only) and tested with droplets containing cells only (cells and beadlines) 

overall accuracy scores were lower compared to the other conditions, which was expected. The 

presence of the beadline within droplets likely represented an obstacle to classification. The 

potential for nearby droplets to also introduce image distortion at the edges of the droplet image 

also likely affected the model. We therefore implemented a pre-processing method for removing 

information irrelevant to classification, such as the beadline and droplet borders, while also 

emphasizing meaningful information, which in this case represented the cells.  

 

Table 2. Classification accuracy of empty droplets, droplets containing a single cell and droplets containing 
multiple cells obtained with machine learning models (ResNet-50), in presence or absence of nanobeads in 
the droplets. The scores were calculated with 1,000 images for each condition. 

  Classification Accuracy (%) 

Classification Dataset Detection Method Empty Single cell Multiple cell 

Cells only ResNet-50 (cell trained) 100 99 99 

 ResNet-50 (cell + bead trained) 100 72 97 

     

Cells with beads ResNet-50 (cell trained) 71 59 81 

 ResNet-50 (cell + bead trained) 100 55 92 

 

Image Preprocessing  

Image pre-processing is composed here of four steps. First, a convolution using a Prewitt 

operator kernel30 is applied to remove the beadline and other vertical structures (Figure 2a). This 

causes the image background to be uniformly grey, whereas horizontal edges are either white or 

black; this difference is due to the asymmetry of the Prewitt operator. Then, a sigmoidal filter is 

applied to enhance the segregation between the background and the contours (Figure 2b). All 

images are then resized, and pixel values are harmonized by applying an affine transformation 

(Figure 2c). Finally, droplet borders are removed by applying a circular binary mask, in which the 

central circle radius is several pixels less than that of the droplet (Figure 2d).  









DISCUSSION 

In the process of optimizing and automatizing our existing DBMF data analyses, which 

relied heavily on manual discrimination of droplet images, we faced limitations of classical image 

analysis approaches aimed at detecting cells in the absence of other structures that may hide part 

or the entirety of the cell. We explored the possibility of using a well-established machine learning 

classification approach based on the CNN ResNet-50. We demonstrate high accuracy 

classification under our assay conditions where magnetic nanoparticles form a column (termed 

beadline) within the droplet that often occludes or mimics the shape of cells. Introducing an 

additional pre-processing module that was specific to the morphological properties of these images 

– the presence of vertically aligned linear structures – significantly improved the model training 

performance and the accuracy of the results. 

In most known approaches to machine learning for image classification, minimal pre-

processing is applied to the datasets or generic data normalization transformations are used with 

the aim of improving the numerical stability and the convergence time of the models31. In our 

scenario we show that adding an application-specific pre-processing step can be highly beneficial, 

guided by previous-knowledge-based assumptions on which image features do not carry any useful 

information for the classification. Other DBMF techniques that use non-cellular objects whose 

morphology is sufficiently different from cells32 may benefit from adding a custom filter at the 

start of any image-based machine learning pipeline. 

It is noteworthy that our full pipeline produced an improvement in results also for droplets 

that do not contain any beadline. In this case, the application of the circular mask before feeding 

the images in the neural network may have played a significant role in masking disturbances that 

could arise from surrounding droplets. This can be expected as CNNs alone are inherently local 

and insensitive to global (non-local) patterns33,34, and might advocate for the integration of non-

local layers in networks used to analyze structured images. Our implementation of ResNet-50 for 

droplet classification offers a simple, robust solution for other investigators seeking to implement 

cell number classification into their DBMF analysis workflows. 

We applied our approach to the classification of droplet images coming from a stationary 

experiment, in which droplets were immobilized in a horizontal-plane imaging chamber. However, 

the sole element needed to perform this classification is a bright-field image of the droplet. This 



classification method may also be applied to images from flowed DBMF systems, in which the 

images of single flowing droplets can be captured using a high-speed camera35. In such cases, the 

ability to quickly perform an automated classification could be used to directly trigger sorting 

decisions in real-time. Despite the availability of image flow cytometry and cell sorting, 

commercially available systems only allow for a limited set information from the image to be used 

to gate and sort cells36; being able to feed the image through a pre-trained neural network and sort 

the droplets according to the output holds the potential of improving existing workflows in droplet-

based assays where the recovery of rare or difficult-to-detect populations is required. 

The application of deep learning methods to make “live” sorting decisions poses 

significative barriers, especially in fast high-throughput setups where all the computations must be 

done with strict and reproducible timing. We believe that the increasing performance of currently 

available workstations and acquisition hardware, coupled with the smart design of synchronized 

acquisition setups6 will make AI-assisted sorting a valuable tool for DBMF. Our work to 

implement machine learning for droplet cell number classification in a context with in-droplet 

structures to measure secretion significantly improves the throughput of such single cell assays as 

well as the scope of machine learning use for DBMF. 
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Methods 

Cell preparation 

PBMCs were prepared as previously described (COVID Paper). Briefly, density gradient 
centrifugation (Ficoll-Paque Plus, 17-1440-03, GE Healthcare) was used to isolate PBMCs from 
venous blood samples. CD3- cells were enriched by negative selection using anti-CD3 microbeads 
(Miltenyi Biotec) according to manufacturer protocol. 

The DB (ATCC, CRL-2289) cell line was cultured according to supplier guidelines, using RPMI-
1640 Medium. supplemented with 10% fetal bovine serum.  

All cell types were prepared prior to encapsulation in the same method. Cells were washed twice 
using PBS (Gibco, 14190-094) with 0.2% bovine serum albumin and 2 mM EDTA, then filtered 
through a 40-μm cell strainer to remove aggregates. Cells were finally resuspended in assay buffer 
consisting of RPMI-1640 (without phenol red) supplemented with 0.1% Pluronic F68(Gibco, 
24040032), 25 mM HEPES pH 7.4, 5% KnockOut™ serum replacement (Thermo Fisher, 
10828010), 0.5% human serum albumin (Sigma Aldrich, A9731). 

Wafer production 

The wafer for chip production was fabricated using soft lithography technique. Wafers were spin-
coated with SU-8 2035 (MicroChem) using 3000rpm for 30 seconds, then heated for pre-baking 
at 65°C for 5 minutes, followed by 95°C for 3 minutes. Afterwards, using MJB-4 (SUSS 
MicroTec), wafers were exposed to UV light (365nm) for 16 seconds. Subsequently, wafers were 
heated for post-baking at 65°C for 3 minutes and 95°C for 1 minutes then followed by developing 
to remove the SU-8 resin residue for 2 minutes at 100rpm. The thickness was measured using a 
DEKTAK profilometer (Bruker) to ensure ~40µm of thickness. 

Chip production 

A mix of Sylgard 184 (Dow, 1317318) prepared at a 10:1 mix ratio was poured onto the wafer 
covered on its rear by round aluminium foil to create a mould. Subsequently, a desiccator was used 
to remove bubbles and incubated in an oven at 65°C for 2 hours. Afterwards, the foil mould and 
wafer were removed, appropriate holes were punched with a 0.75mm biopsy puncher, and the 
cured PDMS was plasma bonded with glass slide 75mm x 50mm (Corning, 2947-75x50). The 
microfluidic chips were then silanized using 5% v/v solution of 1H,1H,2H,2H-
Perfluorododecyltrichlorosilane (Sigma, 729965) in HFE7500 oil(3M, B40045191). 

Droplet formation 

Droplet were produced by mixing two aqueous phases. Phase 1 consisted of a cell suspension 
(30E6 cells/ml) flowed at 70µL/ and phase 2 consisted of assay buffer flowed at 70µL/h, with or 
without paramagnetic nanobeads as indicated. The oil phase consisted of 2% v/v solution of 
Perfluorosurfactant (RAN-Biotechnologies, 008-FluoroSurfactant) in HFE 7500 oil, with a flow 
rate of 600µL/h to obtain a final droplet volume of ~40pL. 

Computing 



Computation was done with a Windows 10, 64-bit operating system using an AMD 3990X 4.3 
GHz processor with 64 GB RAM and GeForce RTX 3080. All image data was stored and read 
from a local M.2 NVME SSD drive. Scripts were written in Python 3.7.11 utilizing the Tensorflow 
2.5.0 library. Scripts used in this work are available as ESI. 

Image acquisition 

An inverted microscope with a motorized stage (Nikon, Ti2-Eclipse) was used to acquire droplet 
images with a high-speed CMOS camera (Orca Flash 4.0, Hamamatsu) at room temperature. 
Images were acquired through a 10x objective (NA 0.45). The whole of the droplet chamber was 
acquired as an array of 9x9 individual images stitched together to form a single image. Image 
acquisition was done every 7.5 over 37.5 min (6 measurements in total). Duplicates were 
systematically acquired for every sample, with each replicate being the filling of the DropMap 2D 
chamber with a novel droplet population. Images were stored in the nd2 file format. 

Datasets 
Droplets were identified as previously described (COVID Paper), based on circle detection by 
Hough transformation. X images were randomly selected from X total images available from the 
previous study (COVID Paper), representing Y different patients. Droplet images for model 
training were taken from the brightfield channel of the original nd2 format image, centered on 
the droplet, and cropped to the diameter of the droplet. Images were saved in the TIF file format. 
Droplet images were randomly generated without prior measurement or filtering based on 
droplet contents. Images for the creation of the validation datasets were selected amongst those 
images not included in the training dataset. Droplet images were visually classified by the 
authors according to number of cells inside of the droplets. 
 
Image preprocessing 

The droplet image is either loaded from a tif file into a Python 3.7.11 environment using scikit-
image v0.19.2 during training or cropped directly from the nd2 file according to measured 
position and diameter. Then, the image undergoes either a minimal or a more sophisticated 
preprocessing. In the latter, the image is convolved using a Prewitt operator kernel, with the 
convolve2d function from the scipy.signal package. Image contours are then highlighted using a 
sigmoid filter. The image is resized to dimensions of 55 x 55 pixels using the resize function 
without anti-aliasing from skimage.transform package. The pixel values are then normalized 
using the full in16 value range. A circular mask with a 5-pixel radius reduction compared to the 
image half-width is applied to the image to occlude the area outside of the droplet. When 
minimally preprocessed, the image is resized to dimensions of 55 x 55 pixels using the resize 
function without anti-aliasing from skimage.transform. Pixel values are then normalized. Images 
are finally all passed to the model as an array of (n, 55, 55) with n representing the number of 
images to be classified. 
 
Convolutional neural network implementation 
Droplet images were separated into three classes: “Empty/0”, if the droplet contained no cell, 
“Single/1”, if one cell is within the droplet, and “Multiple/2”, if two or more cells are inside the 
droplet.  
 



We used Keras module of the TensorFlow v2.5 library in Python 3.7.11 to define a ResNet-50 
model (https://arxiv.org/abs/1512.03385). Images were converted resized to a uniform dimension 
of 55 x 55 pixels. Categorical crossentropy was used to compute loss during training. The 
learning rate was set to 0.001 during training. Hyper-parameters were incrementally increased to 
determine optimal values. Final model training was performed using 6 epochs and a batch size of 
160. The training-set contained 95% of all labelled images with the remaining 5% used for the 
validation-set. The model used to classify droplets containing only cells was trained with 12 
epochs, batches of 30 images and 2500 training images for each class. 
 
Computer-vision-based methods implementation 

Scripts for conventional object recognition were run in Matlab 2021a. Rosenfeld method was 
performed using the script previously published 37, run with a ‘dilatation’ parameter of 15 instead 
of 7, to allow for the unique and unintended nature of our dataset.  

Morphological shape algorithm method is similar with the method published by Buggenthin and 
colleagues 38. On this method, we detect first the edge, adding mask to the image, create linear 
structuring elements, dilating the image, filling the holes, eroding the images, then find the image 
centroid. Number of cell was determined based on how many image centroid were calculated. 
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ARTICLE 6 

Characterizing autoreactive ASCs in multiple organs during 

primary ITP 

In addition to my work on SARS-CoV2 and microfluidic development, I collaborated on another 

ongoing project within our group to characterize autoreactive ASCs in patients with primary 

immune thrombocytopenia (ITP). This work was a collaboration between the group of Immune 

System Development at Institut Necker Enfants Malades (INEM) directed by Dr Matthieu 

Mahévas and a former post-doc of our laboratory, Dr Pablo Canales-Herrerias, that had been 

submitted to J Clin Invest and came back with requests from the reviewers. I was asked to 

contribute at this stage to help with the revisions of the manuscript for acceptance. 

ITP is an autoimmune disorder characterized by a low platelet count, leading to an increased risk 

of bleeding. Autoreactive B cells play a crucial role in the pathogenesis of ITP by producing 

autoantibodies that bind to antigens on the surface of platelets, marking them for destruction by 

the immune system. This results in a decrease in the number of circulating platelets, leading to 

the symptoms associated with ITP such as easy bruising, bleeding gums, and, in severe cases, 

internal bleeding. The exact mechanisms leading to the development of these autoreactive B cells 

in ITP are not fully understood. However, it is believed that both genetic and environmental 

factors contribute to their development. Some individuals may have a genetic predisposition that 

makes their B cells more likely to become autoreactive under certain conditions. Environmental 

triggers such as infections or exposure to certain drugs may also play a role. Given the central 

role of autoreactive B cells in ITP, many treatment strategies aim to reduce their numbers or 

inhibit their activity. These include immunosuppressive drugs, which reduce the overall activity 

of the immune system, and targeted therapies such as splenectomy or B cell depletion via 

immunotherapy. 

The goal of this project was to functionally characterize autoreactive ASCs in ITP patients and 

determine the distributions of autoreactive ASCs and their affinities between different immune 

compartments of the spleen, bone marrow, and blood. We also investigated the effect of novel 

treatment on autoreactive ASCs. My contribution to this work involved using the DropMap assay 

to characterize additional patients and to compare the affinity and secretion rate repertoires 
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between frozen samples and how this may influence assay results. Our work demonstrated the 

efficacy of DropMap to study ASCs in an autoimmune context and provided valuable new 

functional insights on ASCs in ITP. 
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Introduction
Immune thrombocytopenic purpura (ITP) is an immune disorder 

characterized by a strong autoimmune response against platelet 

autoantigens that causes platelet destruction (1). Clinical mani-

festations often present as mild bleeding on the skin or mucosal 

surfaces, but can also include life-threatening internal bleeding 

episodes in more severe cases (2, 3). The hallmark of ITP is the 

presence of anti-platelet antibodies, which contributes to the 

accelerated destruction of platelets by mechanisms that include 

FcR-mediated phagocytosis by macrophages, and inhibition 

of new platelet generation by megakaryocytes. Autoantibodies 

against platelets are predominantly of the IgG isotype (4), with 

IgG1 being the most prevalent subclass (5). Although several plate-

let surface proteins are known to be targeted by autoantibodies, 

namely the CD42 complex (GPIb/IX/V), integrin α2β1 (GPIa/IIa), 

and GPVI (6), the integrin αIIbβ3 complex (GPIIb/IIIa) has long 

been known as the dominant autoantigen in ITP, with anti–integ-

rin αIIbβ3 antibodies found in 60% to 90% of patients (6–8).

The spleen plays a major role in the pathophysiology of ITP (9), 

and splenectomy remains the most effective and curative therapy 

(10). Indeed, autoreactive anti-αIIbβ3–secreting cells arise from 

germinal center reactions located in the spleen of patients with 

ITP. Germinal center expansion results from T follicular helper 

The major therapeutic goal for immune thrombocytopenic purpura (ITP) is to restore normal platelet counts using drugs 

to promote platelet production or by interfering with mechanisms responsible for platelet destruction. Eighty percent 

of patients with ITP possess anti–integrin αIIbβ3 IgG autoantibodies that cause platelet opsonization and phagocytosis. 

The spleen is considered the primary site of autoantibody production by autoreactive B cells and platelet destruction. The 

immediate failure in approximately 50% of patients to recover a normal platelet count after anti-CD20 rituximab-mediated 

B cell depletion and splenectomy suggests that autoreactive, rituximab-resistant, IgG-secreting B cells (IgG-SCs) reside in 

other anatomical compartments. We analyzed more than 3,300 single IgG-SCs from spleen, bone marrow, and/or blood 

of 27 patients with ITP, revealing high interindividual variability in affinity for αIIbβ3, with variations over 3 logs. IgG-SC 

dissemination and range of affinities were, however, similar for each patient. Longitudinal analysis of autoreactive IgG-SCs 

upon treatment with the anti-CD38 mAb daratumumab demonstrated variable outcomes, from complete remission to 

failure with persistence of high-affinity anti–αIIbβ3 IgG-SCs in the bone marrow. This study demonstrates the existence 

and dissemination of high-affinity autoreactive plasma cells in multiple anatomical compartments of patients with ITP 

that may cause the failure of current therapies.
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and fluorescent bioassay reagents are coencapsulated in droplets, 

immobilized within an observation chamber, and imaged over 1 

hour by time-lapse fluorescence imaging. Magnetic beads in each 

droplet form a line (beadline) under a magnetic field to serve 

as a physical surface for a double-fluorescent sandwich ELISA, 

revealing IgG secretion from the cell and specificity of that IgG for 

αIIbβ3 (Figure 1A). The time-resolved fluorescence signals allow 

for estimation of IgG secretion rates and affinity for αIIbβ3 of the 

secreted IgG by using calibration curves generated with monoclo-

nal anti-αIIbβ3 IgG of known affinity (K
D

). The anti-αIIbβ3 refer-

ence curve, generated using 9 anti-αIIbβ3 IgG mAbs of various 

affinities, allows for measurements over 2 logs of affinities, i.e., 2.5 

× 10–10 ≤ K
D

 ≤ 5 × 10–8 M (Figure 1B). Therefore herein, IgG interact-

ing with αIIbβ3 at a calculated K
D

 below 5 × 10–8 M was considered 

binding, i.e., anti-αIIbβ3 IgG antibodies, and the cells secreting 

such IgG were termed “αIIbβ3-reactive ASCs.”

As an example, samples from the spleen, bone marrow, and 

blood were obtained at the time of splenectomy from 1 patient 

(patient “F”; 73-year-old male) who was splenectomized 8 months 

after the last rituximab infusion due to treatment failure (Figure 1, 

C–E). All data from these samples were acquired in duplicate on the 

same day with high reproducibility in total and autoreactive IgG-

SC detection per replicate (Supplemental Figure 1; supplemental 

material available online with this article; https://doi.org/10.1172/

JCI153580DS1). For each organ we analyzed 5,000–9,000 single 

cells in total, and found IgG-SCs represented 0.55%, 0.41%, and 

1.26% of the mononuclear cell pool in the spleen, bone marrow, and 

blood, respectively. IgG-SCs from the 3 organs displayed a similar 

range (5–500 molecules per second [IgG/s]) and median values 

(approximately 50 IgG/s) of IgG secretion (Figure 1C). Within the 

IgG-SC pool of all 3 organs, a fraction secreted anti-αIIbβ3 IgG 

antibodies with K
D

 values in the 5 × 10–8 M to 1 × 10–10 M range that 

we categorized into low-affinity (50 nM ≤ K
D

 ≤ 10 nM), medium- 

affinity (10 nM < K
D

 ≤ 1 nM), and high-affinity (K
D

 < 1 nM) αIIbβ3- 

reactive IgG-SCs to facilitate subsequent analyses (Figure 1D). In 

this patient, the spleen contained IgG-SCs with significantly higher 

affinities for αIIbβ3 as compared with the blood, and the propor-

tion of αIIbβ3-reactive cells among IgG- secreting cells was 25% in 

the spleen, 20% in the bone marrow, and 12% in the blood, with 

high-affinity antibodies detected only in the spleen (Figure 1E).

High interindividual variability of autoreactive ASC presence 

and affinity in spleen, bone marrow, and blood of patients with 

ITP. Our cohort included 25 patients diagnosed with chronic or 

acute ITP, with a median age of 51 years (ranging 21–79 years), 

to investigate the anatomical distribution, affinity, and secretion 

rate of anti-αIIbβ3 IgG-SCs. Clinical characteristics are present-

ed in Table 1. Eight patients (8 of 18) achieved complete response 

after splenectomy, with a follow-up of 14 to 24 months, while 10 

patients (10 of 18) had no significant increase in platelet counts 

after splenectomy. A bone marrow aspirate was also performed 

in 7 of 18 patients in addition to the programmed splenecto-

my. We also analyzed bone marrow and blood from 9 patients 

with ITP that were not splenectomized (Table 1), and 21 healthy 

donors (no immune disease) as controls for spleen, bone mar-

row, or blood samples. For every sample, we analyzed an average 

of 50,000 to 100,000 droplets in total, representing an aver-

age of 10,000 to 27,000 single mono nuclear cells containing 

cell activation (11) and reduced Treg cell numbers (12). Pathogenic 

anti-αIIbβ3 antibody–secreting cells can be detected by ELISpot in 

the spleen and blood of patients with ITP (9, 13, 14). In this proto-

typic antibody-mediated autoimmune disease, B cell depletion 

using rituximab (anti-CD20 mAb) is widely used, with up to 60% of 

patients having a short-term complete response (15), 40% achieving 

durable responses (6–12 months), and only 20% to 30% achieving a 

long-term response (5 years; refs. 16, 17). Paradoxically, B cell deple-

tion therapy stimulates an adaptation of splenic short-lived plasma 

cells that leads to their reprogramming into long-lived spleen cells 

in patients with ITP, explaining in part primary failure of rituximab 

(13). Furthermore, relapse of ITP after B cell depletion therapy with 

rituximab usually occurs during B cell lymphopoiesis (more than 

6 months after treatment), corresponding to the reinitiation of an 

autoimmune B cell response. We recently demonstrated that ritux-

imab-resistant memory B cells directly contributed to ITP relapses 

by enabling autoreactive germinal centers along with the recruit-

ment of naive B cells and leading to anti-αIIbβ3 secretion by newly 

formed antibody-secreting cells (ASCs) (18).

In a T cell–dependent response such as ITP, ASCs arise from 

germinal centers or memory B cells and egress the spleen as short-

lived ASCs to circulate in the blood, with some maturing into long-

lived plasma cells in the bone marrow. The longevity of ASCs is 

not primarily cell intrinsic but largely depends on signals provided 

by their microenvironment (19–21). Despite their fundamental 

role, a major impediment to studying heterogeneity of autoim-

mune ASCs is the difficulty in assessing the specificity of such cells 

that express no or relatively few immunoglobulins at their surface. 

In order to decipher the exact contribution of different subsets of 

anti-αIIbβ3 ASCs to the pathogeny in different organs and in dif-

ferent clinical situations, we performed herein a high-throughput 

phenotypic analysis of these autoreactive human IgG-secreting 

cells (IgG-SCs) at single-cell level, comparing patients with ITP 

and healthy donors. We describe a 3-log repertoire of affinities 

of anti-αIIbβ3 IgG autoantibodies secreted from freshly isolated 

spleen, bone marrow, and blood. The proportion of autoreactive 

cells among IgG-SCs was highly correlated between the spleen 

and the 2 other compartments, and very-high-affinity anti-αIIbβ3 

IgG-SCs were detected in all 3 compartments. A longitudinal anal-

ysis of autoreactive IgG-SCs in 3 patients refractory to approved 

treatments who were administered the anti-CD38 mAb daratu-

mumab demonstrated interindividual variability in the targeting 

of high-affinity anti-αIIbβ3 IgG-SCs. These studies identify the 

large repertoire of anti-αIIbβ3 affinities in patients with ITP and 

demonstrate the existence and dissemination of high-affinity 

autoreactive ASCs to the bone marrow of patients with ITP that 

may be the underlying cause of failure of current therapies.

Results
Single-cell bioassay allows phenotypic characterization of autoreactive 

ASCs. In order to directly characterize the secretion rate, specific-

ity, and affinity for αIIbβ3 of IgG secreted by autoreactive plasma 

cells and plasmablasts, collectively termed ASCs hereafter, with-

out the need to sort, clone, or re-express antibodies, we adapted a 

single-cell bioassay in microfluidic droplets (termed “DropMap”) 

that we have described previously (22, 23). In this assay, mono-

nuclear cells from the spleen, bone marrow, or blood of patients 
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Similar to the first patient we analyzed as a proof of concept (Fig-

ure 1, C–E), we identified IgG-SCs with affinity in the 5 × 10–8 M to 5 × 

10–11 M range for αIIbβ3 in pooled data from all 3 anatomical sites of 

patients with ITP, but also in significantly fewer numbers in pooled 

data from healthy donors in the 5 × 10–8 M to 5 × 10–9 M range (Figure 

2B). Only patients with ITP had IgG-SCs with very high estimated 

affinity (K
D

 below 10–10 M), mathematically extrapolated from values 

outside the boundaries of the reference curve presented in Figure 1B. 

A weak (low R value) but significant positive correlation was found 

between K
D

 and secretion rate using the pooled data, suggesting that 

high-affinity autoreactive ASCs tend to secrete less than low-affini-

ty autoreactive ASCs (Supplemental Figure 3, D–F). No correlation, 

however, was found between time elapsed since the end of ritux-

imab treatment and either secretion rate or affinity in any compart-

ment analyzed (Supplemental Figure 4). Only a fraction (8%–13%) 

of IgG-SCs showed cross-binding to αIIbβ3 and antigens used for 

polyreactivity testing (keyhole limpet hemocyanin [KLH] and insu-

lin; ref. 24) with poor affinity (10–50 nM), as expected from IgG- 

secreting plasma cells (25), and increased affinity for αIIbβ3 did not 

increase affinity for these other antigens (Supplemental Figure 5). 

These results demonstrate that approximately 90% of the IgG-SCs 

with reactivity for αIIbβ3 analyzed herein are not polyreactive. The 

0.01%–5% IgG-SCs (Supplemental Figure 2). Compared with the 

detection of anti-αIIbβ3 IgG-SCs by ELI Spot, DropMap was far 

more sensitive (Supplemental Figure 3A).

We first analyzed the global IgG-SC response per organ for all 

patients and healthy donors and found that among mononuclear 

cells, 0.01% to 5% had detectable levels of IgG secretion, with a 

wide range of IgG secretion rates (1–713 IgG/s) (Figure 2A and Sup-

plemental Figure 2C). In healthy donors, IgG secretion rates were 

not significantly different between the spleen, blood, and bone 

marrow. However, in patients with ITP the IgG secretion rates in the 

bone marrow were significantly higher than in spleen and blood. 

Unexpectedly, splenic IgG-SCs showed significantly (2.5-fold) 

lower secretion rates in patients with ITP compared with healthy 

donors, with median values of 46 IgG/s and 116 IgG/s, respectively. 

Similar findings were observed for IgG-SCs from peripheral blood, 

with a 2-fold lower secretion rate in patients with ITP (median 37 

IgG/s) compared with healthy donors (74 IgG/s). However, IgG-SCs 

in the bone marrow had similar secretion rates between patients 

with ITP and healthy donors (median 60 and 59 IgG/s, respective-

ly) (Figure 2A). In all 3 compartments, the top approximately 20% 

highest IgG producers were responsible for approximately 50% of 

the total amount of secreted IgG (Supplemental Figure 3, B and C).

Figure 1. Single-cell analyses reveal αIIbβ3 affinity and secretion rate from IgG-SCs. (A) Schematic of the DropMap pipeline. Single mononuclear cells are 

encapsulated in droplets, together with magnetic beads coated with anti–κ light chain nanobody (VHH) and fluorescently labeled anti-IgG F(ab′)
2
–Alexa 

Fluor 647 (red) and αIIbβ3–Alexa Fluor 488 (green). Droplets are immobilized in the chip, exposed to a magnetic field to induce beads to form a beadline, 

and imaged over time. (B) αIIbβ3 affinity reference curve generated using anti-αIIbβ3 mAbs with known K
D
 and values obtained from DropMap experi-

ments using these mAbs. (C–E) DropMap analysis of spleen (SP), bone marrow (BM), and blood (BL) samples from patient F at the time of splenectomy. 

(C) IgG secretion rate. (D) Affinity for αIIbβ3 (K
D
) classified into high (red), medium (orange), and low (yellow) affinity, with dotted lines separating these 

categories. (E) Distribution of IgG-SCs into low (yellow), medium (orange), and high (red) affinity binders to αIIbβ3 or nonbinders (white), with total IgG-SC 

numbers indicated. (C and D) Single-cell values and medians are plotted. *P < 0.05 using Welch’s t test and multiple-testing P-value adjustment. NS, not 

significant. See Supplemental Table 2 for further details.
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to 16% high-affinity IgG-SCs in the 3 anatomical compartments ana-

lyzed. Compared with healthy donors, patients with ITP secrete IgG 

at a lower rate but with a higher proportion of medium- and high-af-

finity anti-αIIbβ3 specificities in spleen, bone marrow, and blood. 

These results suggest a role for high-affinity autoantibodies secreted 

from different anatomical locations in the pathogenesis of ITP.

With the majority of the patients in our cohort being refracto-

ry to various therapies, including B cell depletion and splenectomy, 

we wondered whether patients achieving complete response to rit-

uximab therapy would demonstrate a reduction/disappearance of 

overall median affinity of anti-αIIbβ3 IgG-SCs from pooled patients 

with ITP was identical (~8 nM) between the 3 anatomical compart-

ments (Figure 2B). The same result was found for anti-αIIbβ3 IgG-

SCs of pooled healthy donors, with a significantly lower median 

affinity (~23 nM) (Figure 2B). The proportion of autoreactive IgG-

SCs among mononuclear cells was 10-fold, 5-fold, and 3-fold higher 

in patients with ITP than healthy donors in the spleen, bone marrow, 

and blood, respectively (Figure 2C). Healthy donors harbored 65% 

to 75% low-affinity and relatively few high-affinity IgG-SCs, where-

as patients with ITP harbored 37% to 46% medium affinity and 11% 

Table 1. Characteristics of patients with ITP

Patient ID Sex Age ITP duration 
(months)

Clinical  
pattern

RTX (months from  
last infusion)

RTX efficacy Current therapy Past treatment  
history

Splenectomy 
outcome

G F 22 240 Chronic 41 CRA TPO-RA, CS, IVIG CS, IVIG, RTX, TPO-RA CR

J M 24 45 Chronic 1B FailureB Vinblastine, tacrolimus CS, IVIG, OFA, TPO-RA, MMF, 
tacrolimus

CR

K F 50 37 Chronic – – TPO-RA CS, IVIG, TPO-RA CR

O M 36 43 Chronic 32 Failure CS, IVIG CS, IVIG, RTX, TPO-RA, dapsone, 
danatrol

CR

Q M 37 6 Persistent 2 Failure TPO-RA, CS, IVIG, AZA CS, IVIG, RTX, TPO-RA, AZA CR

AI F 79 396 Chronic 2 Failure CS, IVIG, TPO-RA CS, IVIG, TPO-RA CR

AM M 75 192 Chronic 108 Failure CS (3 days)C and TPO-RA CS, IVIG, TPO-RA CR

AG F 55 >24 Chronic 12 Response, relapse –D CS, IVIG, TPO-RA CR

B F 60 36 Chronic 8 Failure TPO-RA, CS, IVIG CS, IVIG, RTX, TPO-RA, dapsone Failure

F M 73 12 Chronic 8 Failure TPO-RA, MMF, IVIG CS, IVIG, RTX, TPO-RA, AZA Failure

H F 21 30 Chronic 7 Failure TPO-RA, IVIG CS, IVIG, RTX, TPO-RA Failure

I M 22 36 Chronic – – – CS, TPO-RA Failure

M M 70 17 Chronic 4 Failure CS CS, IVIG, RTX, TPO-RA Failure

N M 33 192 Chronic 12 Partial response CS, IVIG, vincristine CS, IVIG, TPO-RA, RTX, vincristine, 
dapsone, MMF

Failure

R M 31 7 Persistent 5 Failure IVIG, MMF, TPO-RA CS, IVIG, RTX, TPO-RA, MMF Failure

S M 26 7 Persistent 4 Failure CS, IVIG CS, IVIG, RTX, TPO-RA, MMF Failure

T (D3) F 20 174 Chronic 10 Failure Daratumumab CS, IVIG, RTX, TPO-RA, MMF, 
dapsone, splenectomy

Failure

D1 M 34 95 Chronic 3 Failure Daratumumab CS, IVIG, RTX, TPO-RA, MMF, CSA, 
HCQ, splenectomy

Failure

AC F 68 24 Chronic – – TPO-RA CS, TPO-RA –

AD M 65 0 Acute – – No – –

AE F 30 156 Chronic 1 Failure RTX (1 month) CS, IVIG, vincristine, RTX, TPO-RA, 
chemotherapy and autologous stem 
cell transplantation 14 years before 
current sample (Hodgkin disease)

–

AF F 77 0 Acute – – No – –

AH F 72 0 Acute – – CS (1 day) CS (1 day)C –

AJ F 77 12 Chronic 9 Failure MMF CS, IVIG, TPO-RA, RTX, CSA, MMF –

AK F 66 1 Acute – – CS (3 days) CS (3 days)C –

AL M 51 >24 Chronic 12 Response, relapse TPO-RA CS, IVIG, TPO-RA –

D2 F 35 128 Chronic 98 Failure Daratumumab CS, IVIG, RTX, TPO-RA, MMF, CSA, 
AZA, EDX

–

R-406 F 77 7 Persistent – CR CS CS, TPO-RA, dapsone –

R-429 M 74 3 Persistent – CR CS, IVIG CS, IVIG –

R-367 M 75 4 Persistent – CR CS, IVIG CS, IVIG –

R-387 F 78 2 Newly diagnosed – CR TPO-RA, CSA CS, IVIG, TPO-RA, CSA –

ADuration unknown. BPatient J received anti-CD20 mAb ofatumumab instead of rituximab. CDuration of some drug treatments for some patients are 

indicated in parenthesis. DSplenectomy performed 1 month after rituximab arrest. RTX, rituximab; OFA, ofatumumab; CR, complete response; –, none 

or not administered; TPO-RA, thrombopoietin receptor agonist; CS, corticosteroids; IVIG, intravenous immunoglobulins; AZA, azathioprine; MMF, 

mycophenolate mofetil; HCQ = Hydroxychloroquine; CSA = Cyclosporine; EDX = Endoxan (Cyclophosphamide).
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Figure 2. Autoreactive ASCs with high and low affinity are present in the spleen, blood, and bone marrow (BM) of patients with ITP. (A) IgG secretion 

rate and (B) affinity for αIIbβ3 of single ASCs from pooled data of patients with ITP and healthy donors (HD) for spleen (ITP, n = 14; HD, n = 6), BM (ITP, 

n = 17; HD, n = 4), and blood (ITP, n = 14; HD, n = 10). Single-cell values and medians are plotted. Total numbers of IgG-SCs analyzed per compartment 

are indicated in A. In B, affinities are classified into high (red), medium (orange), and low (yellow) affinity, with dotted lines separating these catego-

ries. (C) Frequency of αIIbβ3-reactive IgG-SCs among mononuclear cells (MCs) classified into high, medium, and low affinity from patients (ITP) 

and HD according to B. (D–F) Frequency of αIIbβ3-reactive IgG-SCs among MCs classified into high, medium, and low affinity represented for indi-

vidual patients (ITP) and HD for (D) spleen, (E) BM, and (F) blood. (D–F) The dotted line marks the highest frequency found in an HD. **P < 0.01;  

****P < 0.0001 using post hoc contrast analysis after linear (A and B) or logistic (C) modeling and multiple-testing P-value adjustment. NS, not signifi-

cant. See Supplemental Table 2 for further details.
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the high-affinity anti-αIIbβ3 IgG-SC population after treatment. We 

retrospectively analyzed frozen PBMC samples of 4 responder ITP 

patients collected 1 week before the first and 3 months after the last 

rituximab infusion. Seventy-five percent (3 of 4) patients displayed 

3 times or greater less total IgG-SCs after rituximab treatment, with 

nevertheless a nonsignificant trend for the group (Supplemental 

Figure 6A). IgG secretion rates were, however, significantly higher 

after treatment (Supplemental Figure 6B), reminiscent of the high-

er secretion rate of blood IgG-SCs in healthy donors compared with 

patients with ITP (Figure 2A). All 4 responder patients had very low 

initial frequencies of αIIbβ3-specific IgG-SCs in circulation (mean 

0.016% among PBMCs), with approximately 10-fold reduction in 2 

patients and no major variation in the 2 other patients (Supplemental 

Figure 6C). Nevertheless, high-affinity autoreactive IgG-SCs disap-

peared after treatment in these patients in remission (Supplemental 

Figure 6D), supporting our hypothesis on the role for high-affinity 

ASCs in the pathogenesis of ITP. We then grouped the patients from 

our main cohort by rituximab responsiveness and compared them 

in terms of αIIbβ3 reactivity. Even though the number of respond-

ing patients in our cohort was very limited, we observed a tendency 

toward lower affinity for αIIbβ3 in rituximab-responding patients 

as compared with rituximab-failure patients (Supplemental Figure 

6E), whereas no difference was observed in the frequency of auto-

reactive ASCs (Supplemental Figure 6F).

We found varying proportions of autoreactive IgG-SCs among 

mononuclear cells between patients with ITP, and within anatom-

ical compartments of a given patient (Figure 2, D–F). This finding 

may rely on the heterogeneity of therapeutic regimens and intrin-

sic cell heterogeneity of each anatomical compartment. Neverthe-

less, 71% (10 of 14) of spleen samples, but only 41% (7 of 17) of 

bone marrow and 36% (5 of 14) of blood samples harbored more 

autoreactive IgG-SCs in patients with ITP compared with the 

highest value found in healthy control samples. Fifty percent (7 

of 14) of the patients with ITP harbored high-affinity anti-αIIbβ3 

IgG-SCs in the spleen, compared with 29% (5 of 17) and 36% (5 

of 14) in the bone marrow and blood, respectively. No such cell 

could be detected in spleens from healthy donors, and only once in 

blood and twice in bone marrow at very low numbers. Thus, most 

patients with ITP displayed a robust anti-αIIbβ3 response in the 

spleen that underlies the central role of this organ in ITP.

Comparable autoantibody responses in paired organs. In order 

to compare the autoantibody response in different immune sites 

from the same patient with ITP, we obtained paired samples, 

either taken at the time of splenectomy (spleen + bone marrow 

and/or blood) or at the time of bone marrow collection (bone 

marrow + blood). On average, 20% to 25% of IgG-SCs were 

αIIbβ3 specific in the 3 compartments, with some patients pre-

senting with a robust autoreactive response of up to 75% of auto-

Figure 3. Paired organs demonstrate 

a comparable autoantibody response. 

(A) Frequency of αIIbβ3-reactive IgG-

SCs among total IgG-SCs in the spleen 

(SP), bone marrow (BM), and blood (BL) 

from individual patients with ITP. Each 

dot represents an individual. Values 

are pooled data from 2 replicates. NS, 

not significant using Welch’s t test and 

multiple-testing P-value adjustment. 

See Supplemental Table 2 for further 

details. (B) Distribution of IgG-SCs into 

low (yellow), medium (orange), and 

high (red) affinity binders to αIIbβ3 or 

nonbinders (white), with total IgG-SC 

numbers indicated, for paired samples 

of patients K, T, and N. (C) Heatmap of 

the frequency of αIIbβ3-reactive cells 

among IgG-SCs per patient, ordered 

from most frequent to less frequent in 

spleen for patients with a spleen sam-

ple, and ordered from most frequent to 

less frequent in blood for patients with-

out a spleen sample. White boxes indi-

cate undetectable reactivity for αIIbβ3, 

and “X” indicate absence of samples. 

Result of splenectomy is indicated: 

complete remission (CR) or failure (F). 

(D–F) Pearson’s correlation analysis 

of data from C; scatterplots compare 

the frequency of αIIbβ3-reactive cells 

among paired organs. R and adjusted P 

values are indicated. Red line indicates 

the reduced major axis.
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reactive IgG-SCs among all IgG-SCs (Figure 3A). Distribution of 

affinities for IIbβ3 was similar within compartments of individ-

ual patients, as exemplified in Figure 3B (refer to Supplemental 

Figure 7 for all paired samples). For example, patient K displayed 

a robust anti-αIIbβ3 response, with 

greater than 50% autoreactive IgG-

SCs distributed among high-, medi-

um-, and low-affinity IgG-SCs in 

both spleen and blood; patient T 

displayed large numbers of IgG-SCs, 

with approximately 25% autoreactive 

IgG-SCs largely predominated by 

low- and medium-affinity IgG-SCs 

in all 3 compartments; and patient N 

displayed low numbers of IgG-SCs, 

with approximately 5% autoreac-

tive IgG-SCs (Figure 3B). General-

ly, in the cohort of paired samples, 

patients harboring a large proportion 

of αIIbβ3-reactive IgG-SCs among 

all IgG-SCs in one compartment 

also did so in the other one or two 

compartments (Figure 3C). For the 

7 patients for whom splenectomy 

failed to induce clinical remission 

and a bone marrow sample was avail-

able (patients M, T, F, B, S, N, and R), 

anti-αIIbβ3 IgG-SCs were present in 

the bone marrow the day of splenec-

tomy, except for patient S. This sug-

gests that the autoreactive bone mar-

row ASC population is responsible for 

the sustained disease observed after 

splenectomy in these patients.

Proportions of αIIbβ3-reactive 

IgG-SCs correlated well between 

spleen and blood (R > 0.9; P = 0.02) 

and spleen and bone marrow (R > 

0.9; P = 0.03), but did not correlate 

between bone marrow and blood 

(R = 0.25; P = 0.58) (Figure 3, D–F). 

Despite the heterogeneity of clinical 

situations and treatment history among patients in this cohort, 

the spleen appears to determine the extent of the autoreactive 

response, likely by providing the other compartments with auto-

reactive IgG-SCs. Our results suggest that the autoreactive-IgG 

Figure 4. Anti-CD38 therapy depletes pathogenic ASCs 

in patients with ITP. (A) Flow cytometric identification 

of circulating CD27+P63+ plasmablasts/plasma cells 

from patients D1 and D2 before (top panel) and 4 weeks 

after (bottom panel) the start of daratumumab (DARA) 

treatment. (B–G) Kinetic follow-up of patient D1 (B–D) and 

patient D2 (E–G) blood samples for (B and E) frequency of 

IgG-SCs among PBMCs and platelet levels. (C and F) Fre-

quency of αIIbβ3-reactive IgG-SCs among PBMCs classified 

into high (red), medium (orange), and low (yellow) affinity. 

(D and G) Affinity for αIIbβ3 of single IgG-SCs. Displayed on 

the background is time spent in clinical remission (white) 

or relapse (gray). Daratumumab infusions are indicated by 

pink arrows. Single-cell affinity values and medians are 

plotted in D and G.
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He received 7 daratumumab infusions at 16 mg/kg per week 

without other treatment except oral dexamethasone (20 mg) 

before each infusion and achieved a complete response last-

ing now over 1 year (defined by platelet count >100 × 109/L) 

(Figure 4B). After a short increase in total IgG-SC (Figure 4B) 

and anti-αIIbβ3 IgG-SC (Figure 4C) numbers in blood, these 

proportions dropped 2- to 3-fold and remained low for at least 

10 weeks after the last daratumumab infusion. Remarkably, 

whereas low-affinity IgG-SCs remained at a third of their initial 

level, high-affinity IgG-SCs became undetectable a few weeks 

after the end of the treatment (Figure 4, C and D).

Patient D2 (35-year-old female) had not been splenecto-

mized and received her last rituximab infusion 8 years before 

receiving weekly daratumumab (without other treatment except 

20 mg dexamethasone orally before each infusion) for 6 weeks. 

This resulted in a transient complete response lasting 17 weeks 

before relapse. Total IgG-SC (Figure 4E) and anti-αIIbβ3 IgG-SC 

numbers in blood nevertheless dropped approximately 10-fold 

following daratumumab infusions, again with the disappearance 

of high-affinity IgG-SCs (Figure 4, F–G). Overall, both patients 

response in patients with ITP disseminates through multiple 

organs, resulting in IgG-SC populations with similar ranges of 

anti-αIIbβ3 affinity and proportion among IgG-SCs.

Kinetic follow-up of anti-CD38 therapy with daratumumab 

in patients with ITP. The autoreactive IgG-SCs in patients with 

chronic ITP that are refractory to conventional therapies (ritux-

imab and/or splenectomy) can be theoretically eliminated using 

the anti-CD38 mAb daratumumab that was developed to target 

malignant plasma cells (26). We therefore analyzed 3 patients 

who received off-label (compassionate use) daratumumab for 

severe chronic refractory ITP. After 3 infusions, daratumumab 

led to an 89% reduction in circulating CD27+P63+ plasmablasts 

and plasma cells (27), identified by flow cytometry (Figure 4A 

and Supplemental Figure 8).

Patient D1 (34-year-old male) had been splenectomized 9 

years prior to daratumumab therapy, but continued to expe-

rience skin and/or mucosal bleedings because of low platelet 

counts (<30 × 109/L) despite receiving several immunosuppres-

sant drugs (including rituximab, mycophenolate mofetil, and 

cyclosporin) and thrombopoietin receptor agonist (TPO-RA). 

Figure 5. Failure of anti-CD38 

treatment is associated with per-

sistence of pathogenic ASCs. Kinetic 

follow-up of patient T. Displayed 

on the background is time spent in 

clinical remission (white) or relapse 

(gray). Drug infusions are indicated 

by arrows: thrombopoietin receptor 

agonist and cyclosporin (TPO-RA + CS; 

black), intravenous immunoglobulin 

(IVIG; purple), and daratumumab 

(DARA; pink). The time of splenec-

tomy is indicated by a blue arrow. 

(A–C) Frequency over time of IgG-SCs 

among mononuclear cells (MCs) in (A) 

blood with platelet levels indicated, 

(B) spleen, and (C) bone marrow 

(BM). (D–F) Frequency over time of 

αIIbβ3-reactive IgG-SCs among MCs 

in (D) blood, (E) spleen, and (F) BM 

classified into high, medium, and low 

affinity. (G–I) Affinity over time for 

αIIbβ3 of single IgG-SCs in (G) blood, 

(H) spleen, and (I) BM. Single-cell 

affinity values (blue dots) and medi-

ans (red lines) are plotted.
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and dissimilar from IgG-SCs from the bone marrow. Whereas 

affinities for the platelet autoantigen αIIbβ3 varied over 3 logs, 

the median affinity and range of affinities were strikingly similar 

between the 3 compartments, suggesting a common origin. In 

addition, the proportion of autoreactive IgG-SCs closely correlat-

ed between spleen and blood, and spleen and bone marrow, sup-

portive of the spleen being the source of autoreactive IgG-SCs and 

the dominant tissue in this disease (9). The persistence of autore-

active ASCs in the bone marrow after failure of anti-CD20 B cell 

depletion, splenectomy, and anti-CD38 therapy represents a new 

layer of complexity and target for ITP therapy.

Chronic ITP is the most common hematologic indication for 

splenectomy (29), making this major secondary lymphoid organ 

accessible for research. αIIbβ3-reactive memory B cells (13, 18) and 

IgG-SCs (plasma cells) were identified in the spleen of patients 

with ITP, as well as increased αIIbβ3-reactive effector T cell (9) 

and reduced Treg (12) numbers compared with healthy controls. 

The stage of B cell development at which tolerance to platelet anti-

gens breaks down remains to be determined. The identification in 

small numbers of anti-αIIbβ3 IgG-SCs in all healthy donors in this 

work supports the hypothesis of a low-level autoreactivity against 

platelets in healthy individuals. This is in agreement with the low 

frequency (~13%) of self-reactive IgG-secreting plasma cells found 

in healthy donors after sorting of CD138+CD27+CD38+ cells and in 

vitro expression of their IgG (25). As the abundance of anti-αIIbβ3 

IgG-SCs is low, with poor affinity and IgG secretion rates, the 

amount and overall affinity of circulating platelet autoantibodies 

may be insufficient in these healthy donors to have a meaningful 

impact on platelet numbers, but may represent a biomarker for 

future evolution into ITP.

In ITP, breakdown of tolerance to platelets leads to the gen-

eration of anti-αIIbβ3 ASC clones that are a hallmark of germinal 

center autoreactive B cell generation (11, 13, 18). We provided here 

a comprehensive view of affinity-matured autoreactive ASCs in 

different compartments that possess a broad range of affinities, 

including high-affinity binders. Autoantibodies with affinities for 

cytokines as high as 3 × 10–14 M have been reported to develop in 

patients with autoimmune polyendocrine syndrome type 1 (APS-1, 

also known as autoimmune polyendocrinopathy–candidiasis–ecto-

dermal dystrophy [APECED]) (30). Whether antibody affinities 

for the extremely abundant antigen αIIbβ3 could reach such values 

remains speculative and may certainly require an extreme defect in 

tolerance. Remarkably, anti-αIIbβ3 subnanomolar affinities could 

be identified from IgG-SCs in spleen, blood, and bone marrow in 

similar distributions in some individuals. The magnitude of the 

response in the spleen correlated with that of the blood and bone 

marrow, with a strong decrease in circulating IgG-SCs after sple-

nectomy, highlighting the role of this organ in the generation of IgG-

SCs that are released to the bloodstream. Supportive of this notion, 

a correlation in the number of αIIbβ3-reactive IgG-SCs between 

spleen and blood from patients with ITP that responded to splenec-

tomy was reported previously using ELISpot (9).

Only 1 case report previously identified anti-αIIbβ3 in the 

bone marrow of 1 ITP patient using ELISpot (31). Our study iden-

tified anti-αIIbβ3 IgG-SCs in the bone marrow in 40% of patients 

with ITP in similar or higher proportions among mononuclear 

cells than in the spleen. In a direct comparison, the sensitivity of 

responded similarly to daratumumab therapy in terms of deple-

tion of IgG-SCs, both total and αIIbβ3 specific, and elimination 

of high-affinity anti-αIIbβ3 IgG-SCs from circulation.

These results emphasize that daratumumab therapy targets 

ASCs in patients with ITP and suggest that the depletion of these 

cells, which include the autoreactive population, could be related 

to clinical improvement.

Spleen-independent reappearance of high-affinity anti-αIIbβ3 

ASCs after daratumumab. Patient T (20-year-old female) had 

ITP requiring splenectomy 10 months after rituximab, and 

then daratumumab therapy for refractory disease, allowing a 

sequential follow-up after these interventions. After splenecto-

my, IgG-SC and anti-αIIbβ3 IgG-SC numbers in blood dropped 

7- and 4-fold, respectively (Figure 5, A and D), supporting the 

spleen as an important source of IgG-SCs in circulation (21, 

28). On the day of splenectomy, high numbers of IgG-SCs were 

found among mononuclear cells in the blood (1.4%), bone mar-

row (1.6%), and spleen (5%) (Figure 5, A–C), i.e., 7-fold higher 

than the ITP spleen with the highest numbers we had analyzed 

before (Supplemental Figure 2). Among IgG-SCs, 27%, 32%, 

and 24% were αIIbβ3 specific, including high-affinity IgG-SCs, 

in the spleen, bone marrow, and blood, respectively, demon-

strating a relatively homogeneous distribution of autoreactive 

IgG-SCs across all 3 compartments (Figure 5, D–I). Daratu-

mumab treatment started 3 weeks after splenectomy induced a 

transient increase in platelet counts (Figure 5A), associated with 

a decrease in total IgG-SC and anti-αIIbβ3 IgG-SC numbers 

(Figure 5D), and led to a disappearance of high-affinity IgG-SCs 

(Figure 5G). Daratumumab was discontinued after 4 infusions 

because of relapse and an increase in total IgG-SCs, anti-αIIbβ3 

IgG-SCs, and high-affinity IgG-SCs in the blood was observed 

after 5 weeks (Figure 5, A, D, and G). This reappearance of auto-

reactive, high-affinity IgG-SCs in circulation occurred after 

splenectomy, suggesting autoreactive B cell reservoirs were 

present in other anatomical compartments or re-emergence of 

autoreactivity from naive B cells in secondary lymphoid organs 

(e.g., lymph nodes) (18). Remarkably, whereas bone marrow 

IgG-SCs (Figure 5C) and anti-αIIbβ3 IgG-SCs (Figure 5F) were 

reduced 2.5- to 3-fold compared with their content before sple-

nectomy and daratumumab treatment, high-affinity IgG-SCs 

could be readily detected in the bone marrow 5 weeks later with 

a similar distribution (Figure 5I). These bone marrow–resistant 

autoreactive high-affinity IgG-SCs identified after multiple 

therapies could correspond to daratumumab-resistant ASCs, 

and/or to newly immigrating ASCs generated in another com-

partment that remains to be identified.

Discussion
This study represents the first characterization to our knowledge 

of ASCs in humans in terms of their anatomical distribution, anti-

body secretion, and affinity for their target autoantigen, including 

both patients with autoimmune disease and healthy donors. It 

demonstrates the dissemination of autoreactive IgG-SCs among 

the spleen, blood, and bone marrow from patients with ITP. Rates 

of IgG secretion per cell were very diverse, with a tendency for 

secretion to decrease with decreasing affinity values for αIIbβ3, 

but globally similar between IgG-SCs from the spleen and blood 
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assay focused on IgG and αIIbβ3, as previous studies showed that 

anti-αIIbβ3 IgGs were predominant autoantibodies in ITP (4, 5). 

We cannot, however, exclude the possibility that some patients 

had a response of another isotype or directed against other, less 

common, platelet antigens (e.g., CD42 complex [GPIb/IX/V] 

and integrin α2β1 [GPIa/IIa]; ref. 44). ASCs are also rare among 

mononuclear cells, and in some patients described here only few 

αIIbβ3-reactive cells could be identified that limit broad extrap-

olations on autoreactive ASCs. Our method of analysis proved 

nevertheless more sensitive than conventional assays (i.e., ELIS-

pot), which allowed us to investigate secretion rate and affinity for 

αIIbβ3 for more than 3,300 freshly isolated ex vivo IgG-SCs.

This work extends (45–48) our knowledge of autoreactive IgG-

SCs in human ITP. We demonstrate the homogeneous dissemina-

tion of platelet autoreactive ASCs into multiple anatomical com-

partments that could explain splenectomy failure in some patients. 

A wide range of affinities for the major ITP autoantigen αIIbβ3 were 

identified, with very high affinities reminiscent of affinities found 

in other systemic autoimmune diseases. Anti-CD38 daratumumab 

therapy allowed us to demonstrate the crucial contribution of ASCs 

in ITP, and to point toward a compartment other than the spleen 

that may serve in some patients as a source to reconstitute autoreac-

tive ASC pools in circulation and in the bone marrow.

Methods

ITP patients and controls

All patients included in this study were adults (>18 years old) and were 

diagnosed with ITP according to international guidelines (10). Patients 

with underlying immunodeficiencies, hepatitis C virus or human 

immunodeficiency virus infection, lymphoproliferative disorders, and 

defined systemic lupus erythematosus (≥4 American Rheumatism 

Association criteria) were excluded. Patients had acute (<3 months), 

persistent (3–12 months), or chronic (>12 months) ITP. According 

to these guidelines, a bone marrow smear biopsy was performed in 

patients over 60 years old to exclude myelodysplastic syndromes. 

Complete response to splenectomy was defined by a platelet count 

over 100 × 109/L and the absence of bleeding, partial response was 

defined by a platelet count over 30 × 109/L and below 100 × 109/L and 

at least doubling values from baseline, and failure by a platelet count 

under 30 × 109/L or use of salvage therapy after 1 month. Relapsing 

patients were defined as those that initially had a complete response, 

but then had a drop in the platelet count, below 30 × 109/L, as well 

as a medical intervention by the treating physician. Healthy controls 

were individuals with no autoimmune disease or lymphoma. Control 

spleen samples were obtained from organ donors that died from stroke 

or head trauma. Control bone marrow aspirate samples were taken 

from healthy organ transplantation donors and were obtained from 

the Pitié-Salpêtrière Hospital (AP-HP). Control blood samples were 

obtained from the French Blood Establishment (EFS).

Sample processing

Splenic tissue was obtained from splenectomy and maintained at 4°C 

for transportation to the laboratory. Splenic tissue fragments were 

homogenized using a dissociator (gentleMACS, Miltenyi Biotec), and 

cell suspensions were subsequently filtered and diluted in RPMI-1640 

(Invitrogen). Ficoll density gradient (Ficoll Paque Plus, GE Health-

DropMap was overall higher than ELISpot. In this study, we found 

the frequency of autoreactive IgG-SCs among mononuclear cells 

to be around 0.1%, which is 10 times higher than what was previ-

ously described using ELISpot (9). This may be due to the inherent 

higher sensitivity of fluorescent bioassays compared with chromo-

genic assays, or to the necessity of IgG-SCs to secrete over longer 

periods of time for ELISpot (hours) than for DropMap (45 min-

utes). The bone marrow is thought to be the main niche for surviv-

al of long-lived ASCs, so the presence of autoreactive IgG-SCs in 

this compartment could be correlated to long-term autoantibody 

production and, in turn, with the maintenance of chronic disease 

(reviewed in ref. 32). Our results constitute one of the first direct 

findings to our knowledge of autoreactive plasma cell populations 

in human autoimmunity (33), supported also by similar findings in 

mouse autoimmunity models of vasculitis (34), lupus (35–38), and 

encephalomyelitis (39). The establishment of long-lived ASCs in 

the bone marrow could also have important implications for treat-

ment of ITP and other B cell–dependent autoimmune disorders: 

first, this population could sustain autoantibody levels following 

splenectomy, which may be sufficient to affect clinical manifesta-

tions; and second, long-lived ASCs in the bone marrow have been 

observed to be resistant to immunosuppressive agents (36) and to 

B cell–targeted therapies, such as anti-CD20 or anti-BAFF anti-

bodies (32, 39), which may partly explain therapeutic failures.

In this context, targeting ASCs with anti-CD38 appeared to 

be a very promising option. This work reports anti-CD38 dara-

tumumab off-label use in 3 patients with refractory chronic ITP, 

a treatment that has been proposed for autoimmune cytopenia 

following bone marrow transplantation (40, 41). Similar to our 

results, daratumumab therapy gave drastically different clinical 

outcomes, from complete remission to failure of therapy (41). The 

bone marrow is probably responsible for immediate failures of 

splenectomy by harboring sufficient autoreactive ASCs for effec-

tive platelet destruction. However, targeting autoreactive ASCs 

may prove difficult, as bone marrow cells have been reported in 

mouse models to be rather resistant to therapeutic antibody deple-

tion (42, 43). Similarly, we showed that autoreactive ASCs persist-

ed in the bone marrow of a patient with no response to daratu-

mumab, providing a possible explanation for treatment resistance. 

Another patient achieved complete remission after daratumumab 

but relapsed several weeks later, suggesting that a lymphoid organ 

was perhaps able to generate new autoreactive ASCs. The lym-

phoid organ responsible may have been lymph nodes in splenecto-

mized patient T (Figure 5) and the spleen (and perhaps also lymph 

nodes) in patient D2 who received daratumumab but had not been 

splenectomized (Figure 4, E–G). Understanding the reasons for 

such variability in clinical responses to B cell depletion therapy 

will require more investigation, particularly as we describe here-

in a relatively homogeneous dissemination of IgG-SCs among 

spleen, blood, and bone marrow of patients with ITP.

Our work also has several limitations, mostly inherent 

to human studies. Patients had varying clinical histories and 

received treatments that probably affected the ASC pool. How-

ever, long-term corticosteroids and/or immunosuppressant drugs 

are not commonly given for ITP in France, and we took advan-

tage of the various therapeutic sequences, including splenectomy 

and daratumumab, to study ASC dissemination in humans. Our 
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The continuous phase consisted of 2% (wt/wt) 008 Fluorosurfactant 

(RAN Biotechnologies) in Novec HFE7500 fluorinated oil (3M). Aque-

ous phases I and II were coflowed and partitioned into droplets. The 

flow rate of aqueous phases I and II was 70 μL/h, whereas that of oil 

was 600 μL/h in order to achieve monodisperse droplets of approxi-

mately 40 pL volume. Newly generated droplets were directly injected 

into the DropMap 2D chamber system (22) and mounted on a fluores-

cence microscope (Ti Eclipse, Nikon). The emulsion was exposed to a 

magnetic field, forcing the nanoparticles inside each droplet to form 

an elongated aggregate termed a “beadline.”

Data acquisition

Images were acquired using a Nikon inverted microscope with a 

motorized stage (Ti Eclipse). Excitation light was provided by a 

light-emitting diode (LED) source (SOLA light source, Lumencor Inc.). 

Fluorescence for the specific channels was recorded using appropriate 

bandpass filters and camera settings (Orca Flash 4.0, Hamamatsu) at 

room temperature and ambient oxygen concentration. Images were 

acquired using a 10× objective (NA 0.45). An array of 10 × 10 images 

was acquired for each replicate, every 7.5 minutes in all channels over 

37.5 minutes (6 measurements total). Duplicates or triplicates were 

systematically acquired for every sample, with each replicate being the 

filling of the DropMap 2D chamber with a different droplet population 

acquired over time on a 10 × 10 image array.

Image analysis and calculations

Images were analyzed using a custom-made MatLab script (MathWorks) 

that identifies each droplet and the beadline within each droplet. Fluo-

rescence values associated with the beadline were extracted as well as 

the mean fluorescence of the entire droplet except the beadline (back-

ground fluorescence). A value of fluorescence relocation for each droplet 

at each time point was calculated, i.e., fluorescence value of the beadline 

divided by the fluorescence value of the background. Data were export-

ed to Excel (Microsoft) and sorted for droplets showing an increase in 

relocation of the anti-IgG reporter fluorescence (Alexa Fluor 647) over 

time and above a threshold of Alexa Fluor 647 relocation greater than 

1.5. The sorted droplets were visually controlled for the presence of a sin-

gle cell within the droplet, for droplet movement between image acqui-

sitions, absence of fluorescent particles other than the beadline (e.g., 

Alexa Fluor 647–anti-IgG or Alexa Fluor 488–αIIbβ3 protein aggregates, 

cell debris) and undesired aggregation of fluorescent reporters on the cell 

surface inside the droplet. IgG secretion rate and dissociation constant 

(K
D

) were estimated as described previously (22).

Estimation of IgG concentration within each droplet. A calibration 

curve for the estimation of IgG concentration was obtained by pre-

paring droplet populations containing all bioassay reagents except 

cells that were replaced by a range of concentrations of monoclo-

nal IgG1 (one concentration per droplet population). Images were 

acquired exactly 3 minutes after the droplets were immobilized in 

the DropMap chamber for each IgG concentration, and fluorescence 

relocation calculated. The calibration curve was subsequently used 

to estimate the IgG concentration and secretion rate (IgG/s) for each 

time interval, and the mean secretion rate was calculated by averag-

ing the values of all intervals.

Estimation of K
D

 for αIIbβ3 within each droplet. A calibration curve 

was obtained by defining relocation values for both anti-IgG (Alexa 

Fluor 647) and αIIbβ3 (Alexa Fluor 488) for a collection of 10 anti-

care) centrifugation at 300 g for 20 minutes with no brake was used 

to obtain mononuclear cells. Bone marrow cells were obtained from 

bone marrow aspiration and immediately placed in sodium heparin 

tubes (BD) for transportation to the lab at room temperature. Bone 

marrow cells were then dissociated by flushing thoroughly through a 

syringe needle and diluted in RPMI-1640, before processing by Ficoll 

density gradient to obtain mononuclear cells. Blood was obtained in 

sodium heparin tubes and transported at room temperature. After 

dilution in RPMI-1640, blood was processed by Ficoll density gra-

dient. After isolation, mononuclear cells from all organs were resus-

pended in RPMI-1640 supplemented with 10% HyClone FBS (Ther-

mo Fisher Scientific) and 1% penicillin/streptomycin (Thermo Fisher 

Scientific). From this point on, cell suspensions were maintained on 

ice. All experiments were performed within 12 hours from sample 

collection, except for PBMCs from 4 patients with nonrefractory ITP 

that were analyzed from frozen samples. Although these 4 samples 

had been frozen for storage, their frequencies of IgG-SCs (mean 

0.27% among PBMCs) were comparable to those found on average in 

fresh PBMCs from the rest of the cohort.

Aqueous phase I: preparation of cells for droplet compartmentalization

Cell suspensions were centrifuged (300g, 5 minutes) and resuspended 

twice using MACS buffer consisting of PBS pH 7.2, 0.2% bovine serum 

albumin, and 2 mM EDTA. After each resuspension, cells were filtered 

through a 40-μm cell strainer to eliminate aggregates. Cells were 

then spun (300g, 5 minutes) and resuspended in DropMap buffer, 

which consisted of RPMI-1640 (without phenol red) supplemented 

with 0.1% Pluronic F68, 25 mM HEPES pH 7.4, 5% KnockOut serum 

replacement (all Thermo Fisher Scientific), and 0.5% human serum 

albumin (Sigma-Aldrich). Cell number in the suspension was adjusted 

to achieve a λ (mean number of cells per droplet) of approximately 0.3. 

For calibration curves, IgG mAbs were diluted in DropMap buffer.

Aqueous phase II: preparation of beads and bioassay reagents

Paramagnetic nanoparticles (Bio-Adembeads Streptavidin plus 300 

nm, Ademtech) were washed with Dulbecco’s PBS with calcium and 

magnesium (DPBS++, Thermo Fisher Scientific). The nanoparticles 

were resuspended in DPBS++ containing 1 μM biotin-labeled anti–

human κ light chain (Igκ) (CaptureSelect, Thermo Fisher Scientif-

ic), and incubated 20 minutes at room temperature. After another 

wash with DPBS++, nanoparticles were resuspended in 5% Pluronic 

F127 (Thermo Fisher Scientific) and incubated 20 minutes at room 

temperature. The nanoparticles were washed again and resuspend-

ed in DropMap buffer containing fluorescent reporter proteins at 

a final concentration of 1.25 mg/mL beads. Reporter proteins were 

Alexa Fluor 647–labeled F(ab′)
2
 fragment of rabbit anti–human IgG 

Fc-specific (Jackson ImmunoResearch) used at 75 nM final in-droplet 

concentration and Alexa Fluor 488–labeled (Thermo Fisher Scientif-

ic) αIIbβ3 (purified protein, Enzyme Research) used at 30 nM final 

in-droplet concentration.

Droplet production and collection

Droplets were generated using hydrodynamic flow-focusing on a 

microfluidic chip as described previously (22). The wafer master of an 

SU-8 photoresist layer (MicroChem) with approximately 40 μm thick-

ness was manufactured using soft lithography (49) and microfluidic 

chips were fabricated using polydimethylsiloxane (Sylgard; ref. 22). 
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Statistics

The R environment v4.0.5 was used for all the analyses (50). Data 

were neither averaged nor normalized prior to analyses. Response 

variables were log
2
 converted for better adjustment to linear mod-

els. Data were fitted to a linear (quantitative response) or logistic 

(qualitative response) model that includes the variables of inter-

est, i.e., group (healthy donor or ITP classes) and sample type (SP, 

BL or BM classes), plus the patient variable nested into the group 

variable. Group and sample type interaction was added in the 

model related to Figure 2A because of the post hoc inter-variable 

contrast comparisons. Otherwise, it was removed from the models 

when the effect was not significant. Age and sex covariates were 

not incorporated, as their effects were already represented by the 

patient variable. Mixed models using the lmer() function of the 

lme4 package were used in order to consider the effect of patient 

and patient-group interaction as random. ANOVAs were per-

formed with the Anova() function of the car package. Type 3 sum 

of squares was applied because of unbalanced designs. Two-by-

two effect comparisons (contrast comparisons) were performed 

with the emmeans() function of the emmeans package. Unequal 

variance t test (Welch’s test) was used in bivariate designs, i.e., 

when data were analyzed on a single patient (Figure 1) or in the 

presence of a single value per patient (Figure 3A). In Figure 3, D–F, 

Pearson’s correlation test was performed after removal of zero 

values, log
2
 transformation, and residuals checking of the linear 

regression carried out in both ways. Statistical significance was set 

to a P value of 0.05 or less. In each figure, type I error was con-

trolled by correcting the P values according to the Benjamini & 

Hochberg method [“BH” option in the p.adjust() function of R]. 

Results are detailed in Supplemental Table 2.

Study approval

This study was conducted in compliance with the Declaration of Hel-

sinki principles and was approved by the Agence de la Biomédecine 

and the Institutional Review Boards Comité de Protection des Per-

sonnes (CPP) Ile-de-France IX (patients with ITP) and Ile-de-France 

II (healthy donor spleens). All patients with ITP provided written 

informed consent before the collection of samples.
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incubated with Zombie Violet fixable viability dye (BioLegend) and 

an antibody cocktail for 25 minutes at 4°C in the dark. Following sur-

face staining, cells were fixed/permeabilized for 30 minutes at 4°C 

in the dark with an eBioscience FoxP3 transcription factor buffer 

kit and incubated with antibodies recognizing intracellular targets 

for 30 minutes at 4°C in the dark. Samples were acquired on an LSR 

Fortessa (BD Biosciences). Data were analyzed with Kaluza soft-

ware (Beckman Coulter). A list of antibodies used in this panel can 

be found in Supplemental Table 1 and the detailed gating strategy is 

depicted in Supplemental Figure 8.
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and incubated overnight at 37°C with 5% CO
2
. Cells were removed 
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for 1 hour at room temperature with horseradish peroxidase–conju-

gated (HRP-conjugated) avidin (Vector Laboratories). HRP activity 

was further revealed using 3-amino-9-ethylcarbazole (BD Bioscienc-

es) for 8 minutes at room temperature in the dark. Spots were enu-

merated in each well with an ELISpot reader using AID software v3.5 

(AutoImmun Diagnostika).
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GENERAL DISCUSSION 

Emerging patterns from human DropMap affinity repertoires 

Our use of DropMap to monitor the ASC response following mRNA vaccination against SARS-

CoV2 is the second application of this microfluidic technique for broad ASC monitoring in 

humans128. The first use of DropMap in humans was in the autoimmune context of immune 

thrombocytopenia152. These immunological contexts and representative antigens are distinct in 

their underlying pathology and the understood mechanisms by which they promote ASC 

differentiation. Despite this, it is apparent across these two published studies as well as ongoing 

works that low to medium affinity antibodies are the norm amongst circulating ASCs and their 

affinity repertoires globally resemble pyramids with stronger affinities at their peak. DropMap is 

limited in its ability to resolve affinities below 50-100nM, which still contains many antibodies of 

physiological relevance. This emerging trend between our studies provides two major points to 

consider in the ongoing discussion surrounding affinity and B cell differentiation. 

Across both of our studies we have surprisingly observed low affinity ASCs in contexts we did 

not classically expect such cells to be generated in frequencies that could be reliably detected. 

Healthy control donors without any clinical manifestations of ITP symptoms would frequently 

possess low numbers of ASCs with weak affinities towards platelet glycoproteins152. This 

observation of apparently auto-reactive, anti-platelet IgG-SCs in multiple anatomical 

compartments, especially the bone marrow, strongly suggests that these ASCs are not transiently 

or spontaneously activated153. Whether these cells were polyreactive and had been generated 

during an earlier immune response or generated by other means is unclear. Additionally, our study 

on SARS-CoV2 mRNA vaccination found that some individuals with no known prior exposure to 

SARS-CoV2 possessed rare, low affinity RBD-targeting IgG-SCs in circulation. 

The shared trait among these observed non-canonical ASCs is their low affinities, which may 

highlight a potential flaw in current antigen-specific B cell identification methods. DropMap's 

approach capitalizes on measuring the binding equilibrium between secreted antibodies and 

antigens in a constant, confined volume132. In contrast, many B cell studies rely on labeling with 

fluorophore-conjugated antigens, followed by visualization or flow cytometry-based sorting after 

centrifugation-based washing154,155. Unlike the commercial monoclonal antibodies used in staining 

that are selected for higher affinities towards their targets, the affinity of unknown BCRs towards 
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the antigen remains uncertain. Typically taking 30-45 minutes, or potentially longer, the interval 

between sample washing and analysis for flow cytometry contrasts with the brief periods (3-15 

minutes) used for dissociation in kinetic affinity assays such as BLI or SPR, underscoring the risk 

of antigen label dissociation during this waiting period. It is therefore possible that current flow 

cytometry methods introduce a procedural affinity threshold during antigen-specific B cell 

classification, which excludes B cells with lower affinity antibodies, at least those with higher 

dissociation rates, but may still be physiologically relevant. It is unclear to what extent our current 

understanding of B cells and ASCs may be biased by the omission of lower affinity or avidity. It 

has been reported in a model of scFv yeast display that antigen-based sorting for fluorescein-

specific cells still produced a broad repertoire of affinities between 10-5 and 10-10; however, this 

study lacked validation by BLI or SPR156. The issue of antigen-specific B cell exclusion due to 

antigen-label sorting has been discussed by investigators as both a caveat to their presented 

findings42 and as a core principle of the study itself122, with the full extent of the effect unknown 

and no clear resolution to the limitation proposed. A key novelty of the study published by Viant 

et al122 in 2020 regarding affinity and B cell fates was the emphasis on unbiased assessment of B 

cells without antigen-sorting.  

We were able to perform in 2021 a limited but valuable experiment to investigate this potential 

artifact, using DropMap to assess affinity repertoires. To determine if antigen-sorting of B cells 

produced a different affinity repertoire and potentially omitted weaker affinity cells, we sorted by 

FACS memory B cells into an ASC-differentiation culture system as described previously129; from 

the same sample, a portion of cells was sorted based on RBD-binding (RBD+ Bmem) and another 

was sorted irrespective of RBD signal (Bmem) (Figure 28). We also prepared samples with either 

120 or 60 total possible clones, by sorting that number of cell per well, to compare the potential 

for sampling bias. When these Bmem-derived ASCs were assessed by DropMap, we found the 

median affinity among RBD-specific cells from the RBD+ Bmem samples to be approximately 4 

times better that of the non-antigen-sorted Bmem sample; high-to-medium affinity clones were 

still observed among non-antigen-sorted Bmem. It should be noted that this demonstration is only 

supported by 2 technical replicates, no biological replicates, and no confirmation by a more robust 

method for affinity measurement (BLI or SPR). Additionally, the expansion of clones within the 

Bmem-to-ASC culture system does not necessarily reflect the in vivo repertoire. Nonetheless this 

data suggests that antigen sorting may underrepresent lower affinity clones. It would be interesting 



175 

to perform additional controlled comparisons of the various methods for identifying and isolating 

antigen-specific B cells to perhaps identify potential artifacts relating to the measured clonal and 

functional repertoires. The insight gained may provide answers to how the differing conclusions 

regarding B cell affinity repertoires may be reconciled or explained by technical differences. 

 

Figure 28 Comparison of affinity repertoires after antigen-based sorting. Affinity measured by DropMap 

towards SARS-CoV-2 Spike RBD of ASCs derived from Bmem in vitro, either (red) sorted specifically for 

RBD+ Bmem as assessed by fluorescent antigen-labelling or (blue) nonspecifically to include any Bmem 

irrespective of antigen binding. Left: (RBD-specific) data represented with a ≥50nM cut-off. Right: (All 

ASC) data represented without restriction (calibration equation limits KD conversion to maximum of 

~98nM). 

Another interesting and non-classical feature of the ASC response that has emerged from our 

studies using DropMap is the transient appearance of higher affinity plasmablasts. The original 

description of the DropMap technique featured a characterization of affinity repertoire evolution 

in a mouse model of TT immunization132, with frequent spleen and bone marrow sampling for up 

to 49 days. Consistent with our study on human SARS-CoV2 vaccination, we found that the 

appearance of high affinity plasmablasts was mostly limited to the peak of antigen-specific 

plasmablasts emergence (Figure 29). These data diminish the notion of the B cell response 

collectively moving towards higher affinities as the immune response progresses, relating the 

appearance of high affinity ASCs to the overall magnitude of antigen-specific ASC differentiation. 

Interestingly, this may further reinforce the notion of stochasticity in plasmablast generation within 
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the GC. During influenza infection in mice, Mathew et al (2021) found plasmablast clonal diversity 

to be low after week 1, highest at the end of week 2, and then decreasing by the end of week 4 42; 

this kinetic of ASC clonal diversity follows our own affinity repertoire data during immunization 

in mice and humans. These findings are contradictory to our current understanding of B cell 

response kinetics, with the source of plasmablasts during T-dependent responses beginning as 

extrafollicular naïve B cells and Bmem that is soon joined by GC-derived plasmablasts, which are 

considered to have higher affinities that continue to increase as the GC reaction progresses. A 

reconciliation of these two observations could be explained by a relatively limited duration of the 

GC reaction, in which the appearance of higher affinity clones via affinity maturation only shortly 

precedes the diminishing of B cell proliferation. The diminishing of high affinity clones may be 

further driven by naïve B cells continuously joining the GC reaction and introducing non-affinity 

matured clones157; the proportion of late entry B cells was reported to be up to 30% of the germinal 

center participants, which may greatly outpace and overshadow high affinity clones emerging by 

affinity maturation.  
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difficult to reconcile with current understandings of the role of the BCR and affinity in ASC 

differentiation, which commonly considers obtaining medium to high affinity as a threshold. It is 

unclear to what degree these differences are attributable to technical differences during B cell 

selection, sorting, and the single cell affinity measurement method or biological differences in the 

samples assayed and the nature of the elicited immune response being studied. It would be valuable 

to continue our investigations into ASC affinity repertoires with DropPick, allowing for the clonal 

relationships between Bmem and ASC to be characterized; this could help to address the major 

outstanding question of Bmem and ASC clonal overlap between higher and lower affinities. 

It is similarly relevant to consider our own measurements of the affinity repertoires within the 

Bmem compartment using BLI on in vitro culture supernatants129–131. It is important to note that 

these measurements were performed on antigen-specific Bmem as determined and sorted 

according to antigen-based labelling, for which the potential influencing factors have been already 

discussed. During our studies on Bmem and SARS-CoV-2, we have reliably found that the Bmem 

compartment contains affinity repertoires with median affinities at least as high or higher than 

those we have measured by DropMap in any of our studies using the technique. There is the key 

factor that each affinity measurement modality will reflect its own inherent artifact arising from 

the sensitivity of the measurement and the variability of how binding analytes are handled158; KD 

determinations can vary both in consistency and absolute value depending on the technology used. 

Therefore, it is not worthwhile to directly compare these affinity repertoires of Bmem and ASCs 

measured using BLI or DropMap, respectively. It is certainly possible that by measuring both B 

cell populations using the same techniques, including ASC-derived antibodies with BLI or Bmem-

derived antibodies by DropMap (Figure 28), we may observe the same hierarchy of affinities 

between these populations. 

However, one finding of our DropMap study that is incongruent with our Bmem 

investigations129,130 is the lack of significant difference between naïve and previously infected 

individuals in either the magnitude of the ASC response or the affinity repertoire. Irrespective of 

the particularities of specific affinity measurement methods, significant variation between 

populations assessed by the same technique would be expected to be conserved when assayed by 

a similar technique. We demonstrated prior to the boost dose in recovered vaccinees a median VH 

mutation rate in Bmem over twice as that of Bmem from naïve vaccinees 2 months post-boost 
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dose129. The increased mutation rate is indicative of increased affinity maturation and our BLI 

measurements confirmed this hypothesis with a significantly increased median affinity among 

recovered-vaccinee Bmem compared to those from naïve vaccinees; a significant correlation 

between the number of VH mutations and the measured KD further reinforces this relationship. 

With the clear presence of mature, high affinity Bmem in individuals with prior SARS-CoV-2 

exposure129,159, we could hypothesize that the ASC response in recovered vaccinees would yield a 

stronger ASC response, with at least an improved median affinity; following vaccination, Bmem 

from the prior infection can encounter antigen and rapidly generate plasmablasts, expressing 

antibodies that have already undergone somatic hypermutation, which we have shown ourselves 

to improve affinity. Therefore, our observations by DropMap for a lack of significant difference 

between naïve and recovered vaccinees128 is puzzling. The previously mentioned influence of 

using different affinity measurement methods is not applicable in this case, as both recovered and 

naïve vaccinee-derived ASCs are measured by DropMap.  

It is difficult at this point to fully integrate our collective findings from DropMap into the ongoing 

discussion surrounding affinity and ASC responses, as described during the introduction. Despite 

its advantages in affinity measurement throughput, DropMap lacks the key ability to distinguish 

between the evolution and the emergence of B cell clones, which is a crucial distinction to make 

when considering the influence of affinity maturation, memory B cells, and the germinal center 

reaction in the potential explanations for variation in ASC affinity. A major motivation for the 

development of DropPick has been to bridge this gap in our functional characterization capabilities 

and the clonal repertoire dynamics revealed by single cell BCR sequencing methods. 

Open Source and Standardized Microfluidics 

DropPick offers insight into newly imaginable futures for a wide arsenal of existing assays. The 

workflow we demonstrate is highly flexible and independent of one specific machine or protocol. 

Any microscope or alternative system for imaging that is equipped with an adjustable diaphragm 

for incoming light and the capability to run user defined macros could be adapted as a platform for 

such targeted illumination. Furthermore, the method of applying our label to specify cells of 

interest is neither proprietary nor dependent on a specific means of extraction downstream, but 

rather makes use of fluorophore photoactivation that offers many opportunities. Both soluble 

photoactivatable dyes and numerous photo-switchable and photo-activatable protein families are 
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well described in the literature and available commercially. Finally, once cells of interest have 

been labelled and recovered, it is foreseeable to pass the sample through any type of cell sorter to 

be used for a wide array of downstream applications. 

Microfluidic solutions to address assay needs are currently largely divided between two sources. 

Many options are largely bespoke systems used by small communities of researchers and require 

key components to be handmade and/or operated by specialized engineers160. The solutions offered 

by academic groups are well documented and transparent with their design and methods but are 

difficult to readily incorporate by other researchers without microfluidic backgrounds. 

Alternatively, microfluidic assays are frequently offered as complex ecosystems of kits and 

machines only available from a unique supplier. Globally, microfluidic assay kits are more 

accessible options for those seeking the throughput and fidelity advantages offered by 

microfluidics, but are globally more expensive, making them out of reach to many161,162. 

Proprietary workflows are often not completely transparent, which makes it difficult for 

researchers to understand how they work, validate results, or develop new applications, and the 

lack of customization limits the flexibility and versatility of these assays. Finally, their 

development and innovation are ultimately driven by the needs of the commercial provider, which 

may not always be aligned with those of researchers. 

The ability to readily exchange consumables, reagents, and machines is a core principle of assay 

development and technical innovation, allowing for researchers to conceive of new or better ways 

to answer novel questions. Cross-compatibility and the freedom to exchange components between 

manufacturers or even intended use-cases is common in many techniques. It is commonplace for 

protocols to adopt machines or reagents from different sources to best suit individual needs; a true 

inclusion by natural selection that steers labs and research fields towards reproducible and robust 

results. 

How exactly this cross-compatible future might materialize is difficult to predict exactly. The 

building of a strong and invested community of scientists and engineers who are interested in open-

source microfluidics is critical163. Engagement with the industry partners who manufacture 

microfluidic devices and reagents will be required to achieve widespread feasibility for new groups 

to implement functional microfluidic assays. Placing an emphasis during project and funding 

planning to develop open-source hardware and software platforms for microfluidic assays can help 
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to increase the accessibility and usability of these technologies. At a minimum, multi-step 

workflows should ensure that the sample itself being assessed can be transferred to different 

applications after manipulation steps. Additional steps may include the standardization of 

consumable dimensions to allow for compatibility with existing platforms and avoiding a 

dependance on proprietary proteins or chemical pathways with the option for researchers to 

substitute and test their own reagents.  

DropPick as a concept of first performing a single cell functional assay, followed by sorting cells 

of interest, and then finally sequencing, has only scratched the surface of what perhaps is possible. 

We have described only one specific combination of these specific steps: DropMap as a functional 

assay to find cells of interest, traditional isolation by FACS, and a well-based PCR to amplify 

antibody encoding RNAs from B cells. Improved efficiency or novel applications may be achieved 

by exchanging any of these steps with other assays or machines, particularly scRNAseq 

workflows. I hope that our demonstration of this workflow may be informative to other groups 

seeking to pair their existing microfluidic or imaging-based assays with other downstream assays.  
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