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Abstract 

B cell Immunodominance refers to the phenomenon where B cells that target certain epitopes of a 
pathogen are preferentially selected among the B cells that potentially target diverse epitopes 
presented on a pathogenic protein. This phenomenon presents a challenge in the development of 
vaccines against mutable viruses like HIV, influenza, and SARS-CoV-2 which rapidly modify the 
immunodominant epitopes and render existing antibodies ineffective. Moreover, as the immune 
system preferentially targets immunodominant epitopes, functionally important and conserved 
epitopes are less targeted, which poses a barrier to the generation of broadly neutralizing antibodies.  

Computational modeling offers a valuable tool for understanding how immunodominance arises 
from the stochastic and dynamic processes of immune response. By simulating the systemic 
interactions between B cells, helper T cells, antibodies, and antigens, we can gain insights into the 
underlying mechanisms of immunodominance, thereby informing more effective vaccine design 
strategies. In this thesis, computational models are developed to investigate strategies for 
modulating B cell immunodominance in vaccinations. Experimental data from collaboration are used 
to validate model findings. 

The first project investigates engineered influenza immunogens designed to elicit cross-reactive B 
cells targeting the receptor-binding site. A computational model reveals that the efficacy of an 
immunogen in eliciting cross-reactive antibodies depends on interactions between B cell antigen 
engagement and T cell-mediated selection within germinal centers. The second project addresses the 
enhanced efficacy of a third dose of SARS-CoV-2 vaccines against the Omicron variant. Through 
computational models and human vaccination data, we find that a third dose significantly boosts 
neutralizing antibody responses by targeting less-mutated, subdominant epitopes. This is facilitated 
by pre-existing antibodies from earlier doses, which improve antigen availability and partially mask 
immunodominant epitopes. The third project seeks to optimize 'slow delivery' immunization 
schemes. Our mathematical models, developed in collaboration with experimentalists, propose a 
practical way to optimize vaccine delivery kinetics for superior T follicular helper cell and antigen-
specific germinal center B cell responses. 

Thesis Supervisor: Arup K. Chakraborty 
Title: John M. Deutch Institute Professor 
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also increase the affinity against the variant. 𝑠𝑠𝑖𝑖,𝑗𝑗𝑤𝑤𝑤𝑤  and 𝑠𝑠𝑖𝑖,𝑗𝑗𝑣𝑣𝑣𝑣𝑣𝑣  are drawn from correlated distributions 
parameterized by 𝜌𝜌, so that as 𝜌𝜌 increases, mutations that are beneficial for binding both strains become more 
common. Thus, 𝜌𝜌 represents the level of conservation of the epitope between the WT and the variant. 
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belong to the single largest lineage at 14 days after Vax 1 and Vax 2. Most of the Vax 1 GCs are already dominated 
by a single lineage at this time, in contrast to the Vax 2 GCs. (C) Number of memory cells from the same lineages, 
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shown is from a single simulation of 200 GCs. (D-F) Cross-reactivity of memory B cells derived from GCs and 
EGCs. The areas of the markers scale with the number of cells that have identical affinities. (D) GC at 1m after 
Vax 1, (E) EGC after Vax 2, (F) GC at 5m after Vax 2. Only a very small number of subdominant memory cells 
are generated after Vax 1, and they undergo limited expansion in EGC after Vax 2. In contrast, diverse 
subdominant B cells are produced in Vax 2 GCs, some of which have high affinities towards the variant.  
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2. Middle panel) If 𝑝𝑝1 increases, the ratio between GC-derived memory cells and EGC-derived memory cells 
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(A) Number of memory B cells derived from GCs at 5 months after Vax 2 that target dominant and subdominant 
epitopes, when different fractions of pre-existing memory cells generated from Vax 1 GCs were allowed to re-
enter Vax 2 GCs. (B) Fraction of memory cells derived from Vax 2 GC that are descendants of memory cells 
generated from Vax 1 and re-entered Vax 2 GC, as a function of the highest affinity of such re-activated memory 
cells. Each GC is represented by a blue dot (n=2000). The black curve shows the mean values. The fraction of 
pre-existing memory cells allowed to re-enter the secondary GCs is 0.04. 
 
Supplemental Figure 3-S5. Performance of the EGC B cell labeling method.  ............................................... 101 
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lymph node DC antigen uptake and activation. C57BL/6J mice (n=3 animals/group) were immunized with 10 
µg Cy5 dye-labled-N332-GT2 trimer and 5 µg SMNP adjuvant according to the dosing schemes shown in (G), 
and DCs in draining lymph nodes were analyzed by flow cytometry on days indicated by arrows. Shown are 
number of DCs (H), representative histograms of trimer antigen fluorescence and CD86 expression by CD11c+ 
DCs (I), and number of trimer+CD86+ DC counts over time for bolus, 2-ED, and 7-ED immunization regimens 
(J).  
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the number of trimer-binding GC B cells (O), for the different dosing regimens determined by flow cytometry 
at day 14. Shown are data from one representative of two independent experiments for each immunization 
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Chapter 1. 

Introduction 

 

1.1. Challenges of vaccination against highly mutable viruses 

Vaccination is a remarkably simple but effective solution to one of humanity’s most lethal health 

challenges: the infectious diseases. It leverages our body’s inherent ability to form immune memory 

to prepare us for future threats. Once exposed to a pathogen, the adaptive immune system undergoes 

a learning phase where antibodies and memory cells that specifically recognize that pathogen are 

generated and expanded. Vaccines mimic this natural process by introducing a modified form of the 

pathogen to the body that induces immune memory without causing the actual disease. When the 

body encounters the actual pathogen later, the immune system rapidly responds to neutralize the 

threat. The success of vaccinations has eradicated smallpox and dramatically reduced the incidence 

of lethal diseases like polio and measles. For these pathogens that have low rates of mutations, a 

single vaccine can provide lifelong immunity.  

However, many viruses employ various strategies to evade our immune defense, which present 

a complex challenge for vaccine development. Influenza and HIV are prime examples. These viruses 

are highly mutable, which enables them to rapidly evade the pre-existing immune responses formed 

by vaccination. In the case of influenza, seasonal vaccines must be reformulated and administered 

each year to match the circulating strains. Even then, mismatch between the predicted vaccine strain 

and the dominant circulating strain occur frequently. For HIV, the extremely high mutability has 

prevented the development of an effective vaccine despite decades of dedicated research1.  

A complementary strategy that a virus may use to evade immunity is to deceive the immune 

system into targeting sites that are not crucial for the virus's functionality. For example, HIV viral 

proteins decay rapidly, and the immune responses are often directed toward non-native epitopes 

that are not present in the functional native virions2,3. HIV, influenza, and SARS-CoV-2 are all adept 

at hindering the development of antibodies that can neutralize multiple strains of the virus. Broadly 

neutralizing antibodies that target functional and difficult-to-mutate sites on the viral proteins have 

been observed for these viruses, but they are exceedingly difficult to reliably induce through 

vaccination. 
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The consequences of failing to vaccinate effectively against these viruses are enormous, from loss 

of human lives to economic burden. For example, the waves of new mutants extended the COVID-19 

pandemic for over two years after the vaccine became available, leading to millions of deaths and 

substantial economic loss4. HIV has resulted in approximately 40 million deaths and continues to 

infect over a million people each year5.  

While vaccines have been successful in combating many infectious diseases, the challenges of 

vaccinating against more difficult viruses like influenza, HIV, and SARS-CoV-2 remain significant. 

Therefore, novel approaches to vaccination that can overcome these challenges are critical for global 

public health. 

 

1.2. Adaptive immune system and affinity maturation 

The hallmarks of adaptive immune system are the targeted specificity and memory. Unlike the 

innate immune system that offers fast but non-specific protection, adaptive immune system develops 

a highly specific response over several weeks to months upon the initial encounter with a pathogen. 

This process also results in the formation of immune memory that confers a specific and fast response 

when the same pathogen is encountered in the future.  

One of the key cell types involved in the adaptive immune response is the B cell, which is 

responsible for the production of antibodies. B cells originate in the bone marrow and express 

surface B cell receptors (BCRs) which can bind to specific antigens, such as pathogenic proteins and 

polysaccharides. Staggering diversity of unique BCRs exist among the naïve B cells in the body due to 

the process of V(D)J recombination. While this repertoire of B cells typically provides many good 

candidates for any given pathogen, it is also unlikely to find highly specific B cells for an almost 

infinite array of antigens from the finite number of B cells in the body.  

Therefore, upon encounter of a pathogen, the process of affinity maturation is initiated in 

secondary lymphoid organs like the lymph nodes and spleen. In these sites, antigen-presenting cells 

such as the follicular dendritic cells (FDCs) display antigen molecules on the surface for several weeks, 

protect them from degradation by proteases, and present to B cells. During the affinity maturation, 

cycles of mutation and selection refine the binding affinities of B cells. Naïve B cells that can bind to 

the given antigen with relatively high affinity are activated. The activated B cells enter the germinal 

center and undergo rapid cycles of somatic hypermutation in the BCR sequences, altering their 
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binding affinities to the antigen. The B cells with higher affinity for the antigen have increased 

capacity of internalizing antigen from the FDCs and are more likely to undergo positive selection. 

Another type of cell that plays a major role in this process is the T cell. Within the germinal centers, 

a specialized subset of T cells, known as the follicular helper T (Tfh) cells, interact with GC B cells. 

The Tfh cells selectively provide survival and proliferation signals to the GC B cells that present 

highest amounts of peptide-Major Histocompatibility Complex (pMHC) complexes. This interaction 

ensures that B cells with high binding affinities towards the antigen will preferentially expand and 

continue to mutate.  

During the process of affinity maturation, B cells continuously differentiate into memory cells and 

plasma cells. Memory cells serve as a long-term immune reservoir that can quickly respond upon re-

encounter with the same or similar antigen in the future. Plasma cells produce large amounts of 

antibodies that are released into bloodstream and lymphatic system.  

 

1.3. B cell immunodominance 

During the evolutionary process in affinity maturation, B cells with high affinities undergo clonal 

expansion, while those that fail to get positively selected undergo apoptosis. A germinal center is 

initiated by 100-200 distinct founder B cells, but over time the diversity is lost6. For example, when 

mice are immunized with germline-targeting antigen that bind with high affinity to a small fraction 

(~1 in 106) of naïve B cells, the descendants of these B cells dominated GCs by day 207. The rate at 

which diversity is stochastic and may also depend on factors such as the distribution of germline-

endowed affinities, mutational landscape, and stringency of selection6–9.  

B cell immunodominance refers to the phenomenon where certain epitopes on an antigen 

preferentially elicit a stronger B cell response than others. Understanding the B cell 

immunodominance has emerged as an important challenge, especially in the context of mutable 

viruses like influenza, SARS-CoV-2, and HIV. These viruses, with the ability to rapidly mutate many 

of their epitopes, present a unique challenge for vaccine development.  

For instance, the influenza virus has five canonical antigenic sites on its head domain (Ca1, Ca2, 

Cb, Sa, and Sb) which are highly immunodominant and highly variable10. These antigenic sites are 

most frequently targeted during natural infection and vaccination, but quickly undergo antigenic 

drift to allow the virus to escape neutralization from host immunity. This focus on the 
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immunodominant sites can overshadow and limit the antibody response to other epitopes that might 

offer longer-lasting protection, such as the receptor binding site (RBS) or the conserved stalk domain. 

Similarly, with SARS-CoV-2, despite the presence of numerous B cell epitopes on the receptor-binding 

domain (RBD) of the spike protein, certain regions have been observed to be both immunodominant 

and more mutable than others11. HIV is currently the most virus to vaccinate against. It is not only 

extremely mutable, but also has inherently unstable envelope glycoprotein (Env) trimer that rapidly 

degrades in vivo. When the unstable trimer breaks down, it reveals non-native epitopes, also referred 

to as neoepitopes. These regions are not typically exposed on the functional, fusion-competent viral 

trimer. However, they can be highly immunogenic, meaning they elicit strong immune responses. As 

a result, the immune system often produces antibodies against these neoepitopes rather than against 

the native regions that might confer broad neutralizing protection2. 

Recognizing and understanding immunodominance have profound implications for vaccine 

design. Traditional vaccination strategies often lead to strong responses against mutable or non-

neutralizing regions of a virus. To combat mutable and difficult viruses effectively, it will be beneficial 

to divert the immune response from these immunodominant but less protective regions to more 

conserved and functionally relevant areas. By engineering vaccines that can change B cell 

immunodominance, it will be possible to guide the immune system to target these conserved regions, 

resulting in broader and more durable protection. 

 

1.4. Thesis Outline 

In this thesis, we present three projects that address the problems of B cell immunodominance 

outlined above. The thesis integrates materials from two first-authored publications by the author 

and one co-first-authored manuscript currently in development. Chapter 2 and 3 are reproductions 

of reference12 and reference13, respectively, with minor modifications in formatting. Chapter 4 is a 

reproduction of a manuscript currently in submission for review.  

In Chapter 2, we develop computational model to explore how the designs of immunogens 

interact with GC biology to establish or subvert immunodominance. We focus on two designed 

influenza immunogens aimed at eliciting B cells to target the receptor-binding site with cross-

reactivity across multiple strains. These immunogens were designed by collaborators and tested in 

mice. Our computational analysis combined with the experimental observation indicates that an 
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immunogen's ability to elicit cross-reactive antibody production hinges on the interplay between B 

cell antigen engagement and T cell-driven selection within germinal centers.  

In Chapter 3, we explore how repeated immunization can relax B cell immunodominance 

hierarchy to elicit increased subdominant responses towards conserved epitopes. This project was 

motivated by the observation that the third dose of SARS-CoV-2 mRNA vaccine, containing the 

original Wuhan strain, elicited much higher neutralizing antibody titer against the highly mutated 

Omicron variant. Using computational model and clinical antibody data, we propose that the antigen 

presentation dynamics play a key role in modulating immunodominance hierarchy.  

In Chapter 4, we explore how “extended priming” can amplify humoral immune response. 

Specifically, we investigate its ability to induce superior response targeting native antigens during 

immunization with HIV Env trimers, which is typically subdominant compared to non-native 

epitopes.  Using an iteration of mathematical models and immunization experiments in mice, we 

introduce a practical strategy for vaccine delivery, ensuring better T follicular helper cell and antigen-

specific germinal center B cell reactions. 

 

1.5. Statements on Collaboration 

The three projects presented in this thesis benefited from fruitful collaborations with 

experimental collaborators. 

The work on modeling the B cell response to designed influenza immunogens in Chapter 2 was 

carried out in collaboration with Dr. Tim Caradonna who was a graduate student in Aaron Schmidt 

Group at Harvard.  Dr. Caradonna led the experimental efforts for synthesizing and characterizing 

immunogens, and obtaining mice immunization data obtained that was used to corroborate the 

insights from the model.  

The work on modeling the response to SARS-CoV-2 vaccination in Chapter 3 was carried out in 

collaboration with Dr. Matthew Van Beek who was a graduate student in the Chakraborty Group. This 

work also benefited from collaboration with experimental researchers from The Rockefeller 

University, led by Dr. Zijun (Vinci) Wang from Michel Nussenzweig Group. They performed the 

measurements of monoclonal antibody IC50 values against SARS-CoV-2 viruses that were used to 

validate the model predictions.  
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The work on modeling the immune response to slow delivery of antigen in Chapter 4 was carried 

out in collaboration with Dr. Sachin Bhagchandani who was a graduate student in Darrell Irvine 

Group at MIT. He led the experimental work of mice immunizations and characterizations of their 

responses. Iterations of experiments and modeling enabled the progress described in this work.  
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Chapter 2.  

Mechanisms that promote the evolution of cross-reactive antibodies 
upon vaccination with designed influenza immunogens 

 

2.1. Summary 

Immunogens that elicit broadly neutralizing antibodies targeting the conserved receptor-binding 

site (RBS) on influenza hemagglutinin may serve as candidates for a universal influenza vaccine. Here, 

we develop a computational model to interrogate antibody evolution by affinity maturation after 

immunization with two types of immunogens: a heterotrimeric ‘chimera’ hemagglutinin that is 

enriched for the RBS epitope relative to other B cell epitopes, and a cocktail composed of three non-

epitope-enriched homotrimers of the monomers that comprise the chimera. Experiments in mice 

(Caradonna et al.) find that the chimera outperforms the cocktail for eliciting RBS-directed antibodies. 

We show that this result follows from an interplay between how B cells engage these antigens and 

interact with diverse helper T cells, and requires T cell-mediated selection of germinal center B cells 

to be a stringent constraint. Our results shed light on antibody evolution and highlight how 

immunogen design and T cells modulate vaccination outcomes.  

 

2.2. Introduction 

The mutability of viruses like human immunodeficiency virus (HIV) and influenza poses a major 

public health challenge. No effective vaccine is available for HIV, and seasonal variation of influenza 

requires annual vaccine reformulation. Additionally, the severe acute respiratory syndrome 

coronavirus 2 (SARS-CoV-2) is rapidly evolving variants that reduce the efficacy of current vaccines, 

thus raising the possibility that booster shots may be required periodically1,2. Developing vaccines 

that can induce broadly neutralizing antibodies (bnAbs) against highly mutable pathogens could 

address these challenges. BnAbs can neutralize diverse mutant strains by targeting relatively 

conserved regions on viral surface-exposed proteins. Although bnAbs for both HIV3–5 and influenza6–

8 have been identified, their natural development is typically rare and delayed.9,10 Therefore, 

significant efforts are devoted to designing immunogens11–13 or vaccination regimens14,15 that may 

elicit bnAbs with the ultimate goal of creating so-called “universal” vaccines. The complexity of this 
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challenge has also motivated several theoretical and computational studies focused on the 

mechanisms underlying bnAb evolution.16–26 

Upon natural infection or vaccination, antibodies are elicited through a Darwinian evolutionary 

process called affinity maturation.27 Naive B cells that express a B cell receptor (BCR) with sufficiently 

high affinity for an antigen, such as a viral protein, can seed germinal centers (GCs). GC B cells 

multiply and diversify their BCRs through somatic hypermutation, and subsequently interact with 

the antigen presented on follicular dendritic cells (FDCs). GC B cells internalize varying amounts of 

antigen based on the binding affinity of their BCRs to the cognate antigen and then display peptides 

derived from the antigen complexed with class II MHC molecules (pMHC complexes) on their 

surfaces.28 These B cells compete to interact with helper T cells. Productive interactions result in a 

positive selection that leads to proliferation and mutation, while failure to obtain sufficient help 

signal triggers B cell apoptosis. Many rounds of mutation and selection ensue, resulting in a 

progressive increase in B cell binding affinity; some B cells differentiate into memory B cells and 

plasma cells that produce antibodies.29 

BnAb evolution is rare upon natural infection for at least two reasons. First, the frequency of 

germline B cell precursors that target conserved epitopes is low.30 Many germline B cells that target 

highly variable regions on the antigen can co-seed GCs and ultimately outcompete rare B cells that 

recognize the conserved epitope during affinity maturation.31 Second, the conserved epitope-

directed B cell precursors may acquire “specializing” mutations and lose their breadth of coverage 

during affinity maturation.16,32,33 Specialization can occur if the BCR binding footprint is larger than 

the exposed conserved region on the antigen epitope, which is true for both HIV and influenza RBS 

epitopes.32,34 In this case, the BCR can develop strong interactions not with the conserved residues 

but with the variable residues surrounding them. Therefore, an engineered immunogen that 

selectively enriches rare B cell precursors for the conserved epitope and also guides them to acquire 

mutations that promote high breadth is necessary for eliciting bnAbs. 

Here, we develop a computational model to study the mechanisms that influence the evolution of 

influenza RBS-directed B cells during affinity maturation. Toward this goal, we study the relative 

efficacy of RBS-directed B cell evolution upon vaccination with two different types of designed 

immunogens.35 Both immunogens are “resurfaced” hemagglutinin (rsHA) immunogens, where the 

RBS epitope of H1 A/Solomon Islands/03/2006 (H1 SI-06) is grafted onto antigenically distinct H3, 

H4, and H14 hemagglutinin (HA) head scaffolds (Fig. 2-1A) 36. The first type of immunogen is an rsHA 

trimeric ‘chimera’, a cystine-stabilized rsH3-rsH4-rsH14 heterotrimer each presenting the same H1 
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SI-06 RBS epitope; due to the antigenic distance between the H3, H4, and H14 scaffolds, the RBS 

epitope is enriched relative to all other epitopes.37 The second type is a cocktail of non-epitope-

enriched homotrimers of each rsHA; this cocktail contains the same rsHA monomers as the chimera 

but as homotrimers rather than a single heterotrimer.  

Caradonna et al. report that immunization with the chimera and cocktail immunogens in mice 

both elicit cross-reactive RBS-directed B cells, but the chimera qualitatively outperforms the 

cocktail35. Our computational results reveal the mechanism underlying this result. By studying these 

complex immunogens, we show how the outcome of GC processes is determined by the interplay of 

multiple factors: how B cells engage with these immunogens and internalize antigen, the diversity of 

helper T cells that GC B cells can interact with, and the stringency of helper T cell-mediated selection. 

We find that upon immunization with the cocktail of homotrimers, only the cross-reactive B cells can 

interact with T cells of diverse specificities, while the strain-specific B cells must rely on a restricted 

set of helper T cells. In contrast, upon immunization with the chimeric heterotrimer, both cross-

reactive and strain-specific B cells can interact with T cells of diverse specificities. So, intuition may 

lead us to the conclusion that immunization with the cocktail of homotrimers should perform better 

than the chimeric heterotrimer at promoting the evolution of cross-reactive B cells. The experiments 

show that the opposite is true. This is because, upon immunization with the chimera, the cross-

reactive B cells internalize far more antigen than the strain-specific B cells in the early GCs, while 

these two types of B cells internalize similar amounts of antigen upon immunization with the cocktail. 

We show that the chimera performs better as a result of more effective antigen internalization 

coupled with helper T cells stringently discriminating between B cells based on the amount of pMHC 

displayed. 

Previously, Gitlin et al. showed that T cell help is a stringent constraint on the selection of GC B 

cells,38 while another study suggested that this was not so.39 Our finding that T cell help must be a 

stringent constraint on B cell evolution in the GC helps resolve this debate. Furthermore, these data 

highlight the importance of immunogen design and helper T cells in determining vaccination 

outcomes and suggest that modulating these effects is necessary to elicit influenza RBS-directed B 

cells with breadth.   
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Figure 2-1. Schematics of the study design. (A) Schematic of the two rsHA immunogen designs: the cocktail 
of three rsHA homotrimers, and the heterotrimeric ‘chimera’. (B) Classifications of the GC B cells based on 
their target epitopes as RBS-directed or off-target, and based on their breadths as cross-reactive or strain-
specific; an RBS-directed B cell can bind three, two, or one of the rsHA components and an off-target B cell can 
only bind one of the three components. (C) Schematics of how a mutation can alter the breadth of an RBS-
directed B cell. (D) Fraction of affinity-changing mutations in the simulations that are beneficial for one or 
two specific rsHA components, or all three. Interchanging the specific rsHA components referred to in the 
panel yields the same result. (E) Schematics of the affinity maturation simulation, and three general possible 
outcomes of the GCs. The most desirable outcome is that the rare RBS-directed B cells are expanded, and the 
descending B cells are cross-reactive. (F) Schematics that summarize how the designs of the two immunogens 
affect the abilities of cross-reactive and strain-specific B cells to capture antigen and compete for T cell help. 
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2.3. Results 

  2.3.1. Model development 

 Overview of the model  

We simulate GC reactions induced by either the cocktail or the chimera immunogens, described 

above and in Caradonna et al.35 The GC B cells that bind to these antigens are classified as either “RBS-

directed” or “off-target”. The three HA scaffolds are antigenically distinct; the sequence homologies 

between the rsHA components are ~58.4% (rsH3-rsH4), ~60.5% (rsH3-rsH14), and ~72.5% (rsH4-

rsH14). These values are comparable to or lower than the HA sequence homology of ~70.8% 

between a pandemic influenza strain and a previous strain (H1N1 A/California/4/2009 and H1N1 

A/Solomon Islands/3/2006), and are much lower than the typical sequence homology resulting from 

antigenic drift (e.g., ~95.4% between H1N1 A/New Caledonia/20/1999 and H1N1 A/Solomon 

Islands/3/2006). Therefore, while it may not be impossible for off-target B cells to develop cross-

reactivity towards multiple rsHA components, such cases are likely very rare. In our model, we 

assume an off-target B cell is always strain-specific and can only target one of the rsHA components 

(Fig. 2-1B). 

An RBS-directed B cell can potentially target all three components because of the similarities of 

the resurfaced RBS regions. However, because the grafted RBS is smaller than the typical footprint of 

a BCR, we account for the fact that RBS-directed B cells must contact peripheral residues that are 

variable. Thus, different RBS-directed B cells may have different breadths in our model, as 

summarized in Fig. 2-1B. A mutation changes the binding free energies of an RBS-directed B cell for 

the three rsHA components differently (Fig. 2-1C). These changes are drawn from a positively 

correlated probability distribution to account for the similarities of the RBS regions. Yet, some 

mutations will be beneficial for binding to one or two rsHA components and deleterious for the others 

(Fig. 2-1D). As affinity maturation progresses, the affinities of an RBS-directed B cell for the three 

components can vary and even fall below the recognition threshold for some components.  

Fig. 2-1E describes the process that occurs in germinal centers. Because off-target germline B 

cells outnumber the RBS-directed germline B cells,32,40 we seed each GC with 99 off-target B cells and 

1 RBS-directed B cell, making the total founder number representative of GCs in mice.41 Each off-

target B cell is randomly designated a single rsHA target at the beginning of the simulation. To model 

the GC dynamics in mice, founder B cells divide four times without mutation, and then, the 

competitive phase of affinity maturation lasts for 28 cycles, or ~14 days.29,42 These B cells undergo 
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cycles of antigen capture and competition for T cell help. In each cycle, B cells that fail positive 

selection are subsequently removed from the GC via apoptosis. Additionally, ~10 % of positively 

selected B cells stochastically differentiate into memory and plasma cells and exit the GC. The 

remaining positively selected B cells divide twice,43 and one daughter cell mutates in each division.44  

In this study, we ask how the design of an immunogen affects its ability to expand the RBS-

directed B cells in GCs and to shepherd them to acquire mutations that confer cross-reactivity. 

Undesirable alternative outcomes are that RBS-directed B cells become outcompeted by off-target B 

cells, or that they become strain-specific by acquiring specializing mutations (Fig. 2-1E). The chimera 

and cocktail immunogens give advantages to cross-reactive B cells over strain-specific B cells in 

different ways during the antigen capture and T cell help steps, as summarized in Fig. 2-1F. The 

chimera antigen presented on the FDC during the antigen capture step can form multivalent clusters 

with cross-reactive B cells but not with strain-specific B cells. This is because a cross-reactive RBS-

directed B cell can bind to a single chimera molecule with up to three BCRs, but a strain-specific B 

cell can bind to a single chimera molecule with, at most, one BCR. Then, during the competition for T 

cell help, both cross-reactive and strain-specific B cells that capture the chimera can present peptides 

from all three rsHA components (Fig. 2-1F).  

In contrast, after cocktail immunization, both cross-reactive B cells and strain-specific B cells can 

engage a single antigen trimer with multiple BCRs, and thus form multivalent clusters between BCRs 

and antigen molecules. However, the strain-specific B cells can only recognize a third of the total 

antigen molecules. Then, during the competition for T cell help, only the cross-reactive B cells present 

peptides from multiple rsHA components, while strain-specific B cells only present the peptides from 

the single component that they target (Fig. 2-1F).  

 

Initial condition and mutation of B cells 

The initial free energy of binding (or affinity) is set to be Ea for the target rsHA component for the 

off-target B cells. For simplicity, the RBS-directed precursors are assumed to initially bind all three 

components with affinity, Ea. The absolute value of Ea does not affect the results because all other free 

energies are scaled to this reference. We choose Ea = -13.8 kBT, where kB is the Boltzmann constant 

and T is the temperature (~300 K), because it corresponds to a dissociation coefficient, Kd, of 1 µM, 

which is approximately the threshold for naive B cell activation.45 
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A mutation is either fatal, silent, or affinity-changing with probabilities of 0.3, 0.5, and 0.2, 

respectively.46 The PINT database shows that affinity changes of protein-protein interfaces upon 

mutations are more likely to decrease than to increase the binding affinity.47 We describe this data 

using a shifted log-normal distribution; for an off-target B cell, i, the free energy change due to 

mutation is given by:  

 

Δ𝐸𝐸𝑖𝑖 = 𝑒𝑒𝜇𝜇+𝜎𝜎𝜎𝜎 − 𝛿𝛿 (1) 

where Y is a standard normal random variable, and µ, σ, and δ are parameters chosen so that 

about 5% of the mutations are beneficial.16,18 

For RBS-directed B cells, a mutation changes the binding affinities towards the rsHA components 

differently. However, the marginal distribution of affinity change towards any one component should 

be equivalent to that of an off-target B cell mutation. To model this, we draw three random numbers 

𝑦𝑦� = [y1, y2, y3], one for each component, from a multivariate Gaussian distribution with the mean of 

zero and the covariance matrix of Λ, as follows: 

𝑦𝑦� ~ 
exp (− 1

2𝑦𝑦�
𝑇𝑇Λ−1𝑦𝑦�)

�(2𝜋𝜋)3|Λ|
 (2) 

where Λ = �
1 𝜌𝜌 𝜌𝜌
𝜌𝜌 1 𝜌𝜌
𝜌𝜌 𝜌𝜌 1

�.  Choosing the correlation, ρ, to be smaller than 1 allows us to study the effects 

of the mutations that make B cells specialize to a subset of rsHA components. For a given RBS-

directed B cell, i, each sampled number, yj, corresponding to the rsHA component, j, is then converted 

to the free energy change due to mutation, ΔEij, for this variant analogous to Eq. 1 as follows:   

Δ𝐸𝐸𝑖𝑖𝑖𝑖 = 𝑒𝑒𝜇𝜇+𝜎𝜎𝑦𝑦𝑗𝑗 − 𝛿𝛿 (3) 

We chose ρ = 0.7; we have also carried out calculations with ρ = 0.4 and the qualitative findings 

are not affected by this change. In Eq. 2, by using symmetric Λ, we treat the antigenic differences 

between the RBS epitopes of the three rsHA components to be equidistant. Since the RBS is grafted 

on to the scaffold, the variations among the RBS epitopes should be smaller than the differences 

between the scaffolds, and not directly correlated to them. For simplicity, and because the qualitative 

findings of the study do not depend on changing 𝜌𝜌, we use the same value for each pair.  
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Antigen capture by B cells 

GC B cells extract antigens from the surfaces of FDCs using mechanical pulling forces.28,48 The B 

cell synapse interacting with an FDC is modeled as a 2-dimensional circle divided into lattice points 

occupied by antigen molecules and BCRs.49,50 BCRs and antigen molecules are initially randomly 

distributed on the lattice. The lattice spacing is 10 nm, which is of the same order as the collision 

radius of BCR and ligand.50 During the clustering phase, BCR and antigen molecules diffuse freely and 

attempt to bind when they are within one lattice point (see METHODS for details). The probability of 

success is: 

𝑝𝑝𝑜𝑜𝑜𝑜 = 1 − e−𝑞𝑞𝑜𝑜𝑜𝑜∆𝑡𝑡 ∙ [𝐸𝐸𝑖𝑖𝑖𝑖 ≤ 𝐸𝐸𝑎𝑎] (4) 

 

where the Iverson bracket sets the minimum affinity required for binding to be Ea, which is equal to 

the initial B cell affinity, and 

𝑞𝑞𝑜𝑜𝑜𝑜 = 𝑞𝑞𝑜𝑜𝑜𝑜0 𝑛𝑛𝑎𝑎𝑎𝑎𝑎𝑎𝑛𝑛𝑒𝑒𝑒𝑒 (1) 

represents the steric factor. This factor is determined by narm, the number of free BCR arms (between 

0 and 2); nep, the number of free cognate BCR epitopes on the antigen (between 0 and 3); and the 

basal rate 𝑞𝑞𝑜𝑜𝑜𝑜0 = 10 s-1. With Δt = 5 × 10-4 s, which is the characteristic time scale of diffusion over the 

lattice, this basal rate results in the successful binding probability of pon = 5 × 10-3. This number 

approximately accounts for the entropic penalty of aligning two molecules. 

An established antigen-BCR bond (labeled, i below) breaks with probability, 

 

𝑝𝑝𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 = 1 − e−𝑘𝑘𝑖𝑖

𝑜𝑜𝑜𝑜𝑜𝑜∆𝑡𝑡  (6) 

where 𝑘𝑘𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜  is its off-rate. Assuming the activation barrier for bond formation is negligible compared 

to the binding free energy, the off-rate is related to binding free energy by: 

 

𝑘𝑘𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜 = 𝑘𝑘0

𝑜𝑜𝑜𝑜𝑜𝑜 𝑒𝑒𝐸𝐸𝑖𝑖𝑖𝑖/𝑘𝑘𝐵𝐵𝑇𝑇 . (7) 
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where Eij is the binding free energy of BCR, i, for antigen, j, and 𝑘𝑘0
𝑜𝑜𝑜𝑜𝑜𝑜  = 106 s-1.45  

 

 

Figure 2-2. Effect of immunogen design on antigen capture by B cells. (A) Schematics of the force-based 
antigen extraction by a strain-specific B cell. For the chimera, the only two possible configurations of antigen 
and BCR interactions are shown. For the cocktail, an example among many possible configurations of BCR-
antigen clusters is shown. For the heterotrimeric chimera, one antigen molecule can be bound by only one BCR, 
so the pulling force on the antigen-FDC bond is always equal to the pulling force on the antigen-BCR bond. For 
the homotrimer molecules in the cocktail, multiple BCRs can pull on the same cognate antigen molecule so that 
greater force accumulates on the antigen-FDC bond. (B) Amount of antigen captured as a function of antigen-
BCR binding affinity. For the cross-reactive B cell, when the binding affinity towards all three rsHA components 
is equal is shown. (C) Histogram of the forces on antigen-FDC bonds when either the cocktail or the chimera 
antigen molecules are extracted by a strain-specific B cell of low affinity (-14.8 kBT). Panels B and C were 
constructed by taking the mean value from 30 simulations. See also Fig. 2-S1. 

 

Our simulations result in the formation of antigen-BCR clusters, dependent on the cross-reactivity 

of the B cell and the design of the antigen. The clustering is followed by antigen internalization 

through mechanical pulling. We assume that antigen molecules are tethered to the FDC membrane 

with a binding free energy of -19 kBT, which makes antigen capture most sensitive to affinity change 

in Kd of 1 – 0.01 µM range, but affinity ceiling is reached when Kd << 1 nM.45 A pulling force of 8 pN is 

applied to each BCR,28 which is transferred to the antigen-BCR bonds and the antigen-FDC bonds,51 

as schematically shown in Fig. 2-2A. If a BCR is bound to 2 antigen molecules, the force is divided 

equally by the two arms of the BCR. For a given antigen molecule, the force applied to its antigen-FDC 

bond is the sum of forces applied by all the BCR arms bound to it. The off-rates of both antigen-FDC 

and antigen-BCR bonds increase with the applied force52: 



37 

 

𝑘𝑘𝐹𝐹
𝑜𝑜𝑜𝑜𝑜𝑜 = 𝑘𝑘𝑜𝑜𝑜𝑜𝑜𝑜 × exp �

𝑥𝑥𝑏𝑏𝐹𝐹
𝑘𝑘𝐵𝐵𝑇𝑇

� 

 

(8) 

where 𝑘𝑘𝐹𝐹
𝑜𝑜𝑜𝑜𝑜𝑜  is the off-rate under force, F is the force and xb is the bond length, taken to be 1 nm.53 

When an antigen-BCR bond breaks, the BCR goes into a refractory state, which prevents instant 

rebinding with the same antigen.53 The duration is taken to be 0.1 s, which is much greater than the 

antigen diffusion timescale of 5 × 10-4 s (see METHODS). At the end of each time step, any BCR or 

antigen-BCR cluster that is not connected to the FDC is internalized. 

 

  2.3.2. Antigen capture depends on immunogen design and cross-reactivity of B cells 

Fig. 2-2B shows the total amount of antigen captured as a function of BCR binding affinity for 

cross-reactive and strain-specific B cells, capturing the cocktail or the chimera immunogen. Notably, 

neither immunogen design is better at conferring an advantage to RBS-directed B cells in capturing 

antigens across the entire affinity range. At low affinity, representative of the early GC, the advantage 

of cross-reactive B cells over strain-specific B cells is greater for the chimera. At high affinity, the 

opposite is true.  

At low affinity, antigen availability is not limiting, and the amount of antigen captured is largely 

determined by the forces imposed on the antigen-FDC bonds by the BCRs bound to the antigen 

molecules. A strain-specific B cell can engage a homotrimeric antigen in the cocktail with multiple 

BCRs, but not the chimera (Fig. 2-1F and 2-S1A). Therefore, the forces on the antigen-FDC bonds are 

typically higher for the homotrimeric antigen bound by strain-specific B cells compared to the 

chimera bound by such cells. This point is illustrated quantitatively using results from our 

simulations. At the low B cell affinity of -14.8 kBT, successful extraction of homotrimers in the cocktail 

frequently results from high forces on antigen-FDC bonds (Fig. 2-2C), enabled by clustering of 

antigens and BCRs. When multiple BCRs pull on the same antigen, the force on the antigen-FDC bond 

is greater than the force on each of the antigen-BCR bonds (Fig. 2-2A), so the off-rate of the former 

is relatively increased. The maximum possible force of 24 pN is realized when three BCRs are bound 

to one antigen, each contributing 8 pN of force. Using Eq. 8, the off-rate for the antigen-FDC bond 

increases by ~300-fold if an antigen is bound by three BCRs, while the off-rate for each antigen-BCR 

bond increases by ~7-fold. For the strain-specific B cells capturing the chimera, however, the force 

on the antigen-FDC bond is always equal to the force on a single antigen-BCR bond because only one 
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BCR can bind to an antigen (Fig. 2-2A). Thus, the pulling forces do not increase the relative off-rate 

of the antigen-FDC bond compared the antigen-BCR bonds. This is why low-affinity strain-specific B 

cells internalize smaller amounts of the heterotrimeric antigen than homotrimeric antigen (Fig. 2-

2B). For both types of immunogens, cross-reactive RBS-directed B cells can bind an antigen molecule 

with multiple BCRs (Fig. 2-1F and Fig. 2-S1B). So, at low affinity, these cells capture a larger amount 

of antigen relative to strain-specific B cells for the chimera and a similar amount of antigen for the 

cocktail (Fig. 2-2B).  

For high BCR affinity, the cross-reactive B cells capture more antigen than the strain-specific B 

cells do when interacting with the cocktail of homotrimers (Fig. 2-2B). Beyond a certain affinity, the 

amount of antigen captured plateaus for the cocktail; this plateau corresponds to the B cell binding 

affinity approaching the antigen-FDC bond energy of -19 kBT. As a result, B cells capture most of the 

cognate antigens they encounter (Fig. 2-2B). Consequently, antigen availability becomes a limiting 

factor, and cross-reactive B cells are favored because they can bind all antigens while strain-specific 

B cells only recognize about a third of the antigen molecules presented in the cocktail. For the chimera, 

however, all antigen molecules can be internalized successfully even with monomeric bonds at very 

high affinity, so the advantage of cross-reactive B cells is small. 

The results of antigen capture shown were obtained from simulations with 120 BCRs and 120 

antigen molecules in the immune synapse. The multivalent antigen-BCR clustering behaviors are well 

manifested at this number (Fig. 2-S1B). Changing these numbers does not change the qualitative 

trends of antigen capture (Figs. 2-S1C, 2-S1D), because they are the results of qualitative differences 

in the ways B cells and antigens engage based on their types, as described above.  

 

  2.3.3. Cross-reactive B cells evolve more readily upon immunization with the chimera if 
T cell help is a stringent constraint for the positive selection of GC B cells 

After antigen capture, B cells compete for positive selection by helper T cells by presenting the T 

cell epitopes that are derived from the internalized antigen. The homotrimeric cocktail allows only 

cross-reactive B cells to capture diverse rsHA components, while the nature of the chimeric design 

allows both cross-reactive and strain-specific B cells to internalize all three components (Fig. 2-3A). 

Thus, after immunization with the chimera, all B cells will compete for diverse T cells and the 

differences in competitive advantages will be based on the amounts of antigen captured. However, if 

the T cell epitopes contained in each rsHA variant are distinct sets, then upon immunization with the 
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cocktail, only the cross-reactive B cells can interact with diverse T cells while strain-specific B cells 

can only interact with a subset of the T cells (Fig. 2-3A). This is because each T cell is specific for its 

epitope, and a single mutation within a TCR epitope or flanking sites can abrogate recognition.54–57  

 

Figure 2-3. Effect of immunogen design on 
selection by T cells. (A) Schematics showing 
the differences between how cross-reactive and 
strain-specific B cells interact with helper T 
cells. For immunization with the chimera, both 
strain-specific and cross-reactive B cells 
present pMHCs from all three rsHA components, 
but the cross-reactive B cells capture much 
more antigen. For the cocktail immunization, 
only the cross-reactive RBS-directed B cells 
present pMHCs derived from multiple rsHA 
components, but the amount of antigen 
captured is not sufficiently different. (B-C) 
Pairwise comparison of computationally 
predicted helper T cell epitopes in the rsHA 
components. Each axis corresponds to the 
ranks of the top 20 percentile predicted 15-mer 
T cell epitopes, derived from the three rsHA 
components. (B) Number of conserved residues 
in pairwise comparisons of the 9-mer cores of 
the predicted epitopes. (C) Number of 
conserved residues in pairwise comparisons of 
the P2, P5, P7 and P8 residues of the 9-mer 
cores. See also Table 2-S1, Figure 2-S2. 

 

 

 

 

The rsHA components use antigenically distinct scaffolds derived from different subtypes, which 

results in large antigenic distances between the overall proteins (except for the RBS epitope). The 

large antigenic distance between the scaffolds raises the possibility that the components in the 

cocktail carry distinct T cell epitopes.  
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We used the Immune Epitope Database and Analysis Resource (IEDB) MHCII binding prediction 

tool to analyze the predicted T cell epitopes in the H3, H4, and H14 rsHA components (Table 2-S1).58–

62 Mice immunized with the cocktail or the chimera immunogens were mixed 129/Sv and C57BL/6 

mice. Therefore, we used the I-Ab MHC allele to ask whether the T cell epitopes contained in the three 

HA components were distinct. None of the predicted 15-mer peptides that ranked in the top 20 

percentile against randomly generated peptides were fully conserved in two different variants. When 

we relaxed the comparison criteria to just the 9-mer cores, still only two pairs were conserved in two 

different variants (Fig. 2-3B). We further focused on the identity of just P2, 5, 7, and 8 of the cores, 

which are the most likely TCR-contacting residues for the I-Ab haplotype.63 Still, only five pairs were 

conserved in all pairwise comparisons (Fig. 2-3C). In mice with I-Ab haplotype, B cells that capture 

rabbit serum albumin and human serum albumin (76% sequence homology) do not compete with 

each other due to mutations in T cell epitopes.64 For this rabbit and human serum albumin, we found 

3 pairs of conserved 9-mer cores and 3 pairs of conserved peptides 2, 5, 7, and 8 in both proteins, 

which is comparable to the resurfaced HA components (Fig. 2-S2). Therefore, we conclude that the 

components of the cocktail likely contain distinct T cell epitopes. We account for this feature in our 

simulations by keeping track of which antigens a B cell internalizes, and partitioning helper T cells 

into three distinct groups based on their specificity for epitopes derived from each of the rsHA 

components. The number of T cells in each group is the same. 

T cells make numerous short contacts with diverse B cells.65 For each contact, there is a small 

chance of it being a productive encounter, which increases with the amount of peptide presented.66 

It is conjectured that positive selection likely requires several productive encounters.67 Therefore, 

the amount of help a B cell receives will increase with the number of encounters with cognate T cells, 

which is determined by the types of pMHC it presents, the number of cognate T cells, and the number 

of competing B cells. Therefore, we represent the probability of positive selection of a B cell i as 

follows: 

 

𝑃𝑃𝑖𝑖 = 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚 
∑ � 𝑇𝑇𝑘𝑘𝑁𝑁𝐵𝐵,𝑘𝑘

� ∙ � 𝐴𝐴𝑘𝑘𝑘𝑘⟨𝐴𝐴𝑘𝑘⟩
�
𝜒𝜒

𝑘𝑘  

1 + ∑ � 𝑇𝑇𝑘𝑘𝑁𝑁𝐵𝐵,𝑘𝑘
� ∙ � 𝐴𝐴𝑘𝑘𝑘𝑘⟨𝐴𝐴𝑘𝑘⟩
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 (9) 

where Aki is the amount of the HA component k internalized by the B cell i; 〈Ak〉 is the mean amount 

of HA component k internalized by the B cells that recognize this component; NB,k is the number of 
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such B cells; and Tk is the number of T cells that target the epitopes from the HA component k, which 

we assume to be equal for all variants. The maximum probability of selection, Pmax, accounts for the 

fact that GC B cells are inherently apoptotic irrespective of BCR affinity.68 We can consider Pmax to be 

the chance of avoiding the default fate of apoptosis: 1 – Papoptosis. We chose Pmax = 0.6 as it results in 

good correspondence between the timescales of our model results and experiments; other values 

were also tested, and the qualitative result does not change. 

An important feature of the model is the exponent χ; larger values of it imply T cell help depends 

more stringently on the amount of pMHC presented. If χ is less than 1, small differences (e.g., 2-fold) 

in pMHC displayed on two B cells would have a relatively small effect on selection outcome, whereas 

if χ is greater than 1, such small differences would likely lead to the selection of the B cell that displays 

more pMHC. 

 Figure 2-4. Model predictions and experimental 
results for the expansion and evolution of cross-
reactive B cells upon immunization with the 
cocktail or the chimera immunogen. (A) Fraction 
of GC B cells that are RBS-directed as a function of 
time in the simulations. Changing the stringency of T 
cell selection have opposite effects for immunization 
with the chimera or the cocktail immunogen. (B) 
Fraction of RBS-directed B cells that are cross-
reactive. When selection by T cells is permissive 
(𝜒𝜒 < 1), the cocktail outperforms the chimera for 
evolving cross-reactive B cells. The opposite is true 
for stringent selection (𝜒𝜒 ≥ 1). (C) Fraction of GC B 
cells that are RBS-directed and cross-reactive in 
early and late GCs. Model predictions for varying 
levels of T cell selection stringency are compared 
with the results of mice immunization experiments. 
All fractions were calculated after combining B cells 
from 1,000 independent stochastic simulations. See 
also Fig. 2-S3. 
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Fig. 2-4A shows predictions of our model upon immunization with the chimeric and cocktail 

immunogens for the temporal evolution of the fraction of GC B cells that evolve from the initial RBS-

directed B cell precursors; i.e., B cells that have acquired higher binding affinities than the precursors. 

A striking feature of these results is that, for immunization with the chimera immunogen, the 

evolution of RBS-directed B cells becomes increasingly more efficient as T cell selection becomes 

more stringent (larger values of χ); but for immunization with the cocktail immunogen, the opposite 

is true. Fig. 2-4B shows the fraction of evolved RBS-directed B cells that are cross-reactive towards 

at least two rsHA components in the immunogens. A low value indicates that RBS-directed B cells 

tend to specialize to only one component. Our model predicts that cross-reactive mutants evolve 

more readily upon immunization with the cocktail when T cell help is permissive, but with the 

chimera when T cell help is stringent. The cocktail improves in selecting cross-reactive B cells in late 

GC if T cell help is stringent, because of the advantages in antigen capture at high affinity (Fig. 2-2B). 

However, by day 14 only a small fraction (12 % for x = 1.5) of the simulated GCs still have any RBS-

directed B cell (Fig. 2-S3A). So, our model predicts that cross-reactive RBS-directed B cells will evolve 

more readily upon immunization with the chimera compared to the cocktail if T cell help is a stringent 

constraint for the positive selection of B cells. Fig. 2-S3B and 2-S3C show that this qualitative trend 

is not changed when ρ is changed to 0.4 or when Pmax is changed to 1. 

In Fig. 2-4C, we compare the model predictions with the experimental findings by Caradonna et 

al. for the fraction B cells that are RBS-directed and cross-reactive in early and late GCs after 

immunization with either type of immunogen.35 This data represents the combined objectives of 

expanding rare RBS-directed B cells (Fig. 2-4A) and shepherding them to accumulate cross-reactive 

mutations (Fig. 2-4B). We assume days 8 and 15 post-immunization in experiments correspond to 

days 2 and 9 of GC, since GC initiation typically takes about 6 days.69 While Caradonna et al. report 

the value as a fraction of all IgG+ GC B cells, because our model does not consider background GC B 

cells that do not bind to any rsHA, we only consider the B cells that bind to at least one rsHA 

component from the experimental data. The qualitative trends in the data are not affected by the 

background B cells.  

The experiments show a qualitatively higher frequency of cross-reactive RBS-directed B cells in 

GCs on both day 8 and day 15 after immunization with the chimera.35 These experimental results are 

consistent with our predictions when T cell help is stringent but not when it is permissive. The model 

predicts that, if the T cell help is stringent (χ ≥ 1), a higher fraction of GC B cells will be RBS-directed 

and cross-reactive after immunization with the chimera than with the cocktail (Fig. 2-4C). If χ = 1, 
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3.8% of B cells in day 2 GCs are RBS-directed and cross-reactive after chimera immunization and 1.5% 

after the cocktail immunization. On day 9, the numbers are 14% for the chimera and 5.5% for the 

cocktail. In contrast, if T cell help is permissive (χ < 1), the cocktail favors the evolution of cross-

reactive B cells. For example, if χ = 0.4, 3.1% of B cells in day 2 GCs are RBS-directed and cross-

reactive after cocktail immunization and 1.7% after the chimera immunization; the same trend is 

true at day 9 (39% for the cocktail and 7.2% for the chimera). We emphasize that what is important 

is not the precise numbers noted above, but that the qualitative trend of which type of immunogen 

promotes the evolution of RBS-directed cross-reactive antibodies is opposite for stringent versus 

permissive selection by helper T cells. The model predictions have the same trend as the 

experimental data when T cell help is a stringent constraint. Therefore, we conclude that T cell help 

stringently depends on pMHC density. We also note that even under the most stringent selection 

tested (χ = 1.5), stochasticity in evolution allows for clonal heterogeneities inside individual GCs (Fig. 

2-S3D)41 and broad affinity distribution of B cells both within and across GCs (Fig. 2-S3E),40 

consistent with previous findings in the literature. 

 

  2.3.4. Mechanism for why T cell selection stringency promotes cross-reactive B cell 
evolution for the chimera immunogen, but not the cocktail 

 

Events that occur in the early GC are critically important for the RBS-directed precursors as they 

are few in number and could be easily extinguished due to stochastic effects. For the chimera 

immunogen, cross-reactive RBS-directed B cells can bind to the antigen multivalently while strain-

specific B cells cannot, so the former can capture significantly more antigen than the latter in the 

early stages of the GC reaction (Fig. 2-2). Thus, to promote the evolution of RBS-directed B cells, their 

principal advantage over off-target B cells (more antigen captured) must be amplified by the 

selection force. This advantage is amplified if positive selection by helper T cells discriminates 

stringently based on the amount of captured antigen, as this favors the selection of the cross-reactive 

B cells. Indeed, our simulation results show that the probability that RBS-directed precursors are 

positively selected in the early GC grows with the value of χ upon immunization with the chimera 

(Fig. 2-5A). If RBS-directed B cells are more readily positively selected in the early GC, they multiply 

more and thus have a higher chance of acquiring the rare mutations that confer breadth. Such an 

effect of an early advantage affecting future fate has been observed in evolving asexual populations.70 
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Consistent with this expectation, simulation results under stringent T cell selection show that upon 

immunization with the chimera, rare mutations that confer breadth are quickly found in the 

population (Fig. 2-5B). The resulting cross-reactive cells are then selected for and proliferate 

because they have a large advantage in antigen capture, which translates to a high probability of 

selection by T cells (Fig. 2-5C).  

Figure 2-5. Potential mechanism of how T cell 
selection stringency affects expansion and 
evolution of RBS-directed B cells. (A) Selection 
probability of the RBS-directed B cell precursor at 
GC initiation as a function of T cell help stringency. 
(B) Average number of unique mutations that occur 
in a GC in the first 5 days which increase the 
affinities of RBS-directed B cells towards multiple 
rsHA components. In panels A and B, the effects of T 
cell selection stringency are opposite for 
immunizations with the cocktail and chimera. (C-F) 
Positive selection probabilities of unique RBS-
directed B cell mutants in day 5 GCs, simulated 
under either stringent T cell selection (C and E) or 
permissive T cell selection (D and F) conditions 
after immunization with either the chimera (C and 
D) or the cocktail (E and F). The mutants are 
classified based on how many rsHA components 
they can bind (from one to three). 

 

 

 

 

Specializing mutations occur frequently for RBS-directed B cells, but such mutations result in a 

loss of cross-reactivity and this inhibits antigen capture. When selection is stringent, this 

disadvantage in the amount of antigen captured is magnified during selection. In early GCs (day 5), 

when selection is stringent (χ = 1.5), the median selection probability of the RBS-directed B cells that 

bind all three rsHA components and that of the B cells that bind only one are 0.49 and 0.17, 

respectively (Fig. 2-5C). When selection is permissive (χ = 0.4), the corresponding values are 0.40 

and 0.30 (Fig. 2-5D). Therefore, while mutations generate strain-specific RBS-directed B cells in both 

cases, these mutated B cells are more heavily disfavored when selection is stringent. These reasons 
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promote cross-reactive B cell evolution upon immunization with the chimera if T cell selection is a 

stringent constraint. 

For immunization with the cocktail immunogens, the difference in the amounts of antigen 

captured by low-affinity cross-reactive and strain-specific B cells is small in the early GC when 

antigen is not limiting (Fig. 2-2B). Therefore, increasing the stringency of how positive selection 

probability depends on the amount of antigen captured will not favor the cross-reactive B cells. The 

predominant difference between the cross-reactive and strain-specific B cells in the early GC is that 

only the former can capture diverse types of rsHA components so it can be positively selected by T 

cells with diverse epitope specificities, while the latter seeks help from only a part of the repertoire 

of helper T cells. Cross-reactive B cells are promoted if this difference helps them during T cell 

selection. If selection stringency is permissive, each encounter with a cognate helper T cell will give 

a similar chance of receiving positive selection signals. Cross-reactive B cells will encounter cognate 

T cells more frequently by capturing diverse epitopes, and despite the lower pMHC density of each 

epitope, the total probability of receiving help will be greater than strain-specific B cells that capture 

a similar total amount of antigen. Mathematical analysis of Eq. 9 (see METHODS) shows that this is 

true when χ < 1. Consistent with this analysis, our simulation results show that the selection 

probability of RBS-directed precursor in the early GC increases with decreasing χ (Fig. 2-5A). The 

enhanced early selection probability allows RBS-directed B cells to more readily evolve future cross-

reactive mutations (Fig. 2-5B). The cross-reactive mutants have a distinct advantage over strain-

specific mutants when selection is permissive and therefore selectively accumulate, but not when 

selection is stringent (Fig. 2-5E-F). This is because, for less stringent selection, the ability of cross-

reactive B cells to get positively selected by interacting with diverse T cells is amplified. 

 

2.4. Discussions 

Eliciting bnAbs is a necessary step towards a universal influenza vaccine that confers protection 

against seasonal variants and pandemic-causing novel strains. Influenza RBS is a promising target 

for bnAbs, but germline B cell precursors that target the RBS are rare relative to off-target sites,32 and 

affinity-matured RBS-directed B cells often have low breadth because they strongly interact with the 

variable residues within their footprints.37,71 Thus, vaccination strategies to amplify the rare RBS-

directed B cell precursors and shepherd their mutation pathways toward high breadth are required. 

Here, we study the evolution of cross-reactive B cells that target the conserved HA RBS upon 
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immunization with either a heterotrimeric RBS-enriched chimera or a cocktail of three homotrimeric 

rsHAs.35 Toward this end, we developed a computational model of affinity maturation upon 

vaccination with the chimera and cocktail immunogens. Our analyses of the pertinent processes and 

simulation results (Figs. 1-5) provide mechanistic insights into the factors that influence antibody 

repertoire development upon vaccination with different types of immunogens. 

We identify two important variables: the valency with which the antigen is bound to BCR, and the 

diversity of antigens captured by B cells. If cross-reactive B cells engage antigen multivalently, and 

strain-specific B cells cannot, as is true for the chimera (Fig. 2-2), then stringent selection of GC B 

cells by helper T cells promotes cross-reactive B cell evolution (Figs. 4 and 5). If the diversity of 

antigens captured is the principal difference between cross-reactive and strain-specific B cells, as is 

true for the cocktail (Figs. 2 and 3), then selection stringency must be permissive to promote the 

evolution of cross-reactive B cells (Figs. 4 and 5). Because cross-reactive B cells are more enriched 

in mice immunized with the chimera immunogen, we conclude that the positive selection of B cells 

by helper T cells is a stringent constraint during GC reactions. Thus, our studies provide fundamental 

mechanistic insights on the role of T cell help during affinity maturation,39–41,43,72 which will help 

improve vaccine design. 

Our result suggests that one promising future direction would be to further optimize antigen 

valency using nanoparticles and epitope enrichment, to maximize the difference between the antigen 

capture capabilities of cross-reactive and strain-specific B cells. Furthermore, we show that stringent 

selection by T cells will maximize the efficacy of such immunogens. Many nanoparticle-based 

immunogens that aim to optimize antigen capture by cross-reactive B cells have large non-native 

protein cores13,73–75, which can contain many highly immunogenic helper T cell epitopes76. Yet, the 

understanding of how this addition might affect the selection by helper T cells and the efficacy of the 

designed immunogens is currently lacking. Our study highlights the need for a better understanding 

of this relationship.  

Alternatively, our model predicts that if T cell selection is permissive, a cocktail of antigens with 

distinct T cell epitopes can be highly effective at eliciting cross-reactive B cells. There is evidence that 

some T follicular helper cells are of higher “quality” than others, that is, they can maintain a greater 

GC B cell/T follicular helper cell ratio.77,78 This observation suggests that such helper T cells may have 

more frequent productive encounters with B cells while being less stringent regarding the amounts 

of pMHC presented by the B cells, consistent with permissive selection in our model. This hypothesis 

can be tested by combining adoptive transfer of T cells and graded delivery of peptides to GC B cells.38 
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Alternatively, it has been suggested that upregulating key surface adhesion molecules on T cells such 

as SAP and SLAM may make them more potent helpers.79 Such a method has been successfully 

demonstrated for dendritic cells and macrophages80 and could be applied to T cells to study its effect 

on selection stringency. Finally, we can ask whether increasing the total number of T cells affects the 

stringency of selection by the individual T cells, which can be tested by the adoptive transfer of 

different numbers of T cells. The answer will depend on the mechanisms of selection by the T cells. 

Testing these hypotheses to further improve our computational model and immunogen designs will 

shed light on basic questions in immunology and vaccine design. 

Our results are generalizable for other epitope targets. First, when amplification of rare B cells 

that target a conserved epitope is the goal, and second, when a selective accumulation of mutations 

that confer high breadth is needed. However, it will be also necessary to consider the constraints of 

the specific target. For example, for HIV CD4 binding site bnAbs, germline-targeting immunogens are 

usually first used to amplify the rare germline precursors81. The approaches presented in this study 

can be applied for shepherding the mutations required for these precursor B cells to evolve into 

bnAbs. This is because strain-specific variable residues shield the CD4 binding site, making the 

exposed conserved target smaller than typical BCR footprints34. For the stem epitope of influenza, 

the shepherding step may not be as important because the conserved region is large82. However, the 

steric hindrance for B cells to bind to this target is also a critical consideration for an effective 

immunogen design83. Thus, an interesting future direction may be to study how the design principles 

outlined by our study can be incorporated with other design constraints specific to various targets of 

bnAbs. 

 

2.5. Methods Details 

Affinity maturation simulation algorithm 

As described in section 2.3.1. Model development, we simulate in-silico germinal centers in 

which B cells capture antigen and then compete for help by T cells in each cycle, for 28 cycles. The 

stochastic GC simulation is repeated 1,000 times. We keep track of the following quantities: the 

number of GC B cells that target each epitope (rsH3, rsH4, or rsH14 off-target B cells or RBS-directed 

B cells), the binding affinities of the GC B cells, the mutations that are carried by the RBS-directed B 

cells, and the probabilities of positive selection of RBS-directed B cells at each round. For reporting 
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the RBS-directed B cell fractions (see Figure 4), all B cells from the 1,000 GCs are first pooled together, 

and then the fraction is calculated. 

The amounts and types of antigens captured by the B cells are determined by simulating the 

immunological synapse between the B cell and the FDC. BCRs first cluster with antigens, then 

internalize them by applying force (see sections 2.3.1. Model development and 2.3.2. Antigen 

capture depends on immunogen design and cross-reactivity of B cells). Then, the probability of 

positive selection by T cells is determined based on the amount and diversity of the antigens 

captured by the B cell, relative to other competing B cells (see Eq. 9 and the associated description 

in the text). We provide further detail and analyses of these steps below.  

 

Simulation of antigen capture 

The immunological synapse is modeled as a circle of radius 0.5 μm divided up into lattice points 

with an interval of 10 nm that can be occupied by the antigens and BCRs. No two homotypic molecules 

are allowed on the same lattice site, but a BCR and an antigen molecule can occupy the same site. To 

begin the simulation, 120 BCRs and 120 antigen molecules are randomly distributed on the lattice 

sites. During the clustering phase, BCR and antigen molecules diffuse freely. In each time step, each 

molecule randomly chooses one of the four neighboring sites, then moves to it with the probability 

of, 

𝑝𝑝𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 =
4𝐷𝐷∆𝑡𝑡
𝑙𝑙2

 

 

(10) 

where 𝐷𝐷 = 5 × 104 𝑛𝑛𝑚𝑚2𝑠𝑠−1 is the diffusion constant for both antigen and BCR50 and 𝑙𝑙 = 10 𝑛𝑛𝑛𝑛 

is the lattice size. For clusters of BCRs and antigens, only those containing up to 3 molecules are 

allowed to diffuse and the diffusion coefficient is reduced to 𝐷𝐷/𝑀𝑀  where 𝑀𝑀  is the number of 

molecules in a cluster.84 The move is completed if the new sites are not blocked for the diffusing 

molecules. If any of the new sites are already occupied or are outside the boundary of the 

immunological synapse, the move is not accepted and the simulation continues to the next step.  

When the distance between a BCR and an antigen molecule is either 0 or 1 lattice site, they can 

form a bond, as described in the text. When several free epitopes on the antigen molecules are 

recognized by the BCR, one is randomly chosen upon binding. The sizes of clusters stabilize within a 

few seconds of simulation time (data not shown), so we simulate the clustering phase for 10 seconds.  
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When the extraction phase begins, BCRs and any antigen molecules bound to them stop diffusing, 

but free antigen molecules still diffuse. A pulling force is applied to each BCR, which affects the 

antigen extraction as described in the text (see Equations 6-8). The simulation terminates once all 

BCRs are internalized, and the number and types of internalized antigen molecules are calculated. 

The simulation of antigen capture is computationally intensive, so repeating it for thousands of B 

cells for each round of affinity maturation is impractical. Therefore, we first run the antigen capture 

simulations to determine the mapping between the binding affinities of a B cell and the amount of 

antigen it captures, then use this mapping to quickly determine how much antigen each B cell 

captures during the affinity maturation simulations. To obtain the mapping for a strain-specific B cell, 

we run 30 independent simulations of antigen capture for each value of binding affinity between 

−13.8  and −20.8 𝑘𝑘𝐵𝐵𝑇𝑇  with an interval of 0.5 𝑘𝑘𝐵𝐵𝑇𝑇 . The mean amount of antigen captured is 

determined at each point. This affinity range covers the limits of B cell affinities relevant in our 

affinity maturation simulation. The amount of antigen captured by a B cell is determined from 

standard linear interpolation using the two nearest points to its binding affinity. For the RBS-directed 

B cells, we run the antigen capture simulations for a set of grid points on a three-dimensional grid, 

where each axis corresponds to the binding affinity towards one rsHA component, ranging between 

−13.8 and −20.8 𝑘𝑘𝐵𝐵𝑇𝑇 with an interval of 0.5 𝑘𝑘𝐵𝐵𝑇𝑇. The amount of antigen captured by a given B cell is 

obtained from a standard trilinear interpolation using the eight nearest points. 

 

Selection by T cells 

The text describes how the probability of positive selection by T cells depends on both the amount 

and the diversity of the captured antigens (see Equation 9). Here, we provide a mathematical analysis 

of why immunization with the cocktail antigen favors cross-reactive B cells in the early GC when T 

cell help is permissive, but not when it is stringent (see Figure 4). 

The low-affinity RBS-directed B cell precursor and off-target B cells capture similar amounts of 

total antigen. For simplicity, let us assume that the amounts of antigen captured are equal. That is, 

𝐴𝐴1 + 𝐴𝐴2 + 𝐴𝐴3 = 𝐴𝐴1,𝑜𝑜𝑜𝑜𝑜𝑜  where 𝐴𝐴1,𝐴𝐴2,𝐴𝐴3 > 0 are the amounts of the three variants captured by an 

RBS-directed B cell, and 𝐴𝐴1,𝑜𝑜𝑜𝑜𝑜𝑜 is the amount captured by an off-target B cell that, without loss of 

generality, is assumed to target only the first variant. 
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Eq. 9 is a monotonically increasing function of the numerator ∑ � 𝑇𝑇𝑘𝑘
𝑁𝑁𝐵𝐵,𝑘𝑘

� ∙ � 𝐴𝐴𝑘𝑘𝑘𝑘⟨𝐴𝐴𝑘𝑘⟩
�
𝑥𝑥

𝑘𝑘 . Therefore, to 

understand how the positive selection probability of the RBS-directed B cell compares with that of 

the off-target B cell, we will compare 𝑞𝑞𝑅𝑅𝑅𝑅𝑅𝑅 , defined as  ∑ � 𝑇𝑇𝑘𝑘
𝑁𝑁𝐵𝐵,𝑘𝑘

� ∙ � 𝐴𝐴𝑘𝑘𝑘𝑘⟨𝐴𝐴𝑘𝑘⟩
�
𝑥𝑥

𝑘𝑘  and 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜 , defined as 

� 𝑇𝑇1
𝑁𝑁𝐵𝐵,1

� �𝐴𝐴1,𝑜𝑜𝑜𝑜𝑜𝑜

⟨𝐴𝐴1⟩
�
𝑥𝑥

. 

In our model, we assume that equal numbers of T cells target the epitopes from each of the three 

rsHA variants. That is, 𝑇𝑇1 = 𝑇𝑇2 = 𝑇𝑇3 . Also, each off-target B cell is randomly assigned the target 

variant with equal probability. Since there is a relatively large number of founder B cells (99 off-

target B cells), we can approximate that the number of B cells that capture each variant are equal, i.e. 

𝑁𝑁𝐵𝐵,1 = 𝑁𝑁𝐵𝐵,2 = 𝑁𝑁𝐵𝐵,3.  

Also, the mean amount of antigen 𝑘𝑘 internalized by B cells that recognize antigen 𝑘𝑘, 〈𝐴𝐴𝑘𝑘〉, is equal 

for all 𝑘𝑘  at the beginning of the GC because all B cells have the same affinity. Since GCs contain 

thousands of B cells, this equality also holds well due to symmetry even when B cells begin to mutate, 

at least in early GCs. Taken together, the following equality holds. 

𝑞𝑞𝑅𝑅𝑅𝑅𝑅𝑅
𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜

=
� 𝑇𝑇1𝑁𝑁𝐵𝐵,1

� � 𝐴𝐴1⟨𝐴𝐴1⟩
�
𝑥𝑥

+ � 𝑇𝑇2𝑁𝑁𝐵𝐵,2
� � 𝐴𝐴2⟨𝐴𝐴2⟩

�
𝑥𝑥

+ � 𝑇𝑇3𝑁𝑁𝐵𝐵,3
� � 𝐴𝐴3⟨𝐴𝐴3⟩

�
𝑥𝑥

� 𝑇𝑇1𝑁𝑁𝐵𝐵,1
� �
𝐴𝐴1,𝑜𝑜𝑜𝑜𝑜𝑜
⟨𝐴𝐴1⟩

�
𝑥𝑥 =

𝐴𝐴1𝑥𝑥 + 𝐴𝐴2𝑥𝑥 + 𝐴𝐴3𝑥𝑥

𝐴𝐴1,𝑜𝑜𝑜𝑜𝑜𝑜
𝑥𝑥 =

𝐴𝐴1𝑥𝑥 + 𝐴𝐴2𝑥𝑥 + 𝐴𝐴3𝑥𝑥

(𝐴𝐴1 + 𝐴𝐴2 + 𝐴𝐴3)𝑥𝑥 

 

To show that the RBS-directed B cells are favored for positive selection when T cell help is 

permissive, we will prove the following inequality: 

𝐴𝐴1𝑥𝑥 + 𝐴𝐴2𝑥𝑥 + 𝐴𝐴3𝑥𝑥 > (𝐴𝐴1 + 𝐴𝐴2 + 𝐴𝐴3)𝑥𝑥      𝑖𝑖𝑖𝑖 0 < 𝑥𝑥 < 1 

Consider the function 𝑓𝑓(𝑎𝑎1,𝑎𝑎2,𝑎𝑎3) = 𝑎𝑎1𝑥𝑥 + 𝑎𝑎2𝑥𝑥 + 𝑎𝑎3𝑥𝑥 −  (𝑎𝑎1 + 𝑎𝑎2 + 𝑎𝑎3)𝑥𝑥  defined for positive real 

numbers 𝑎𝑎1,𝑎𝑎2,𝑎𝑎3. The partial derivatives are always positive if 0 < 𝑥𝑥 < 1: 

𝜕𝜕𝜕𝜕
𝜕𝜕𝑎𝑎𝑖𝑖

= 𝑥𝑥𝑎𝑎𝑖𝑖𝑥𝑥−1 − 𝑥𝑥(𝑎𝑎1 + 𝑎𝑎2 + 𝑎𝑎3)𝑥𝑥−1 > 0  𝑓𝑓𝑓𝑓𝑓𝑓 𝑖𝑖 = 1,2,3 

because 𝑎𝑎𝑖𝑖 < 𝑎𝑎1 + 𝑎𝑎2 + 𝑎𝑎3 and 𝑥𝑥 − 1 < 0. 

Assume that there exists 𝐴𝐴1,𝐴𝐴2,𝐴𝐴3 > 0 such that 𝑓𝑓(𝐴𝐴1,𝐴𝐴2,𝐴𝐴3) = 𝑠𝑠 ≤ 0. Then, for any 𝑎𝑎1,𝑎𝑎2,𝑎𝑎3 

such that 𝑎𝑎1 ∈ (0,𝐴𝐴1), 𝑎𝑎2 ∈ (0,𝐴𝐴2),𝑎𝑎3 ∈ (0,𝐴𝐴3), the following inequality must be true:  
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𝑓𝑓(𝑎𝑎1,𝑎𝑎2, 𝑎𝑎3) < 𝑓𝑓(𝐴𝐴1,𝐴𝐴2,𝐴𝐴3) = 𝑠𝑠 ≤ 0 

However, 𝑓𝑓 is a continuous function and lim
𝑎𝑎1→0,𝑎𝑎2→0,𝑎𝑎3→0 

𝑓𝑓(𝑎𝑎1,𝑎𝑎2, 𝑎𝑎3) = 0. Therefore, there must 

exist 𝛿𝛿 > 0 such that  

|𝑓𝑓(𝑎𝑎1,𝑎𝑎2,𝑎𝑎3) − 0| < |𝑠𝑠|   𝑓𝑓𝑓𝑓𝑓𝑓 𝑎𝑎𝑎𝑎𝑎𝑎 𝑎𝑎1,𝑎𝑎2,𝑎𝑎3 ∈ (0, 𝛿𝛿) 

which is contradictory.  

Therefore, 𝑞𝑞𝑅𝑅𝑅𝑅𝑅𝑅 > 𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜  when 𝑥𝑥 < 1 , and by simple extension, 𝑝𝑝𝑚𝑚𝑚𝑚𝑚𝑚𝑞𝑞𝑅𝑅𝑅𝑅𝑅𝑅
1+𝑞𝑞𝑅𝑅𝑅𝑅𝑅𝑅

> 𝑝𝑝𝑚𝑚𝑚𝑚𝑚𝑚𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜
1+𝑞𝑞𝑜𝑜𝑜𝑜𝑜𝑜

. That is, 

despite capturing the same amount of antigen, the RBS-directed B cell has a higher probability of 

positive selection because of capturing diverse T cell epitopes. By similar analysis, it can be shown 

that when 𝑥𝑥 > 1 the opposite is true, and the RBS-directed B cells have a lower probability of positive 

selection.  

 

T cell epitope prediction and comparison 

T cell epitopes in the rsH3, rsH4, and rsH14 antigens (Fig. 2-3) as well as in the rabbit serum 

albumin and human serum albumin (Fig. 2-S2) are predicted with IEDB MHCII binding prediction 

tool. For the comparison of rabbit serum albumin and human serum albumin, we excluded the 

peptides whose 9-mer core sequences were also found in mouse serum albumin, since such peptides 

would not be immunogenic in mice.64 The following settings are used: Prediction Method – IEDB 

recommended 2.22; Select species/locus – mouse, H-2-I; Select MHC allele – H2-I-Ab; Select length – 

15. The predicted peptides are sorted by the percentile rank given by the IEDB tool, and the peptides 

in the top 20 percentile are chosen for the pairwise comparisons of the epitopes in different variants. 

This value corresponds to roughly ~3000 nM predicted half-maximal inhibitory concentration (IC50) 

value. We choose this cutoff to be comprehensive because most immunogenic MHC II T cell epitopes 

have an IC50 value under 1,000 nM.85 The 9-mer cores associated with the peptides, predicted by the 

smm_align method, are then used for the pairwise comparisons.  
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2.6. Supplemental Figures and Tables 

 

Figure 2-S1. Related to Figure 2-2. Antigen capture by B cells. (A) Examples of antigen-BCR clustering in 
immunological synapses from the simulations of antigen capture. The simulation shows that after the 
chimera immunization, a strain-specific B cell binds to most of the antigen molecules in the synapse, but 
cannot form multivalent antigen-BCR clusters. After the cocktail immunization, it binds to only the  cognate 
molecules but forms multivalent antigen-BCR clusters. A cross-reactive B cell bind to most antigen molecules 
in the synapse and form multivalent antigen-BCR clusters after immunization with either of the immunogens.  
(B) Clustering of Ag molecules when the number of Ag molecules in the immunological synapse is varied and 
the number of BCRs is ratio between them is 1. The fraction of Ag molecules that exist in clusters of at least 3 
Ag molecules is shown. The data is from 30 simulations of immunological synapse between an FDC 
presenting the chimera immunogen and a cross-reactive B cell that binds all three rsHA components with the 
affinities of -14.8 𝑘𝑘𝐵𝐵𝑇𝑇. (C-D) Amount of antigen captured as a function of Ag-BCR binding affinity when the 
numbers of Ag and BCR molecules in the immunological synapse are varied. 
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Figure 2-S2. Related to Figure 2-3. Effect of antigen design on selection by T cells. (A-B) Pairwise 
comparison of computationally predicted helper T cell epitopes in rabbit serum albumin and human serum 
albumin. Each axis corresponds to the ranks of the top 20 percentile predicted 15-mer T cell epitopes. (A) 
Number of conserved residues in pairwise comparisons of the 9-mer cores of the predicted epitopes. (B) 
Number of conserved residues in pairwise comparisons of the P2, P5, P7 and P8 residues of the 9-mer cores. 
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Figure 2-S3. Related to Figure 2-4. Evolution of RBS-directed B cells in Germinal Centers. (A) Fraction 
of GCs from 1000 simulations that contain at least one RBS-directed B cell. When selection by T cells is 
permissive, RBS-directed B cells survive in most GCs after immunization with the cocktail, while they slowly 
become extinct in an increasing number of GCs after immunization with the chimera. When selection is 
stringent, RBS-directed B cells rapidly become extinct in many GCs after immunization with the cocktail. They 
survive in most GCs after immunization with the chimeric antigen for the first several days, then, since affinity 
increases quickly and the advantage of cross-reactivity decreases in late GCs, some GCs lose the RBS-directed 
B cells. (B-C) The fraction of GC B cells that are RBS-directed when the parameters ρ and Pmax are changed, 
showing the same qualitative trend as the main result in Figure 4. (B) ρ is 0.4, instead of 0.7. (C) Pmax is 1, 
instead of 0.6. (D-E) Heterogeneities among 1000 GC simulations on day 9, when T cell selection is stringent 
(x = 1.5), resulting from stochasticity in evolution. (D) Histogram of the fraction of GC B cells that belong to 
the single most dominant clonal lineage. The GCs show varying degrees of homogenization. (E) Histogram of 
the highest and lowest affinity of the B cells that are concurrently positively selected on day 9 from each GC. 
There is a ~10 fold affinity difference among positively selected B cells within the same GCs, which is 
represented by the difference between the two peaks. Across all the GCs, B cells with an even wider range of 
affinities are concurrently positively selected.  
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Table 2-S1. Related to Figure 2-2. MHC II Binding T Cell Epitopes Predicted by Computational Tools. 
The 15-mer epitopes are grouped based on the 9-mer cores. Peptides in top 20 percentile rank are shown, 
corresponding to roughly 3000 nM predicted half maximal inhibitory concentration (IC50) value. The 
prediction was made by MHCII binding prediction tool using IEDB recommended 2.22 method, for the mouse 
MHC H2-IAb allele.  

rsH3 rsH4 rsH14 
Core Peptide Rank Core Peptide Rank Core Peptide Rank 
FNWTGVTQN NNESFNWTGVTQNGV 1.6 FQWSTVTQN IAEEFQWSTVTQNGV 2.8 FTWNGVTVD IAEQFTWNGVTVDGV 5.85 

 NESFNWTGVTQNGVS 1.65  FIAEEFQWSTVTQNG 2.9  AEQFTWNGVTVDGVS 6.15 

 ESFNWTGVTQNGVSA 1.7  AEEFQWSTVTQNGVS 3.1  EQFTWNGVTVDGVSA 6.4 

 FNNESFNWTGVTQNG 1.7  EEFQWSTVTQNGVSA 3.2  FIAEQFTWNGVTVDG 7.1 

 SFNWTGVTQNGVSAS 3.4  EFQWSTVTQNGVSAS 4.25  QFTWNGVTVDGVSAS 9.9 

 FNWTGVTQNGVSASC 4.9 EEFQWSTVT EFIAEEFQWSTVTQN 3 EQFTWNGVT EFIAEQFTWNGVTVD 7.05 
ESFNWTGVT EFNNESFNWTGVTQN 1.8 VSASCSRAN TQNGVSASCSRANVS 3.35 YVKQGSLML CPKYVKQGSLMLATG 9.75 
ITPNGSIPN KSECITPNGSIPNDK 6.75  QNGVSASCSRANVSD 3.75  NCPKYVKQGSLMLAT 10.4 

 CKSECITPNGSIPND 8.2  VTQNGVSASCSRANV 4.15  PKYVKQGSLMLATGG 10.9 

 SECITPNGSIPNDKP 8.25  NGVSASCSRANVSDF 4.5  KYVKQGSLMLATGGA 15.5 

 ECITPNGSIPNDKPF 9.25  GVSASCSRANVSDFF 9.05  GNCPKYVKQGSLMLA 15.8 

 CITPNGSIPNDKPFQ 13.7  VSASCSRANVSDFFN 13  YVKQGSLMLATGGAG 19.5 

 ITPNGSIPNDKPFQN 16 VTQNGVSAS TVTQNGVSASCSRAN 4.05 KNGLYGPIN TGKNGLYGPINVTKE 10.2 
YASLRSLVA DVPDYASLRSLVASS 6.8  FQWSTVTQNGVSASC 5.45  LTGKNGLYGPINVTK 14 

 VPDYASLRSLVASSG 6.8  STVTQNGVSASCSRA 7.3  WLTGKNGLYGPINVT 16.5 

 YDVPDYASLRSLVAS 7.2  WSTVTQNGVSASCSR 8.55 YLWGVHHPS VRLYLWGVHHPSNIG 10.5 

 PDYASLRSLVASSGT 7.3  QWSTVTQNGVSASCS 9.85  RLYLWGVHHPSNIGD 11.1 

 YASLRSLVASSGTLE 9.3 LNTAVPIGS STILNTAVPIGSCVS 8.7  YVRLYLWGVHHPSNI 11.4 

 DYASLRSLVASSGTL 9.4 AVPIGSCVS TILNTAVPIGSCVSK 9.25  LYLWGVHHPSNIGDQ 14 
VTQNGVSAS WTGVTQNGVSASCSR 8.05  ILNTAVPIGSCVSKC 11.5  YLWGVHHPSNIGDQR 16.3 

 TGVTQNGVSASCSRR 8.1  LNTAVPIGSCVSKCH 13.5  SYVRLYLWGVHHPSN 17.5 

 NWTGVTQNGVSASCS 9.25 WGVHHPPNI ARLYIWGVHHPPNIG 9.3 YGPINVTKE GKNGLYGPINVTKEN 11.9 

 GVTQNGVSASCSRRS 12.6  RLYIWGVHHPPNIGD 10.4  KNGLYGPINVTKENT 12.7 

 VTQNGVSASCSRRSS 14.5  LYIWGVHHPPNIGDQ 11.6  NGLYGPINVTKENTG 19.5 
SECITPNGS KCKSECITPNGSIPN 8.15  YIWGVHHPPNIGDQR 13.4 VTVDGVSAS FTWNGVTVDGVSASC 14 
PDYASLRSL PYDVPDYASLRSLVA 8.55 TILNTAVPI QKKSTILNTAVPIGS 11 FNSIGNLIA IIFNSIGNLIAPRGH 15.5 
KNGLYPALN TGKNGLYPALNVTMP 8.85  KSTILNTAVPIGSCV 11.7  SIIFNSIGNLIAPRG 15.5 

 LTGKNGLYPALNVTM 9.8  KKSTILNTAVPIGSC 11.9  DSIIFNSIGNLIAPR 16 

 WLTGKNGLYPALNVT 11  SQKKSTILNTAVPIG 15  GDSIIFNSIGNLIAP 16.5 
GLYPALNVT GKNGLYPALNVTMPN 10.6 YIWGVHHPP YARLYIWGVHHPPNI 13.5 SIIFNSIGN PGDSIIFNSIGNLIA 16.5 

 KNGLYPALNVTMPNK 10.8 IFIERPTAV EWDIFIERPTAVDTC 15.5 VFIERPTAM TWDVFIERPTAMDTC 16.5 
YPALNVTMP NGLYPALNVTMPNKE 11  WDIFIERPTAVDTCY 16  TTWDVFIERPTAMDT 17 
LNVTMPNKE GLYPALNVTMPNKEQ 12.5  AEWDIFIERPTAVDT 16.5  WDVFIERPTAMDTCY 17.5 

 LYPALNVTMPNKEQF 18  GAEWDIFIERPTAVD 17.5  DTTWDVFIERPTAMD 18.5 
SLVASSGTL ASLRSLVASSGTLEF 15.5 KKSTILNTA NSQKKSTILNTAVPI 17 YQSLRSILA PDYQSLRSILASSGS 17 

 SLRSLVASSGTLEFN 17.5 YQSLRSILA DVPDYQSLRSILANN 17.5  DVPDYQSLRSILASS 17.5 

 LRSLVASSGTLEFNN 19  FDVPDYQSLRSILAN 17.5  VPDYQSLRSILASSG 17.5 
FKIRSGKSS RGYFKIRSGKSSIMR 17.5  VPDYQSLRSILANNG 17.5  FDVPDYQSLRSILAS 18 

 PRGYFKIRSGKSSIM 18  PDYQSLRSILANNGK 19  DYQSLRSILASSGSL 18.5 

 GYFKIRSGKSSIMRS 19.5    IYWTLVNPG ISIYWTLVNPGDSII 17.5 

       SIYWTLVNPGDSIIF 19.5 

      RLYLWGVHH GSYVRLYLWGVHHPS 18.6 

      SILASSGSL QSLRSILASSGSLEF 19 

       YQSLRSILASSGSLE 19 

      KYVKQGSLM IGNCPKYVKQGSLML 19.4 
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Chapter 3. 

Antigen presentation dynamics shape the response to emergent 
variants like SARS-CoV-2 Omicron strain after multiple vaccinations 
with wild type strain 

 

3.1. Summary 

The Omicron variant of SARS-CoV-2 is not effectively neutralized by most antibodies elicited by two 

doses of mRNA vaccines, but a third dose increases anti-Omicron neutralizing antibodies. We reveal 

mechanisms underlying this observation by combining computational modeling with data from 

vaccinated humans. After the first dose, limited antigen availability in germinal centers (GCs) results 

in a response dominated by B cells that target immunodominant epitopes that are mutated in an 

Omicron-like variant. After the second dose, these memory cells expand and differentiate into plasma 

cells that secrete antibodies that are thus ineffective for such variants. However, these pre-existing 

antigen-specific antibodies transport antigen efficiently to secondary GCs. They also partially mask 

immunodominant epitopes. Enhanced antigen availability and epitope masking in secondary GCs 

together result in generation of memory B cells that target subdominant epitopes that are less 

mutated in Omicron. The third dose expands these cells and boosts anti-variant neutralizing 

antibodies. 

 

3.2. Introduction 

The emergence of viral mutants that escape from vaccine-imprinted immune memory is a major 

challenge for the development of vaccines against highly mutable viruses. In less than two years since 

effective vaccines became available, several SARS-CoV-2 variants of concern have emerged and 

spread. The Omicron (BA.1) variant harbors 32 mutations in the spike protein that enables it to 

escape from the majority of known monoclonal antibodies.1–3 Individuals vaccinated with two doses 

of mRNA vaccines encoding the spike protein of the original Wuhan strain have much lower 

neutralizing antibody titers against Omicron compared to the original strain. However, a third dose 

(booster) of the same vaccine significantly increases protection against Omicron.4–7  

After the booster, the peak neutralization titer increased roughly 3-fold against the wildtype (WT) 

Wuhan strain compared to the peak value after the second dose, but increased 20-30 fold against 
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Omicron.8–11 Thus, the booster shot increased the breadth of the resulting neutralizing antibodies in 

addition to restoring antibody titers that waned over time. The increase in breadth after the third 

dose has been attributed to the rise of antibodies targeting diverse epitopes in the receptor-binding 

domain (RBD), some of which are relatively conserved between the Wuhan and Omicron strains.8,12  

Many immunodominant epitopes on the SARS-CoV-2 spike protein lie in the ACE2 binding 

interface region.8,9,13,14 Several human germline heavy chain genes exhibit high affinities for these 

epitopes.15 Antibodies that develop from these germlines are highly enriched in responses to both 

infection16 and two doses of mRNA vaccination.17 The Omicron variant is highly mutated in the 

epitopes targeted by these antibodies, and therefore it can effectively evade the immune response 

generated after two doses of mRNA vaccines.9  

Some of the Omicron-neutralizing antibodies that develop after the third vaccine dose must target 

relatively conserved epitopes. These antibodies must be subdominant because they are not present 

in large titer after the second vaccine dose. Immunodominance during interclonal competition of 

germinal center (GC) B cells is not well-understood. It is thought to be shaped by a combination of 

factors that include the frequency and affinity of naïve B cells,18–21 antigen availability in the lymph 

node,22,23 re-activation of pre-existing memory B cells20,24 and epitope masking by pre-existing 

antibodies.25–30 

In this paper, we study the mechanisms that underlie how repeated doses of the vaccine that 

encodes for Wuhan strain’s spike change the immunodominance hierarchy of the resulting antibody 

response. We first developed an in-silico model that integrates the processes that occur in GCs with 

the expansion and differentiation of memory B cells outside the GC (extra germinal centers or EGCs). 

We explicitly consider antigen presentation dynamics in lymph nodes after the first and subsequent 

shots of homologous vaccines. Our results show that antigen availability on follicular dendritic cells 

(FDCs) in GCs differs markedly between the first and second shots, and this difference plays a key 

role in the diversity of memory B cells generated. Limited antigen availability in GCs after the first 

shot results in a memory response restricted to B cells that target immunodominant epitopes, which 

are heavily mutated in an Omicron-like strain. In secondary GCs seeded after the second dose, higher 

levels of antigen are available on FDCs because antibodies generated after the first dose enable 

effective antigen transport to FDCs. The increased antigen availability leads to an increase in memory 

B cells that target subdominant epitopes that are relatively conserved in an Omicron-like strain.  

We also investigate the role of epitope masking by circulating antibodies in secondary GCs. These 

antibodies are mainly derived from memory cells generated after the first dose and can block the  
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dominant epitopes more effectively than subdominant epitopes. By incorporating experimental data 

on epitope mapping of serum antibodies, our in silico results show that considering the degree of 

overlap between RBD epitopes is important to understand the role of epitope masking in polyclonal 

response to vaccines. 

In response to the third dose, the existing memory B cells that target subdominant epitopes 

expand and differentiate into plasma cells, leading to production of antibodies that confer better 

protection against emergent variants. These predictions from the in-silico model are consistent with 

our analyses of new and existing data obtained from individuals vaccinated with three shots of mRNA 

vaccines. Taken together, our results show that antigen availability on FDCs and epitope masking are 

two distinct factors that affect affinity maturation in secondary GCs. Clinically observed changes in 

immunodominance hierarchy upon receiving the third shot of COVID mRNA vaccines cannot be 

explained by accounting for only one of these effects. These insights shed new light on fundamental 

aspects of the nature of the recall response that are directly relevant to vaccine design. Our results 

also explain several recent observations linking different vaccine regimens to protection from 

Omicron.31,32 

 

3.3. Results 

  3.3.1 Model Development 

Our model incorporates four main aspects of the B cell and antibody responses: (i) antigen 

presentation on FDCs, (ii) activation of naive B cells and entry into GCs, (iii) affinity maturation in 

GCs and export of memory and plasma cells, and (iv) expansion of memory B cells and differentiation 

into plasma cells in EGCs (Fig. 3-1). A set of differential equations that extends a previous study33 

models antigen capture and transport. Stochastic agent-based models are used to simulate GC and 

EGC processes.20,24,34 We consider four general classes of B cells: naive B cells, GC B cells, memory B 

cells, and plasma cells. At each incremental time step in the simulations, the probabilities of actions 

such as activation, selection, proliferation, mutation, differentiation, and apoptosis are calculated for 

the B cells, and these actions are then executed accordingly. 200 separate GCs are simultaneously 

simulated to mimic a secondary lymphoid organ.35 The simulation is repeated 10 times for each 

vaccine dose. The average quantities thus calculated could be considered to be the typical population-

level response. Descriptions of the computational model and the simulation algorithm are outlined 

below (see METHODS for further details of the model; Tables 3-S1 and 3-S2 for parameters used 
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and Table 3-S3 for detailed simulation algorithm). Parameter sensitivity analysis was performed for 

several key parameters, while the values for the other parameters were chosen to be consistent with 

experimental observations, as described in Table 3-S2.  

 

 

Figure 3-1. Schematic depiction of the In-Silico Model. The model integrates antigen presentation dynamics 
with processes in GCs and EGCs. Circulating antibodies help present antigen on FDCs. GC entry, GC B cell 
selection, replication and mutation, and differentiation of GC B cells into memory and plasma cells are 
considered. In the EGC, pre-existing memory cells undergo selection, proliferation, and differentiation without 
mutations. See also Figure 3-S1. The figure was created with Biorender software. 

 

Model for antigen presentation  

Although mRNA vaccines induce antigen production in-vivo, the protein production rate 

decreases rapidly and exponentially.36 So we model vaccination as injection of a bolus of antigen.33 

Soluble and immune complex (IC) forms of the antigen rapidly reach dynamic equilibrium, with their 

relative amounts determined by the pre-existing antibody concentrations and equilibrium constants 

for antibody-antigen binding. The soluble antigen decays quickly but ICs are transported to FDCs 

where they decay with a much longer half-life. Upon immunization with a new antigen, small 

numbers of low-affinity circulating IgM antibodies are available to bind antigen. For subsequent 
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immunizations, higher affinity antibodies generated by earlier GC/EGC processes are available to 

form ICs. The differential equations that describe IC formation and antigen presentation are coupled 

to the agent-based simulation of GC and EGC processes (parameters used, Table 3-S1; simulation 

methods in METHODS).  

Model for naive B cells and WT and variant strains 

We model the distribution of germline-endowed affinities of naive B cells as an exponential 

distribution between Kd = 10-6 M and 10-8 M, where Kd is the dissociation constant. This is because a 

minimum affinity of about Kd = 10-6 M is required for activation,37 and rare naive B cells with ~100-

fold higher affinities can be found for antigens like SARS-CoV-2.38,39 In our coarse-grained model, we 

group the few dominant epitopes on an antigen into a single “dominant” epitope and group the 

subdominant epitopes into a single “subdominant” epitope. The “dominant” epitope is targeted by a 

greater number of naive B cells and their affinities exhibit a longer high-affinity tail compared to the 

“subdominant” epitope (Fig. 3-S1A; METHODS, Eqs. 2-5; parameters in Table 3-S2).  

Most immunodominant neutralizing epitopes on the SARS-CoV-2 spike protein are highly 

mutated in the Omicron variant (compared to WT),2 while some subdominant epitopes are relatively 

conserved.40 It has been suggested that mutations in the Omicron variant emerged to escape from 

immune pressure.41 Therefore, in our model, the dominant epitope is less conserved. Each B cell has 

different affinities for the WT and the variant because the initial affinity and the effects of the 

mutations depend on the antigen (Fig. 3-S1B, METHODS, Eqs. 6-7). The effect of mutations on 

binding affinities for the WT and the variant are drawn from correlated log-normal distributions so 

that ~5% of affinity-affecting mutations are beneficial for each strain and most mutations are 

deleterious (Fig. 3-S1C).42,43 The level of correlation between the WT and variant distributions 

determines the fraction of mutations that will be beneficial for binding to both strains (Fig. 3-S1D). 

We chose parameters so that about 72% and 19% of beneficial mutations increase affinities towards 

both strains for B cells that target subdominant and dominant epitopes, respectively. Our qualitative 

results are robust to changes in these parameters within reasonable ranges. Details of the simulation 

methods are in METHODS. 

Model for germinal center entry of naive B cells  

Naive B cells continuously enter 200 GCs after activation and selection.44,45 At each time step, 

naive B cells internalize different amounts of antigen based on their binding affinity for the WT 

antigen and its availability.24,37,46 Then, they stochastically get activated and compete for T helper 
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cells for survival signals that allow GC entry.47–49 The probabilities for these entry events are 

determined by the amounts of internalized antigen (METHODS, Eqs. 10-13). The effect of memory B 

cell participation in GCs is studied by varying the fraction of pre-existing memory B cells added to the 

pool of naive B cells.  

Selection stringency is an important factor in shaping B cell competition dynamics and thus the 

diversity of the response.50 We studied the effects of changing the level of selection stringency and 

alternative models for antigen internalization to test the robustness of our qualitative results 

(METHODS, Eqs. 10 and 14). 

Model for affinity maturation in germinal centers  

For positive selection, GC B cells require activation by antigen capture51,52 followed by selection 

by T helper cells.53 In our model, GC B cells internalize antigen and are stochastically activated in the 

same way as the naive B cells. To model the competition for limited amount of T cell help, the birth 

rate of an activated GC B cell is determined by two factors: the amount of antigen it has captured 

relative to the average amount captured by all activated GC B cells, and the ratio between the number 

of T helper cells and activated B cells (METHODS, Eqs. 15-16). The number of T cells at a given time 

point is determined by a model that recapitulates a clinical observation in SARS-CoV-2 vaccinated 

subjects (METHODS, Eq. 17).54 All GC B cells also stochastically undergo apoptosis with a constant 

death rate (METHODS, Eq. 18).55 The use of birth-death model implicitly treats the cyclical migration 

between the light and dark zones. Many previous studies have used similar models and shown that 

they recapitulate the qualitative aspects of GC dynamics.20,43,56–58 In our model, GC B cells that receive 

a stronger selection signal from T helper cells will statistically undergo greater number of birth 

events in a given time. Therefore, our model is qualitatively consistent with experimental findings, 

which shows that GC B cells that receive stronger selection signals proliferate a greater number of 

times in one cycle.59 

With a probability, p1, each positively selected B cell exits the GC. It can differentiate into a plasma 

cell with probability p2, or become a memory cell. As discussed later, we studied varying p1 and p2. 

The remaining positively selected cells proliferate once. During a birth event, one of the two daughter 

cells mutates.60 A mutation leads to apoptosis (probability 0.3), no affinity change (probability 0.5), 

or a change in the mutation state of a randomly selected residue (probability 0.2).43 Details of the 

simulation methods are in METHODS. 

Model for extra germinal center processes  
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Upon the second and third vaccination, an EGC response develops. EGCs select and expand pre-

existing memory B cells without introducing mutations.61 The number of memory B cells peaked 1 

week after the second dose in vaccinated subjects.54 Thus, although some memory B cells may 

continue to be generated in EGCs, in the simulation we terminate the EGC after 6 days. The selection 

process is identical to that in the GCs, except that the number of T cells is assumed to be equal to the 

peak value to account for the fast kinetics of the EGC. Proliferating cells in the EGC are assumed to 

differentiate into plasma cells with a high probability of 0.6, consistent with the observation that ~60% 

of newly proliferating memory cells are short-lived plasma cells.62 

 

  3.3.2. Limited antigen availability after the first vaccine dose leads mostly to memory B 
cells that are descendants of naive B cells with high germline-endowed affinities for 
dominant epitopes 

Our simulations show that after the first vaccine dose (Vax 1) only a small amount of antigen gets 

deposited and retained on FDCs (Fig. 3-2A). This is because soluble antigen decays rapidly and IgM 

antibodies with relatively low affinity for the new antigen form immune complexes. These results are 

consistent with images of antigen retention on FDCs in mouse and monkey lymph nodes after a first 

vaccine dose.22,33,63 In the first week after immunization, many naive B cells are activated and about 

70 distinct cells enter each simulated GC (Fig. 3-S2A), a result consistent with observations in 

mice.33,64 

Given the low antigen availability, the probability of low-affinity GC B cells capturing enough 

antigen to become activated and receive survival signals from T helper cells is low, consistent with 

experimental observations.37,51 Consequently, B cells in early GCs with low germline affinities have a 

low frequency of proliferation. GC B cells also develop deleterious mutations more frequently than 

beneficial ones,42 which further reduces their chance of being positively selected. Since the default 

for GC B cells is to undergo apoptosis,55 in many simulated GCs the B cell population begins to decline, 

which makes it even more unlikely that beneficial affinity-increasing mutations will evolve. Thus, 

many GCs eventually collapse (Fig. 3-2B). In some GCs, however, B cells with high affinity evolve 

through mutations, and they can continue to proliferate, affinity mature and generate memory B cells 

despite low antigen availability. We find that ~75% of these memory B cells generated after Vax 1 

originate from B cells with high germline affinities (−𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑑𝑑 ≥ 7) even though they make up a small 
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Figure 3-2. B cell and Antibody Responses after Vax 1 and Vax 2. (A) Concentrations of soluble antigen and 
immune complexes on FDCs.  Vax 1 was administered on day 0 and Vax 2 on day 28. (B) Number of GC B cells 
that target dominant and subdominant epitopes after Vax 1 (Left panel) and Vax 2 (Right panel). 10 
independent simulations of 200 GCs were performed for each case, and the bold curves show the mean values 
per GC. The other curves represent individual dynamic trajectories in 100 randomly selected GCs. (C) 
Histograms showing the distribution of WT-binding affinities of the germline B cell ancestors of GC-derived 
memory cells at 1m after Vax 1 (Left panel) and 5m after Vax 2 (Right panel). (D) Histograms showing the 
distribution of binding affinities of memory B cells against the WT and the variant at 1m after Vax 1. (E) Number 
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of memory cells (Left panel) and plasma cells (Right panel) from GCs and EGCs after Vax 1 and Vax 2. Memory 
cells generated from Vax1 are expanded in the EGC and differentiate into plasma cells. New memory B cells and 
plasma cells are also generated from Vax 2 GCs. The plasma cells are short-lived and decay at a constant rate. 
(F) Histograms showing the distribution of binding affinities of plasma cells for the dominant (left panels) and 
subdominant (right panels) epitopes of the WT and the variant strains after Vax 2. GC-derived cells at 1.3m and 
5m after vaccination and EGC-derived cells are shown. EGCs only last for six days, so no plasma cells are 
generated between 1.3m and 5m. Since plasma cells are short-lived, the data for a given time point shows all 
cells generated until that time. (G) Antibody titers after Vax 1 and Vax 2 that target the dominant and 
subdominant epitopes of the WT and the variant strains. Titers are calculated as the antibody concentrations 
divided by Kd. (H) Histograms showing the distribution of binding affinities of memory cells for the dominant 
(left panels) and subdominant (right panels) epitopes of the WT and the variant strains after Vax 2. All 
histograms show distributions in terms of numbers of cells from 200 GCs, averaged over 10 simulations. See 
also Figure 3-S2 to S4. 

 

fraction (~0.06%) of naïve B cells (Fig. 3-2C). High germline affinities are critical because they allow 

the B cells to proliferate frequently in the early GC, enabling them to acquire rare beneficial mutations. 

These cells predominantly target dominant epitopes (Figs. 3-2B and 3-2C). The genetic diversity in 

GCs is also limited as a small number of high affinity B cells quickly dominate (Fig. 3-S2B).65,66 Thus, 

the memory response after Vax 1 is dominated by a small number of expanded clones (Fig. 3-S2C), 

consistent with data from vaccinated humans.17 Since these B cells target immunodominant epitopes 

that are highly mutated in the variant, they exhibit limited cross-reactivity (Figs. 3-2D and 3-S2D). 

Many observed neutralizing class 1/2 antibodies against WT SARS-CoV-2 that target dominant 

epitopes differ by only one or two mutations from the corresponding germline ancestors.15,67–69 Our 

results suggest that this is because the GC response after Vax 1 is dominated by a few expanded clones 

that originate from naive B cells characterized by relatively high germline affinity for the dominant 

epitopes. One or two mutations are sufficient for these B cells to successfully mature in GCs. 

We chose a particular set of parameters (Table 3-S2) to obtain the results shown in the main text, 

but we tested the robustness of this finding by varying the following key simulation parameters: the 

parameter that determines the relative importance of antigen availability for positive selection of GC 

B cells; parameters that characterize the naïve B cell repertoire and stringency of affinity-based 

selection. Our qualitative findings are robust across a wide range of these parameter values (Fig. 3-

S3A-D). Our results are also robust to using an alternative model for the selection of GC B cells 

(METHODS Eq. 14, Fig. 3-S3E). 

 

  3.3.3. Expansion and differentiation of existing memory B cells that target dominant 
epitopes control the antibody response after the second dose, while increased antigen 
availability in secondary GCs elicits memory B cells that target subdominant epitopes   
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After the second vaccine dose (Vax 2), the memory and plasma cell responses are determined by 

processes that occur in newly formed secondary GCs and in EGC compartments. Our choice of 

simulation parameters that characterize the relative numbers of plasma and memory cells that exit 

from the GCs and EGCs was informed by data from mice and humans (see the section on model). 

These data suggest that many short-lived plasma cells are rapidly produced in EGCs which then 

quickly decay, while GCs produce a relatively small number of plasma cells over longer times.8,54,70 

The number of EGC and GC-derived memory B cells appear to be of similar orders of magnitude since 

the numbers of RBD-targeting memory cells are similar between ~1 month and ~5 months after Vax 

2.8,54 Our qualitative results are robust to parameter variations over wide ranges (Figs. 3-S3A-S3F). 

Since EGCs select and expand the memory B cells generated in response to Vax 1 in an affinity-

dependent manner (Fig. 3-2E), most of the plasma cells that differentiate from them target the 

dominant epitopes and have low cross-reactivity to the variant (Fig. 3-2F, 3-S2D-E). Therefore, the 

WT antibody titer rapidly increases but not the variant titer (Fig. 3-2G). The number of plasma cells 

derived from secondary GCs is small compared to EGC-derived plasma cells (Fig. 3-2E-F) and has a 

limited contribution to the overall antibody titer after Vax 2, an observation consistent with original 

antigenic sin.71 That is, the antibody response to secondary immunization is dominated by the recall 

of previously generated responses. 

After Vax 2, soluble antigen rapidly forms ICs with pre-existing high-affinity antibodies before it 

decays to low levels (Fig. 3-2A). Thus, we find a large difference in antigen availability after primary 

and secondary immunization, consistent with lymph node imaging of rhesus macaques.63 In the first 

week after immunization, a similar number of B cells join the GCs as in Vax 1 (Fig. 3-S2A). The high 

amounts of antigen available on FDCs now allow lower affinity B cells that target subdominant 

epitopes to internalize antigen, proliferate, acquire beneficial mutations and compete with higher 

affinity cells for survival signals from helper T cells. Unlike Vax 1 GCs, this effect prevents secondary 

GC B cells from being completely dominated by high-affinity B cells that target dominant epitopes 

(Figs. 3-2B, 3-S2B), and diverse memory B cells exit from the GCs (Fig. 3-S2C). Since low-affinity 

naive B cells are much more common, they often ultimately outcompete the rare high-affinity naive 

B cells to take over GCs (Fig. 3-2C). Only ~7% of memory B cells descend from naive cells with high 

affinities after Vax 2 (−𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑑𝑑 ≥ −7), in contrast to ~75% after Vax 1. By 5 months after Vax 2, large 

numbers of GC-derived memory B cells are produced, and they have higher affinities towards WT 

than the EGC-derived clones because of affinity maturation over time (Fig. 3-2H). Notably, by 5m 

after Vax 2, some subdominant epitope-targeting memory B cells also develop high affinities towards 

the variant (Fig. 3-2H, Fig. 3-S2F). 
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We also studied the role of memory B cell re-entry into secondary GCs. We added different 

fractions of existing memory B cells to the naive B cell pool after Vax 2. We find that more memory B 

cell re-entry into GCs decreases the output of memory B cells that target subdominant epitopes (Fig. 

3-S4A). This is because most of the existing memory cells target dominant epitopes, and high-affinity 

memory B cells have a high chance of dominating the GC once they enter (Fig. 3-S4B). These findings 

suggest that limiting memory B cell re-entry into the secondary GCs promotes the generation of 

memory B cells that target subdominant epitopes, and may be a mechanism that evolved to confer 

protection against future variants that may emerge.27,72 Similar effects could result from alternative 

mechanisms such as the early export of predominantly low-affinity GC B cells as memory cells.73 

 

  3.3.4. Memory B cells generated in GCs after the second dose are expanded and 
differentiated in EGCs after the third vaccine dose to drive improved variant neutralization 

After the third vaccine dose (Vax 3), existing memory B cells expand in the EGC and differentiate 

into plasma cells. A number of high-affinity memory B cells generated after Vax 2 target subdominant 

epitopes that are relatively conserved between the WT and variant strains (Fig. 3-2H). These cells 

differentiate into plasma cells with high affinity for the variant (Fig. 3-3A). Thus, the antibody titer 

against the variant increases after Vax 3 (Fig. 3-3B). The fold-change in titer from 1.3 months post 

Vax 2 to 1 month post Vax 3 is greater for the variant than for the WT, consistent with serum 

responses in vaccinated humans.8,10 The breakdown of antibody titers based on epitope specificity 

shows that the variant-binding titer is driven by the subdominant epitope-targeting antibodies, while 

the WT-binding titer is still driven by the dominant epitope-targeting antibodies (Fig. 3-3B). The 

greater fold-change in variant-binding titer is therefore explained by the large increase in the number 

of subdominant memory B cells that emerge from Vax 2 GCs compared to that from Vax 1 GCs. Note 

that our results showing that neutralizing antibodies for the variant after Vax 3 are drawn from the 

existing memory pool after Vax 2 are consistent with clinical data showing that antibody sequences 

that neutralize Omicron after the third dose were present in the memory compartment after the 

second dose.8 
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Figure 3-3. B cell and antibody responses after Vax 3. (A) Histograms showing the distribution of binding 
affinities of plasma cells targeting the dominant and subdominant epitopes of the WT and variant strains 1m 
after Vax3. Almost all of the plasma cells at this point are derived from the EGC. A substantial response to the 
subdominant epitope of the variant emerges. All histograms show distributions in terms of numbers of cells 
from 200 GCs, averaged over 10 simulations. (B) Comparison of antibody titers against the WT and the variant 
(left panel) and the epitope-specificity of the variant-targeting antibodies (right panel) at 1.3m after Vax 2, 5m 
after Vax 2, and 1m after Vax 3. The titer for antibodies targeting the subdominant epitope of the variant 
increases monotonically after 1.3m post Vax 2 because it has a very low value at early times. Titers are 
calculated as the antibody concentrations divided by Kd. 
 

  3.3.5. Analysis of sera from vaccinated humans is consistent with in-silico predictions 

We explored the veracity of our in-silico predictions by analyzing data on sera obtained from 

individuals vaccinated with COVID-19 mRNA vaccines. Muecksh et al. sampled B cells from 5 

uninfected individuals after the first, second, and third doses of the Moderna or Pfizer-BioNTech 

vaccines.8 The samples were collected an average of 2.5 weeks, 1.3 and 5 months, and 1 month after 

the first, second and third doses, respectively. We grouped sequences of 1370 B cells into clonal 

families and constructed a phylogenetic tree for each clonal family using Matlab’s seqlinkage function. 

If a phylogenetic tree contained two or more identical IGH sequences at the same time point or at 

different time points, we assumed that these clones were expanded in EGCs. The basis for this method 

is that EGCs expand memory cells with little to no mutations (Fig. 3-S5A). This method is 

conservative as there is a low rate of mutation in EGCs.62 For this reason and because of under-

sampling, we can identify only a small fraction of EGC-derived B cells. However, when tested against 

simulated data, we found the precision of our method for identifying EGC clones to be very high. From 

the simulation data in Figs. 3-2 and 3-3, we randomly sampled B cells from different time points as 

was done in experiments. We then applied the method described above, and found our identification 

method has a sensitivity of ~0.3 and a precision of ~0.9 for finding the EGC B cells (Fig. 3-S5B). 

Bayesian analysis agrees with these estimates (METHODS, Fig. 3-S5B). Sequences that were not 

EGC-derived were considered to be derived from GCs. Thus, we classified the sequences of B cells 
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obtained after Vax 2 and Vax 3 as either EGC-derived or GC-derived. The GC-derived cells were 

further classified as clones if clonally related sequences were observed and otherwise as singlets.  

 

Figure 3-4. Omicron neutralization potency of monoclonal antibodies that are inferred to originate in 
EGCs and GCs, derived from vaccinated humans. (A) The cumulative distributions of omicron neutralization 
titers (IC50) of B cells and their antibodies sampled after Vax 2. Based on the sequence analysis (see text), the B 
cells have been classified as those identified to be derived from EGCs (red curves), other clonal families (blue 
curves), or singlets (light blue curves). Dashed lines indicate mean values. Because the EGCs are short-lived and 
the distributions were identical, EGC B cells collected 5 months after Vax 2 were combined with EGC B cells 
collected 1.3 months after Vax 2. (B) Similar data as in panel A for cells sampled 1m after Vax 3. A statistical 
comparison of the distributions shown in Panels A and B is noted in the text. See also Figure 3-S5. 

 

To test the in-silico results against clinical data, we determined the neutralization activity of 

antibodies derived from the sequences classified as EGC-derived and GC-derived. We combined 

existing data8 with new measurements of neutralization activities for some of the sequences that our 

analyses identified as EGC-derived. The new measurements were carried out using the methods 

described before.8,74,75 The neutralization activities (IC50) of 112 antibodies derived from B cells were 

measured against the Omicron RBD. Nine EGC-derived B cells were identified from samples collected 

after Vax 2. Other B cells sampled 5 months after Vax 2 were labeled as GC-derived clonal families or 

singlets. The EGC-derived clones have a much higher IC50 than the likely GC-derived clones or singlets 

in terms of the mean and the maximum (Fig. 3-4A), indicating their low potency. The geometric mean 

of the GC-derived clones and singlets is 341 ng/mL which is much lower than the 919 ng/ml for EGC 

clones (p=0.00027). This result agrees with the in-silico prediction that GC-derived B cells exhibit 

better omicron neutralization titers than the EGC-derived B cells after Vax 2 (Fig. 3-2H, Fig. 3-S2E,F). 

We note that five of the nine EGC-derived B cells after Vax 2 also did not neutralize the WT (Table 3-

S4). 
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8 EGC-derived B cells were identified after Vax 3. Fig. 3-4B shows that the IC50 of EGC clones 

improved from a geometric mean of 919 ng/mL after Vax 2 to 68 ng/mL after Vax 3 (p=0.0035, 

METHODS). Comparing Figs. 3-4A and 3-4B shows that the geometric mean of IC50 values for EGC-

derived antibodies after Vax 3 is more similar to the GC-derived ones after Vax 2 (341ng/ml) than 

the EGC-derived clones after Vax 2 (919 ng/ml). This is consistent with our in-silico predictions  (Fig. 

3-3A and Fig. 3-2H), which show that the EGCs formed after Vax 3 expand the subdominant and 

cross-reactive memory B cells generated after Vax 2.  

 

  3.3.6. Epitope masking by polyclonal antibodies amplifies the increase in subdominant 
responses, but increased antigen availability plays a key role 

Circulating antibodies can mask their corresponding epitopes, promoting the evolution of GC B 

cells that target other epitopes. Several experiments show that injection of high-affinity monoclonal 

antibodies along with the immunogen in mice25–28 and humans29 abrogates de-novo affinity 

maturation to the target epitopes.  However, while some studies have also observed enhanced 

subdominant response upon repeated vaccinations in animals, the role of epitope masking by 

vaccine-induced polyclonal antibodies in this response is less conclusive.26,28 It has been speculated 

that masking of dominant epitopes by circulating antibodies may drive the diversity increase of 

memory B cells upon repeated mRNA vaccinations.8,76,77 By combining mathematical modeling with 

available clinical observations, we aimed to clearly understand the effects of epitope masking in the 

context of SARS-CoV-2 vaccination in humans.  

Given the reported serum RBD-targeting antibody concentrations and affinities after mRNA 

vaccination,78,79 the extent to which antibodies mask their corresponding epitopes can be calculated 

assuming dynamic equilibrium.80 Such a calculation suggests that epitope masking will not be 

important after Vax 1 because of low antibody titer, but by 2 weeks after Vax 2, antibodies will mask 

~99% of the epitopes (Fig. 3-S6A). If the dominant and subdominant epitopes do not overlap, then 

epitope masking selectively lowers the effective dominant epitope concentrations by ~100-fold. In 

our simulations, this causes subdominant B cells to monopolize the secondary GC response (Fig. 3-

S6B-C), consistent with the observations in experimental studies that used monoclonal antibodies to 

block immunodominant epitopes. 
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Figure 3-5. Role of epitope masking on immunodominance hierarchy. (A) Fraction of antibodies derived 
from human serum responses that blocked the binding of four reference antibodies (class 1, 2, 3, and 1/4) that 
target different regions of the SARS-CoV-2 RBD. Data from Muecksch et al. were reanalyzed 8. (B) Epitope-
dependent effective antigen concentrations when there is epitope masking with 30% of epitope overlapping. 
(C) Number of GC B cells that target dominant and subdominant epitopes after Vax 2 with 30% epitope overlap. 
(D) Comparison of antibody titers at 1m after Vax 3 between simulations with no epitope masking (“No 
Masking”) and epitope masking with 30% of epitope overlap (“Masking”). Titers are calculated as the antibody 
concentrations divided by Kd. (E) Number of dominant and subdominant memory B cells at 5m Vax 2 when the 
degree of epitope overlap is varied in simulations. See also Figure 3-S6. 

However, antibodies developed after mRNA vaccination are highly polyclonal and target many 

overlapping epitopes. Class 1 and 2 antibodies that dominate early neutralizing antibody responses 

bind to the ACE2 binding motif.2,81 Class 3 and 4 neutralizing antibodies target relatively conserved 

peripheries of the RBD and are subdominant.2,8 Yet, reanalysis of data from Muecksch et al.8 shows 

that each of the reference class 1, 2, 3, and 1/4 neutralizing antibodies interfere with 20-50% of the 

polyclonal antibodies across all time points (Fig. 3-5A). These data suggest that serum polyclonal 

antibodies will likely partially block both dominant and subdominant epitopes due to overlap 

between epitopes.  

Therefore, we studied an epitope masking model where a fraction of antibodies targeting 

dominant epitopes can also block subdominant epitopes, and vice versa. When this fraction (epitope 

overlap) is 30%, the antigen availability advantage for subdominant B cells is relatively small (Fig. 



 79 

3-5B). But even this moderate effect amplifies the subdominant B cell response from the secondary 

GCs (Fig. 3-5C). Compared to the case without epitope masking, the antibody titer for the variant 

further increases after Vax 3, without much difference in the WT titer (Fig. 3-5D). Thus, our model 

suggests that epitope masking from polyclonal responses can enhance targeting of subdominant 

epitopes that moderately overlap with immunodominant epitopes. Thus, epitope masking likely 

plays a significant role in the observed increase in class 3 and 4 neutralizing antibodies (that bind to 

the RBD periphery) after Vax 3.8  

However, well-conserved, but subdominant, epitopes also exist on the ACE2 binding motif that 

are targeted by class 1 and 2 antibodies, and antibodies that target these epitopes can neutralize 

Omicron well.40 These subdominant epitopes overlap significantly with the epitopes targeted by 

immunodominant class 1 and 2 antibodies because antibody footprints typically cover most of the 

ACE-2 binding motif.81,82 Our calculations show that the promotion of subdominant epitope-targeting 

by epitope masking decreases with an increase in the degree of overlap between dominant and 

subdominant epitopes (Fig. 3-5E). Thus, if epitope masking was the only mechanism underlying 

increased Omicron neutralization after Vax 3, Omicron-neutralizing subdominant class 1 and 2 

antibodies should be rare. However, analysis of 43 Omicron-neutralizing antibodies isolated from 

humans after Vax 3 showed that 63% of them were class 1/2 antibodies.83 These antibodies were 

derived mostly from subdominant germlines that were rarely observed 1.3m after Vax 2, but they 

became more prevalent after Vax 3 and were significantly mutated.83 These observations suggest 

their development in secondary GCs. Meanwhile, class 1/2 antibodies derived from 

immunodominant germlines dominated the early antibody response after Vax 2, as expected.83 Since 

these immunodominant antibodies likely also significantly mask the epitopes targeted by 

subdominant class 1/2 antibodies, epitope masking alone cannot explain the rise of the latter in 

secondary GCs. Increased antigen availability on FDCs after Vax 2 (see earlier sections) likely plays a 

key role in promoting their emergence.  

 

3.4. Discussions 

We studied the effects of repeated immunization with a WT vaccine on antibody responses to a 

highly mutated variant, such as the Omicron strain of SARS-CoV-2. Our findings shed new light on 

fundamental aspects of the humoral immune response, and can guide the design of vaccination 

strategies that aim to elicit broadly protective responses against mutable viruses. 
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After Vax 1, the limited antigen availability during GC reactions strongly promotes the dominance 

of the B cells that have high germline affinity or can acquire high affinity via a small number of 

mutations (Fig. 3-2D). Such B cells likely target the immunodominant epitopes that are highly 

mutated in the variant. Upon receiving Vax 2, memory B cells generated by GCs after Vax 1 are rapidly 

expanded and they differentiate into plasma cells that secrete antibodies (Fig. 3-2E-F). Thus, the 

antibodies produced after Vax 2 largely target immunodominant epitopes, and so Omicron 

neutralizing titers are low (Fig. 3-2G). These in-silico results are consistent with data showing the 

dominant antibodies produced after the first two doses have few mutations8.  

After Vax 2, higher amounts of antigen are displayed on FDCs. This increased antigen availability 

allows memory B cells that target subdominant epitopes to emerge despite their lower germline 

affinities (Fig. 3-2B-C). These epitopes are relatively conserved between the WT and Omicron strains. 

After Vax 3, these memory B cells are expanded in EGCs, resulting in increased Omicron neutralizing 

antibody titers (Fig. 3-3B). This is consistent with data showing that the Omicron-neutralizing 

antibodies present after Vax 3 existed in the memory pool after Vax 28. Importantly, our in-silico 

predictions are consistent with our analyses of sequence and neutralization data that we obtained 

from vaccinated individuals (Fig. 3-4).  

In addition to the effects of increased antigen availability, epitope masking in secondary GCs can 

further promote B cell response against the subdominant epitopes. However, the effects of epitope 

masking in the context of vaccine-induced polyclonal responses in humans is more complex than in 

past studies using monoclonal antibodies in mice25–28 since the overlap between epitopes targeted by 

polyclonal antibodies must be considered. Our in silico model incorporates the analysis of serum 

antibody epitope mapping data. Our findings indicate that epitope masking is likely to enhance the 

class 3 and 4 B cell response in secondary GCs, but the observation of Omicron-neutralizing 

subdominant class 1 and 2 antibodies in large numbers after Vax 3 83 cannot be explained only by 

epitope masking. Instead, this observation suggests that increased antigen availability on FDCs and 

epitope masking work together to promote the emergence of subdominant responses upon boosting. 

Regev-Yochay et al. reported that a fourth dose of an mRNA vaccine restored the antibody titer 

against Omicron to a level similar to the peak response after Vax 3, but unlike Vax 3 it did not further 

boost the titer compared to the previous dose.32 Results from our model are consistent with this 

finding (Fig. 3-6). The mechanistic explanation is that GCs formed after Vax 3 do not benefit further 

from increased antigen availability compared to the GCs formed after Vax 2. Moreover, antibodies 

that target subdominant epitopes are available in higher titers soon after Vax 3 and they can mask 
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these epitopes. Therefore, masking immunodominant epitopes confers less of an advantage to the 

subdominant B cells in GCs formed after Vax 3 compared to those formed after Vax 2. Thus, similar 

or fewer subdominant GC B cells develop after Vax 3. However, overall antibody titer after the fourth 

dose is still similar to Vax 3 because both GC and EGC-derived memory cells generated after Vax 3 

are expanded.  

Although memory B cells participating in secondary GCs can help protect against closely-related 

variants, our results show that these memory B cells can limit epitope diversification and adversely 

impact the ability to protect against variants that differ more significantly from the WT strain. This 

is because the affinity advantage of memory cells can allow them to dominate GCs. We note also that 

higher antigen availability and epitope masking may underlie recent observations in mice showing 

that memory B cells are not highly represented in secondary GCs.27,72 

 

 

Figure 3-6. Comparison of antibody titers for different vaccination regimens. Antibody titer elicited by 
different vaccination regimens. “Vax4” refers to the case when a second booster dose was given 5m after Vax3. 
“Vax3-Short” refers to the case when Vax 3 was given 1.3m after Vax 2 instead of the standard 5m interval. To 
study how epitope masking may affect the second booster (Vax 4), all cases were simulated with epitope 
masking and 30 % epitope overlap. Titers are calculated as the antibody concentrations divided by Kd. 

 

Our results provide mechanistic insights into the effects of the timing of booster shots on the 

ability to develop variant-neutralizing antibodies. A group of subunit vaccine ZF2001 recipients who 

received Vax 3 only 1 month after Vax 2 were less likely to develop Omicron neutralizing antibodies 

than the group with a 4 month interval (56% vs. 100%).31 Our model predicts (Fig. 3-6) that when 
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Vax 3 is given 1.3 month after the second dose (“Vax3-Short”), the subdominant epitope-targeting 

antibody titer is low. Most of the memory cells that have high affinities 1.3 month after Vax 2 are EGC-

derived and thus target the dominant epitope (Fig. 3-2H). Also, even subdominant GC-derived 

memory B cells have a relatively low affinity towards the variant due to limited time for affinity 

maturation (Fig. 3-2G). As a result, receiving Vax 3 1.3 month after Vax 2 will mostly expand B cells 

with low cross-reactivity. But 4 months after Vax 2, more affinity maturation allows B cells with 

higher affinity for subdominant epitopes to develop, which is consistent with the observation that 

the number of mutations increases significantly between 1.3 months and 5 months after Vax 2.8 The 

memory B cells available 4 months after Vax 2 can be expanded in EGCs after Vax 3 to result in better 

Omicron neutralizing capability. 

Our results may also have implications for efforts to elicit broadly neutralizing antibodies (bnAbs) 

against HIV by sequential immunization with variant antigens.24,84,85 This approach aims to focus the 

B cell response on a conserved target epitope. Higher antigen availability and masking of the 

conserved epitope after booster shots will likely promote the evolution of off-target responses in 

secondary GCs, consistent with observations in macaques.85 These effects may be especially 

significant when the conserved target epitope is quite distinct from the diverse variable regions, as 

is the case for some epitopes targeted by bnAbs against HIV and the conserved epitope in the stem of 

influenza’s spike.86,87 

The purpose of our in silico study is not detailed quantitative fitting of experimental data, but 

rather obtaining new mechanistic insights which we tested against clinical data. To achieve this, we 

adopted a simplified model that focuses on the most important aspects of the humoral immune 

response but omitted details that are unlikely to affect qualitative outcomes. The simplification is 

necessary because adding these details would increase the number of parameters and associated 

uncertainties without enhancing mechanistic understanding. Nonetheless, the congruence between 

our predictions and existing and new clinical data reported in this paper suggest that our model 

captures much of the relevant biology. 

One interesting question is whether the different peptide epitopes presented by people with 

different HLA haplotypes may influence T helper cell responses, and thus affect B cell 

immunodominance. BCRs with different binding specificities bind to different surface epitopes on 

the spike protein, but if binding is sufficiently strong, regardless of B cell epitope specificity, the whole 

spike protein is internalized. Thus, diverse peptides derived from the entire spike protein are 

available for presentation by individuals with any given haplotype. The main difference between the 
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B cells with different specificities is the amounts of antigen they internalize. Therefore, we used the 

amount of antigen internalized to model the competition between B cells for T cell help without 

considering the individual helper T cell epitopes. Consistent with this view, the B cell 

immunodominance observed after receiving COVID vaccines is similar among diverse individuals in 

the population,10,13 despite the variability of HLA subtypes and helper T cell epitope 

immunodominance.88 In addition, better Omicron responses are consistently observed after the third 

dose in a diverse group of individuals.10 

We hope that our results and mechanistic insights will motivate other fundamental studies into 

how the humoral immune response is influenced by antigen presentation dynamics. For example, it 

will be interesting to explore whether strategies to modulate antigen availability such as slow antigen 

delivery and immunization with immune complexes or particulate immunogens may help mitigate 

unwanted immunodominance hierarchies.22,89,90 

 

3.5. Method Details 

Simulation details for antigen dynamics 

Table 3-S1 describes the reactions that govern antigen dynamics and the differential-algebraic 

equations derived from the reactions that are solved in the simulations. The values of initial 

conditions and parameters are also shown, with notes on how they were selected. The following 

species are involved in the dynamics: soluble antigen (Ag), soluble antibody (Ig), soluble immune 

complex (IC), immune complex on follicular dendritic cell (IC-FDC), and plasma cell (PC).  

The simulation progresses in time steps of 0.01 day, and the concentrations are updated at each 

step. Since the on-rate for antigen and antibody binding is very fast (order of 𝑘𝑘𝑎𝑎 = 1011 M−1day−1),37 

we assume that fast equilibrium is maintained between Ag, Ab, and IC. Thus, the equilibrium 

concentrations [Ag], [Ig], and [IC] can be calculated. Then, the concentrations of all species except for 

the PCs are updated to account for Ag decay, IC deposition on FDC, Ig production by plasma cells, IC-

FDC consumption, and Ig decay, based on the differential equations described in Table 3-S1. The PC 

concentration is updated based on their stochastic production and apoptosis from B cell dynamics 

involving GCs and EGCs. Each simulation models 200 GCs and 1 EGC simultaneously, and all the PCs 

derived from them contribute to the Ig kinetics. After all of the concentrations are updated at each 

step, the mean antibody association constant 𝐾𝐾𝑎𝑎  for the WT and the variant are updated. The 

governing equation is derived using the product rule as follows: 
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𝑑𝑑𝐾𝐾𝑎𝑎
𝑑𝑑𝑑𝑑
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          =
(𝐾𝐾𝑎𝑎𝑃𝑃𝑃𝑃 − 𝐾𝐾𝑎𝑎)𝑘𝑘𝐼𝐼𝐼𝐼[𝑃𝑃𝑃𝑃]

[𝐼𝐼𝐼𝐼] + [𝐼𝐼𝐼𝐼]  
Eq. (1) 

𝐾𝐾𝑎𝑎 and 𝐾𝐾𝑎𝑎𝑃𝑃𝑃𝑃  are the mean association constants of the existing antibodies and PCs, respectively, 

and 𝑘𝑘𝐼𝐼𝐼𝐼 is the rate of antibody production per plasma cell. The other parameters are described in 

Table 3-S1. The derivation makes use of the fact that the change in total antibody titer, 𝐾𝐾𝑑𝑑([𝐼𝐼𝐼𝐼] +

[𝐼𝐼𝐼𝐼]), can be obtained from the consumption and production of the antibody species.  

For Vax 1, the initial concentrations for IC, IC-FDC, and PC are set to zeros and the initial 

concentration for Ag is set to 10 nM to represent a bolus injection of antigen. There will be only a 

small number of weakly-binding antibodies to the new immunogen, so [𝐼𝐼𝐼𝐼]  and 𝐾𝐾𝑎𝑎 = 1/𝐾𝐾𝑑𝑑  are 

initially set to small values. These values and other parameters in Table 3-S1 are picked from 

reasonable physiological ranges based on the literature.33,63,78,79 While there are uncertainties about 

the true underlying biological values, the physical significances of these initial values and parameters 

are in determining the level of antigen availability in the lymph node. In our model, the antigen 

availability depends on the reference antigen concentration 𝐶𝐶0 because antigen capture by B cells 

depends on the normalized antigen availability 𝐶𝐶
𝐶𝐶0

, where 𝐶𝐶 is the amount of antigen in the lymph 

node. Thus, by changing 𝐶𝐶0, we can study the effect of changing antigen availability in the system. As 

mentioned in the main figures and shown in Fig S4A, we tested the robustness of the results on 

varying 𝐶𝐶0. 

For Vax 2, Vax 3, and Vax 4, the initial concentrations of the species are set to the values 

determined by response to the previous vaccination.  

 

Simulation details for B cells and 2-epitope model 

As described in the main text, the dynamics of B cells are simulated with an agent-based model. 

Each B cell is an agent that has the following properties: type, lineage, target epitope, mutational state, 

and binding affinities. At each time point, the B cells stochastically undergo different actions based 

on their properties and the conditions of the simulation. The details of the model are described below, 
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and the simulation algorithm is summarized in Table 3-S3. Table 3-S2 summarizes the parameters 

used in the simulations. It shows which equations the parameters appear in, their descriptions, 

values, and notes about how those values were selected.  

Each simulation models 200 GCs simultaneously. Each GC is associated with a pool of naïve B cells 

that have not yet entered the GC. The number of total naïve B cells in humans is estimated 91,92 to be 

about 1 × 1010, and the frequency of SARS-CoV-2 RBD-specific naïve B cells39 is about 1 in 3 × 104. 

Thus, we assume that the number of naïve B cells for each GC is 𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = (1 × 1010)/(3 × 104) /

 200 ≅ 2000 cells. These naïve B cells have germline-endowed WT-binding affinities, whose possible 

values are 𝐸𝐸𝑘𝑘 = 6 + 0.2𝑘𝑘 (𝑘𝑘 = 0. . .10). These affinities correspond to − log10 𝐾𝐾𝑑𝑑 . The distribution of 

the naïve B cells over the possible values is determined by three parameters: 𝐸𝐸1ℎ ,𝑑𝑑𝐸𝐸12,𝑝𝑝. Higher-

affinity B cells should be rarer, so the frequency of B cells is determined analogously to a truncated 

geometric distribution (see Figure 3-S1A for the schematics). The frequency of naïve B cells that 

target the dominant and subdominant epitopes are as follows: 

𝑓𝑓𝑑𝑑𝑜𝑜𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝐸𝐸𝑘𝑘) = 𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(1 − 𝑝𝑝)
𝑒𝑒−𝑟𝑟1(𝐸𝐸𝑘𝑘−𝐸𝐸0)

∑ 𝑒𝑒−𝑟𝑟1(𝐸𝐸𝑘𝑘−𝐸𝐸0)
𝑘𝑘

   
Eq. (2) 

𝑓𝑓𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝐸𝐸𝑘𝑘) = 𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑝𝑝
𝑒𝑒−𝑟𝑟2(𝐸𝐸𝑘𝑘−𝐸𝐸0)

∑ 𝑒𝑒−𝑟𝑟2(𝐸𝐸𝑘𝑘−𝐸𝐸0)
𝑘𝑘

 
Eq. (3) 

𝑝𝑝 is the fraction of naïve B cells that target the subdominant epitope, and 𝑟𝑟1, 𝑟𝑟2 in the exponents 

are specified by the parameters 𝐸𝐸1ℎ  and 𝑑𝑑𝐸𝐸12 from the following relationships. 

𝑓𝑓𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑�𝐸𝐸1ℎ�/(1 − 𝑝𝑝) = 1 Eq. (4) 

𝑓𝑓𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠�𝐸𝐸1ℎ − 𝑑𝑑𝐸𝐸12�/𝑝𝑝 = 1  Eq. (5) 

That is, 𝐸𝐸1ℎ  and 𝐸𝐸1ℎ − 𝑑𝑑𝐸𝐸12 are the affinities at which the frequency of naïve B cells that target the 

dominant and subdominant epitopes respectively would be 1 cell per GC, before adjusting for the 

total frequency (Figure 3-S1A). For each GC, the exact number of naïve B cells that have germline 

affinity equal to 𝐸𝐸𝑘𝑘  is determined by stochastically rounding up or rounding down 𝑓𝑓𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝐸𝐸𝑘𝑘)  and 

𝑓𝑓𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝐸𝐸𝑘𝑘) to the nearest integer, using the fractional part as the probability of rounding up. 

Very high-affinity naïve B cells have precursor frequencies of less than 1 per GC (Figure 3-S1A), so 

they will exist only for some of the GCs.  

Each naïve B cell also has a germline-endowed binding affinity against the variant strain. 

Immunization with the WT strain will recruit naïve B cells with high WT-binding affinities; even the 

naïve B cells with the lowest WT-binding affinity in the pool (𝐸𝐸0 = 6) still represents the top 1 in 

~3 × 104 of all naïve B cells in the human repertoire. The binding affinity of these naïve B cells against 
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the variant will likely be lower. Thus, we assume that all naïve B cells have germline binding affinity 

of − log10 𝐾𝐾𝑑𝑑 = 6 against the variant, equal to the lowest value of binding affinity against the WT, and 

that required for GC entry.37   

During affinity maturation, the affinities of B cells change as they accumulate mutations. To 

account for mutations, each naïve B cell is represented as a string of 0’s with length 𝑛𝑛𝑟𝑟𝑟𝑟𝑟𝑟 , and an 

affinity-affecting mutation to a GC B cell changes the value of one randomly selected residue from 0 

to 1 or from 1 to 0. Each residue that has a value of 1 changes the binding affinity towards the WT 

and the variant by pre-determined amounts. These amounts, which are analogous to the fitness 

landscape of the B cell, are drawn from a correlated probability distribution. Fig. 3-S1B schematically 

shows how the affinities are determined for GC B cell, 𝑖𝑖. The binding affinities against the WT and the 

variant are determined as 

𝐸𝐸𝑖𝑖𝑤𝑤𝑤𝑤 = 𝐸𝐸𝑖𝑖
0,𝑤𝑤𝑤𝑤 + �𝛿𝛿𝑖𝑖,𝑗𝑗𝑠𝑠𝑖𝑖,𝑗𝑗 

𝑤𝑤𝑤𝑤

𝑛𝑛𝑟𝑟𝑟𝑟𝑟𝑟

𝑗𝑗=1

 
Eq. (6) 

𝐸𝐸𝑖𝑖𝑣𝑣𝑣𝑣𝑣𝑣 = 𝐸𝐸𝑖𝑖
0,𝑣𝑣𝑣𝑣𝑣𝑣 + �𝛿𝛿𝑖𝑖,𝑗𝑗𝑠𝑠𝑖𝑖,𝑗𝑗 

𝑣𝑣𝑣𝑣𝑣𝑣

𝑛𝑛𝑟𝑟𝑟𝑟𝑟𝑟

𝑗𝑗=1

 
Eq. (7) 

where 𝐸𝐸𝑖𝑖
0,𝑤𝑤𝑤𝑤 and 𝐸𝐸𝑖𝑖

0,𝑣𝑣𝑣𝑣𝑣𝑣  are the germline affinities towards the WT and the variant, respectively; 

𝛿𝛿𝑖𝑖,𝑗𝑗 ∈ {0,1} is the mutational state of residue 𝑗𝑗; and 𝑠𝑠𝑖𝑖,𝑗𝑗 
𝑤𝑤𝑤𝑤  and 𝑠𝑠𝑖𝑖,𝑗𝑗 

𝑣𝑣𝑣𝑣𝑣𝑣  are the effects of the mutation at 

residue 𝑗𝑗  on the binding affinities against the WT and the variant, respectively. 𝑠𝑠𝑖𝑖,𝑗𝑗𝑤𝑤𝑤𝑤  and 𝑠𝑠𝑖𝑖,𝑗𝑗𝑣𝑣𝑣𝑣𝑣𝑣  are 

sampled from the following shifted log-normal distribution, independently for each residue 𝑗𝑗, at the 

initiation of the simulation. 

[𝑠𝑠𝑖𝑖,𝑗𝑗𝑤𝑤𝑤𝑤 , 𝑠𝑠𝑖𝑖,𝑗𝑗𝑣𝑣𝑣𝑣𝑣𝑣] ~ 𝑒𝑒𝑁𝑁�𝜇𝜇,𝜎𝜎2Σ� − 𝜖𝜖 Eq. (8) 

The parameters 𝜇𝜇,𝜎𝜎, 𝜖𝜖 are chosen to fit experimentally determined distribution, where ~5 % of 

affinity-affecting mutations are beneficial while most of the mutations are strongly deleterious (Fig. 

S1C).42,43 The covariance has the form  

Σ = �1 𝜌𝜌
𝜌𝜌 1� Eq. (9) 

where 𝜌𝜌 represents the level of conservation of an epitope between the WT and variant. As 𝜌𝜌 

increases, mutations that are beneficial for binding both strains become more common (Fig. S1D). 

We choose 𝜌𝜌 = 0.95 for the subdominant epitope and 𝜌𝜌 = 0.4 for the dominant epitope.  For B cells 

that target the subdominant and dominant epitope, respectively 72% and 19% of mutations that are 

beneficial for binding the WT are also beneficial for binding the variant, and vice versa. Since B cells 



 87 

are selected in GCs based on their WT-binding affinities, an increase in variant-binding affinities 

mainly occurs through the accumulation of mutations that increase affinities against both strains. 

Hence, B cells that target the subdominant epitope are more likely to develop high cross-reactivity 

for the variant than those that target the dominant epitope. 

 

Simulation details for germinal center entry of naïve B cells 

At each time step, the amount of antigen captured by naive B cells is determined based on their 

WT-binding affinities and the effective antigen concentration in the lymph node, 𝐶𝐶. For B cell 𝑖𝑖, this 

amount, 𝐴𝐴𝑖𝑖 , is determined as follows: 

𝐴𝐴𝑖𝑖 = �
𝐶𝐶
𝐶𝐶0

10(min (𝐸𝐸𝑖𝑖
𝑊𝑊𝑊𝑊,10)−𝐸𝐸0)�

𝐾𝐾
 Eq. (10) 

𝐸𝐸𝑖𝑖𝑊𝑊𝑊𝑊  is the WT-binding affinity of B cell 𝑖𝑖. The amount of antigen captured increases with 𝐸𝐸𝑖𝑖𝑊𝑊𝑊𝑊 , 

but saturates at affinities higher than 𝐸𝐸𝑖𝑖𝑊𝑊𝑊𝑊 = 10 because of the affinity ceiling.93 A similar model of 

antigen capture has been used in several previous studies.20,24,56,94 B cells can see both the soluble 

antigen and the antigen presented on FDCs, but the latter is known to be about 2 orders of magnitude 

more potent at activating B cells due to multivalent presentation 95. Therefore, the effective antigen 

concentration 𝐶𝐶 is calculated as 𝐶𝐶 = 0.01([𝐴𝐴𝐴𝐴] + [𝐼𝐼𝐼𝐼]) + [𝐼𝐼𝐼𝐼 − 𝐹𝐹𝐹𝐹𝐹𝐹]. The parameter 𝐾𝐾 determines 

how much a given difference in concentration or affinity changes the amount of antigen internalized 

by a B cell. If 𝐾𝐾  is large, then even a small difference in concentration or affinity results in large 

difference in the amount of antigen internalized, which in turn affects the probability of activation 

and positive selection by T helper cells. Thus, 𝐾𝐾 represents the stringency of selection. We studied 

varying 𝐾𝐾 to test the robustness of the results, since stringency of selection is known to affect the 

diversity of B cells that develop in GCs50 (Fig S3D).  

Naïve B cells that capture enough antigen can be activated.37 In our simulation, whether B cell 𝑖𝑖 is 

activated at each time step is determined probabilistically as follows: 

Pr(B cell 𝑖𝑖 is activated) = min (𝐴𝐴𝑖𝑖 , 1) Eq. (11) 

The entry of activated naïve B cells to GCs is limited by competition for positive selection by 

helper T cells, and B cells that have internalized greater amounts of antigen have better chances of 

successfully entering GCs.48,49 Thus, the rate of entry for an activated B cell 𝑖𝑖, 𝜆𝜆𝑖𝑖 , and the probability 

that it enters GC during a time step are given as follows: 
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𝜆𝜆𝑖𝑖 =

𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚
𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

𝐴𝐴𝑖𝑖
〈𝐴𝐴〉

1 + 𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚
𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

𝐴𝐴𝑖𝑖
〈𝐴𝐴〉

 Eq. (12) 

Pr(B cell 𝑖𝑖 enters GC) = 1 − 𝑒𝑒−𝜆𝜆𝑖𝑖𝑑𝑑𝑑𝑑 Eq. (13) 

𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎  is the total number of activated B cells, 〈𝐴𝐴〉 is the average amount of antigen captured 

by all activated B cells, and 𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚  is the capacity for entry that represents the limited amount of T cell 

help. 𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚  is selected so that about ten distinct naïve B cells will enter the GC per day, consistent with 

the literature.64 The assumption that 𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚  is fixed is conservative because higher antigen availability 

is known to increase naïve B cell recruitment to GCs,23 which would only further strengthen our 

finding that secondary GCs produce more diversity. When a naïve B cell enters GC, it simultaneously 

proliferates twice, so that a total of 4 identical B cells are added to the GC.  

 

Alternative model for antigen capture 

According to Eq. 10, the amount of antigen captured by B cells continues to increase with antigen 

concentration and B cell affinity. However, it is possible that the amount of antigen captured plateaus 

when antigen concentration and B cell affinity are very high.46 Therefore, we studied how using an 

alternative model where antigen capture saturates at high affinities and antigen concentrations 

affects our findings. Under this model, the amount of antigen captured is determined as: 

𝐴𝐴𝑖𝑖 =
(𝐻𝐻 + 1) 𝐶𝐶𝐶𝐶0

10(min (𝐸𝐸𝑖𝑖
𝑊𝑊𝑊𝑊,10)−𝐸𝐸0)

𝐻𝐻 + 𝐶𝐶
𝐶𝐶0

10(min (𝐸𝐸𝑖𝑖
𝑊𝑊𝑊𝑊,10)−𝐸𝐸0)

 Eq. (14) 

When 𝐻𝐻 → ∞, this formulation becomes equivalent to Eq. 10 with K=1. For a finite value of 𝐻𝐻, 𝐴𝐴𝑖𝑖  

saturates to 𝐻𝐻 + 1  when 𝐶𝐶
𝐶𝐶0

10(min (𝐸𝐸𝑖𝑖
𝑊𝑊𝑊𝑊,10)−𝐸𝐸0) ≫ 𝐻𝐻 . When 𝐻𝐻  is smaller and antigen availability is 

higher, the affinity at which saturation will occur will be lower, making the selection of B cells 

permissive. We studied the effect of varying 𝐻𝐻 on our findings (Fig. 3-S4E).  

 

Simulation details for GCs 

Each simulation models 200 GCs simultaneously. Plasma cells generated from all GCs collectively 

determine antibody production, which affects antigen transport and epitope masking, and memory 

B cells generated from all GCs seed the EGC upon subsequent vaccination. The birth, death, mutation, 
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and differentiation of GC B cells occur stochastically at each time step. The model implicitly treats 

migration between GC light zone and dark zone, but such a model has been shown to recapitulate 

qualitative GC dynamics well.20,56,96,97  

GC B cells capture antigen and become stochastically activated in the same way as the naïve B 

cells. Activated GC B cells compete for positive selection signals from helper T cells. The rate of 

positive selection for a GC B cell 𝑖𝑖, 𝛽𝛽𝑖𝑖 , and the probability that it gets positively selected during a time 

step are given as: 

𝛽𝛽𝑖𝑖 = 𝛽𝛽𝑚𝑚𝑚𝑚𝑚𝑚

𝑁𝑁𝑇𝑇
𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

𝐴𝐴𝑖𝑖
〈𝐴𝐴〉

1 + 𝑁𝑁𝑇𝑇
𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

𝐴𝐴𝑖𝑖
〈𝐴𝐴〉

 Eq. (15) 

Pr(GC B cell 𝑖𝑖 is positively selected) = 1 − 𝑒𝑒−𝛽𝛽𝑖𝑖𝑑𝑑𝑑𝑑 Eq. (16) 

where 𝛽𝛽𝑚𝑚𝑚𝑚𝑚𝑚  is the maximum rate of positive selection, 𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎  is the number of activated GC B 

cells, and 𝑁𝑁𝑇𝑇  is the number of helper T cells. Thus, 𝑁𝑁𝑇𝑇
𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

 represents the physical availability of 

helper T cells to GC B cells, and 𝐴𝐴𝑖𝑖〈𝐴𝐴〉 represents the competitive advantage of B cell 𝑖𝑖 compared to other 

activated GC B cells. B cells internalize the whole spike protein despite binding to potentially different 

surface epitopes. Thus, each B cell that internalize antigen present diverse peptides derived from the 

protein to helper T cells. The main difference between the B cells is the amount of antigen they 

present. Therefore, we model the competition based on the amount of antigen without considering 

individual T cell epitopes, similar to previous models of affinity maturation.20,24,57,94 

 

Clinical data from SARS-CoV-2 vaccinated subjects showed that the number of CD4+ T cells 

peaked about 2 weeks after vaccination and decayed with a half-life of ~47 days 54. For simplicity, we 

model 𝑁𝑁𝑇𝑇 as simple linear growth up to 𝑡𝑡0 = 14 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑, followed by first-order decay afterwards with 

rate 𝑑𝑑𝑇𝑇 as follows: 

𝑁𝑁𝑇𝑇(𝑡𝑡) = �
𝑡𝑡
𝑡𝑡0
𝑁𝑁𝑇𝑇0 (𝑡𝑡 < 𝑡𝑡0)

𝑁𝑁𝑇𝑇0𝑒𝑒−𝑑𝑑𝑇𝑇(𝑡𝑡−𝑡𝑡0) (𝑡𝑡 > 𝑡𝑡0)
 Eq. (17) 

𝑁𝑁𝑇𝑇0 is the peak level of non-dimensionalized T cell availability, and is chosen to give a mean peak 

GC size of ~1000 cells/GC.  
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A positively selected B cell exits a GC with a probability 𝑝𝑝1, and then differentiates into a PC with 

a probability 𝑝𝑝2  or into a memory cell with a probability 1 − 𝑝𝑝2 . The remaining selected B cells 

proliferate once and one of the daughter cells mutates, as described in the main text.  

At the end of the time step, all GC B cells are subject to stochastic apoptosis with a rate 𝛼𝛼. The 

probability of apoptosis is given as: 

Pr(GC B cell 𝑖𝑖 undergoes apoptosis) = 1 − 𝑒𝑒−𝛼𝛼 𝑑𝑑𝑑𝑑  Eq. (18) 

Similarly, plasma cells from both GCs and EGCs also undergo stochastic apoptosis at a rate 𝑑𝑑𝑃𝑃𝑃𝑃 , 

so that the probability of apoptosis is given as: 

Pr(PC 𝑖𝑖 undergoes apoptosis) = 1 − 𝑒𝑒−𝑑𝑑𝑃𝑃𝑃𝑃 𝑑𝑑𝑑𝑑  Eq. (19) 

 

Clinical sample collection and analysis methods 

Data used in Fig. 3-4 are derived from B cell sequences reported in Supplemental Table 2 of 

Muecksch et al., which contains sequences of B cells isolated from SARS-CoV-2 mRNA-vaccinated 

subjects.8 Phylogenetic trees were generated from these B cell clonal families using MATLAB’s 

seqlinkage function. EGC-derived B cells were identified by applying the classification method 

described in the main text and in the next section. Then, using the monoclonal antibodies that 

correspond to these B cells based on the protein sequences  (reported in Supplemental Table 3 of 

Muecksch et al.), the WT and Omicron-neutralizing activity (IC50) of these sequences were measured, 

except for three antibodies for which both values were already reported in the Supplemental Table 

4 and 5 of Muecksch et al. The measurements were performed as previously described.8,74,75 We 

additionally measured the neutralization activity of 26 randomly-selected singlets that were found 5 

months after Vax 2, to compare with the EGC-derived antibodies. Table S4 describes the 

neutralization activities of the EGC-derived antibodies used in this study.  

The statistical analyses to compare the neutralization activity of EGC- and GC-derived antibodies 

were performed based on the logarithm of IC50 data. We used the two-sample t-test to calculate the 

statistical significance (p-value) of the difference in the mean values between the two groups. The 

degrees of freedom were conservatively estimated using the smaller sample size of the two samples, 

so that it was given as one less than the number of sequences in the smaller group. The analysis was 

performed to compare Vax 2 EGC-derived cells with Vax 2 GC-derived cells, and to compare Vax 2 

EGC-derived cells with Vax 3 EGC-derived cells.  
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Sensitivity and precision of the inference of EGC-derived memory cells 

A B cell was identified as EGC-derived if it satisfied at least one of the two conditions below. 

(1) Criteria 1: At least one other identical sequence was sampled at the same time 

(2) Criteria 2: At least one identical sequence was sampled at an earlier time 

Assume that after secondary immunization, the sets of unique memory B cell sequences derived 

from GC and EGC are 𝕊𝕊𝐺𝐺𝐺𝐺 = {𝑠𝑠1𝐺𝐺𝐺𝐺 , … , 𝑠𝑠𝐾𝐾𝐺𝐺𝐺𝐺} and 𝕊𝕊𝐸𝐸𝐸𝐸𝐸𝐸 = {𝑠𝑠1𝐸𝐸𝐸𝐸𝐸𝐸 , … 𝑠𝑠𝐾𝐾𝐸𝐸𝐸𝐸𝐸𝐸}, respectively. Without the loss of 

generality, let the number of GC-derived memory B cells that have sequences 𝑠𝑠1𝐺𝐺𝐺𝐺 , … , 𝑠𝑠𝐾𝐾𝐺𝐺𝐺𝐺  to be 𝑚𝑚1 >

 … > 𝑚𝑚𝐾𝐾  for GC-derived cells. Similarly, let the number of EGC-derived memory B cells that have 

sequences 𝑠𝑠1𝐸𝐸𝐸𝐸𝐸𝐸 , … 𝑠𝑠𝐾𝐾𝐸𝐸𝐸𝐸𝐸𝐸  to be 𝑛𝑛1 > ⋯ > 𝑛𝑛𝐾𝐾  for EGC-derived cells. 𝐾𝐾 is a sufficiently large number. If 

the actual number of GC-derived unique sequences is smaller than 𝐾𝐾, then 𝑛𝑛𝑖𝑖  will be zero for some 

large values of 𝑖𝑖. The same is true for EGC-derived sequences.  

The sequences 𝑠𝑠1𝐸𝐸𝐸𝐸𝐸𝐸 , … 𝑠𝑠𝐾𝐾𝐸𝐸𝐸𝐸𝐸𝐸  must be identical to the sequences derived from the GC of the 

primary immunization. Let the numbers of B cells from the prime GC that correspond to these 

sequences be 𝑙𝑙1, … , 𝑙𝑙𝐾𝐾 .  

Suppose that total of 𝑆𝑆 sequences are sampled each after the secondary immunization and the 

primary immunization. Let these sequences be 𝕊𝕊 = {𝑠𝑠1, … 𝑠𝑠𝑆𝑆}  and 𝕊𝕊𝑝𝑝 = {𝑠𝑠1,𝑝𝑝, … 𝑠𝑠𝑆𝑆,𝑝𝑝} , respectively. 

Based on the two criteria, a B cell 𝑖𝑖 sampled after secondary immunization is labeled as EGC-derived 

if and only if 

𝑠𝑠𝑖𝑖 ∈ 𝕊𝕊\𝑖𝑖 ∪ 𝕊𝕊𝑝𝑝 

where 𝕊𝕊\𝑖𝑖 = {𝑠𝑠1, . . , 𝑠𝑠𝑖𝑖−1, 𝑠𝑠𝑖𝑖+1, … , 𝑠𝑠𝑆𝑆} is defined as the set of sequences in 𝕊𝕊 excluding 𝑠𝑠𝑖𝑖 . 

The sensitivity, or true positive rate, of the classification is defined as the following expected value:  

𝑇𝑇𝑇𝑇𝑇𝑇 = Ε �
𝑛𝑛𝑇𝑇𝑇𝑇

𝑛𝑛𝑇𝑇𝑇𝑇 + 𝑛𝑛𝐹𝐹𝐹𝐹
� 

where 𝑛𝑛𝑇𝑇𝑇𝑇 and 𝑛𝑛𝐹𝐹𝐹𝐹 are the number of true positives and false negative in the labeled samples. A 

true positive sample is an EGC-derived sequence labeled as EGC-derived, and false positive is an EGC-

derived sequence labeled as GC-derived.  
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An equivalent definition for sensitivity is the probability that an EGC-derived sequence will be 

labeled correctly as EGC-derived. That is, 

TPR = Pr (𝑠𝑠𝑖𝑖 ∈ 𝕊𝕊\𝑖𝑖 ∪ 𝕊𝕊𝑝𝑝|𝑠𝑠𝑖𝑖 ∈ 𝕊𝕊𝐸𝐸𝐸𝐸𝐸𝐸) Eq. (20) 

Let ∑ 𝑛𝑛𝑗𝑗𝐾𝐾
𝑗𝑗=1 = 𝑁𝑁, ∑ 𝑚𝑚𝑗𝑗

𝐾𝐾
𝑗𝑗=1 = 𝑀𝑀, ∑ 𝑙𝑙𝑗𝑗𝐾𝐾

𝑗𝑗=1 = 𝐿𝐿. Then, the sensitivity can be calculated as 

𝑇𝑇𝑇𝑇𝑇𝑇 = 1 − Pr�𝑠𝑠𝑖𝑖 ∉ 𝕊𝕊\𝑖𝑖 ∪ 𝕊𝕊𝑝𝑝|𝑠𝑠𝑖𝑖 ∈ 𝕊𝕊𝐸𝐸𝐸𝐸𝐸𝐸� 

= 1 −�Pr�𝑠𝑠𝑗𝑗𝐸𝐸𝐸𝐸𝐸𝐸 ∉ 𝕊𝕊\𝑖𝑖 ∪ 𝕊𝕊𝑝𝑝�𝑠𝑠𝑖𝑖 = 𝑠𝑠𝑗𝑗𝐸𝐸𝐸𝐸𝐸𝐸�Pr�𝑠𝑠𝑖𝑖 = 𝑠𝑠𝑗𝑗𝐸𝐸𝐸𝐸𝐸𝐸�𝑠𝑠𝑖𝑖 ∈ 𝕊𝕊𝐸𝐸𝐸𝐸𝐸𝐸�
𝐾𝐾

𝑗𝑗=1

 

= 1

−�Pr�𝑠𝑠𝑗𝑗𝐸𝐸𝐸𝐸𝐸𝐸 ∉ 𝕊𝕊\𝑖𝑖 ∪ 𝕊𝕊𝑝𝑝�𝑠𝑠𝑖𝑖 = 𝑠𝑠𝑗𝑗𝐸𝐸𝐸𝐸𝐸𝐸�Pr�𝑠𝑠𝑗𝑗𝐸𝐸𝐸𝐸𝐸𝐸 ∉ 𝕊𝕊𝑝𝑝�𝑠𝑠𝑖𝑖 = 𝑠𝑠𝑗𝑗𝐸𝐸𝐸𝐸𝐸𝐸�Pr�𝑠𝑠𝑖𝑖 = 𝑠𝑠𝑗𝑗𝐸𝐸𝐸𝐸𝐸𝐸�𝑠𝑠𝑖𝑖 ∈ 𝕊𝕊𝐸𝐸𝐸𝐸𝐸𝐸

𝐾𝐾

𝑗𝑗=1

 

=  1 −�
𝒞𝒞𝑆𝑆−1
𝑁𝑁+𝑀𝑀−𝑛𝑛𝑗𝑗

𝒞𝒞𝑆𝑆−1𝑁𝑁+𝑀𝑀
𝒞𝒞𝑆𝑆
𝐿𝐿−𝑙𝑙𝑗𝑗

𝒞𝒞𝑆𝑆𝐿𝐿
𝑛𝑛𝑗𝑗
𝑁𝑁 

𝐾𝐾

𝑗𝑗=1

 

≜ 1 −�
𝑛𝑛𝑗𝑗
𝑁𝑁

𝐾𝐾

𝑗𝑗=1

𝑄𝑄(𝑛𝑛𝑗𝑗 , 𝑆𝑆) 𝑄𝑄′( 𝑙𝑙𝑗𝑗 , 𝑆𝑆) 
Eq. (21) 

where 𝑄𝑄�𝑛𝑛𝑗𝑗 , 𝑆𝑆� = (𝑁𝑁+𝑀𝑀−𝑆𝑆+1)
(𝑁𝑁+𝑀𝑀)

(𝑁𝑁+𝑀𝑀−𝑆𝑆)
(𝑁𝑁+𝑀𝑀−1) … �𝑁𝑁+𝑀𝑀−𝑛𝑛𝑗𝑗−𝑆𝑆+2�

�𝑁𝑁+𝑀𝑀−𝑛𝑛𝑗𝑗+1�
, 𝑄𝑄′� 𝑙𝑙𝑗𝑗 , 𝑆𝑆� = (𝐿𝐿−𝑆𝑆)

𝐿𝐿
(𝐿𝐿−𝑆𝑆−1)

(𝐿𝐿−1) … �𝐿𝐿−𝑆𝑆−𝑙𝑙𝑗𝑗+1�
�𝐿𝐿−𝑙𝑙𝑗𝑗+1�

 

𝑄𝑄(𝑛𝑛𝑗𝑗 , 𝑆𝑆) decreases with 𝑛𝑛𝑗𝑗  and 𝑆𝑆. Thus, the sensitivity will be high if most B cells belong to largely 

expanded sequences, and if the sampling number is large. 𝑄𝑄′� 𝑙𝑙𝑗𝑗 , 𝑆𝑆� decreases with 𝑙𝑙𝑗𝑗 and 𝑆𝑆. Thus, the 

sensitivity will be high if for the values of 𝑗𝑗 such that 𝑛𝑛𝑗𝑗  is large, 𝑙𝑙𝑗𝑗 is also large.  

The precision, or positive predictive value, of the classification is defined as  

𝑃𝑃𝑃𝑃𝑃𝑃 = Ε �
𝑛𝑛𝑇𝑇𝑇𝑇

𝑛𝑛𝑇𝑇𝑇𝑇 + 𝑛𝑛𝐹𝐹𝐹𝐹
� 

where 𝑛𝑛𝐹𝐹𝐹𝐹  is the number of false positives, or GC-derived B cells labeled as EGC-derived. An 

equivalent definition for precision is the probability that an EGC-labeled B cell is a true EGC-derived 

B cell.   

𝑃𝑃𝑃𝑃𝑃𝑃 =  Pr �𝑠𝑠𝑖𝑖 ∈ 𝕊𝕊𝐸𝐸𝐸𝐸𝐸𝐸�𝑠𝑠𝑖𝑖 ∈ �𝕊𝕊𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ∪ 𝕊𝕊\𝑖𝑖�� Eq. (22) 

Using Bayes’ rule, 
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𝑃𝑃𝑃𝑃𝑃𝑃 =
Pr�𝑠𝑠𝑖𝑖 ∈ �𝕊𝕊𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ∪ 𝕊𝕊\𝑖𝑖��𝑠𝑠𝑖𝑖 ∈ 𝕊𝕊𝐸𝐸𝐸𝐸𝐸𝐸)Pr (𝑠𝑠𝑖𝑖 ∈ 𝕊𝕊𝐸𝐸𝐸𝐸𝐸𝐸)

Pr �𝑠𝑠𝑖𝑖 ∈ �𝕊𝕊𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ∪ 𝕊𝕊\𝑖𝑖��
 

=
Pr�𝑠𝑠𝑖𝑖 ∈ �𝕊𝕊𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ∪ 𝕊𝕊\𝑖𝑖��𝑠𝑠𝑖𝑖 ∈ 𝕊𝕊𝐸𝐸𝐸𝐸𝐸𝐸)Pr (𝑠𝑠𝑖𝑖 ∈ 𝕊𝕊𝐸𝐸𝐸𝐸𝐸𝐸)

Pr (�𝑠𝑠𝑖𝑖 ∈ �𝕊𝕊𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ∪ 𝕊𝕊\𝑖𝑖��𝑠𝑠𝑖𝑖 ∈ 𝕊𝕊𝐸𝐸𝐸𝐸𝐸𝐸))Pr (𝑠𝑠𝑖𝑖 ∈ 𝕊𝕊𝐸𝐸𝐸𝐸𝐸𝐸) + Pr (�𝑠𝑠𝑖𝑖 ∈ �𝕊𝕊𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ∪ 𝕊𝕊\𝑖𝑖��𝑠𝑠𝑖𝑖 ∈ 𝕊𝕊𝐺𝐺𝐺𝐺))Pr (𝑠𝑠𝑖𝑖 ∈ 𝕊𝕊𝐺𝐺𝐺𝐺)
 

=
𝑇𝑇𝑇𝑇𝑇𝑇( 𝑁𝑁

𝑁𝑁 + 𝑀𝑀)

𝑇𝑇𝑇𝑇𝑇𝑇 � 𝑁𝑁
𝑁𝑁 + 𝑀𝑀� + �1 − ∑

𝑚𝑚𝑗𝑗
𝑁𝑁

𝐾𝐾
𝑗𝑗=1 𝑄𝑄(𝑚𝑚𝑗𝑗 , 𝑆𝑆)� � 𝑀𝑀

𝑁𝑁 + 𝑀𝑀�
 

Eq. (23)  

Assuming that 𝑁𝑁 and 𝑀𝑀 are similar, high precision is reached if the values of 𝑄𝑄(𝑚𝑚𝑗𝑗 , 𝑆𝑆) are large 

for the GC-derived B cells. Since 𝑄𝑄(𝑚𝑚𝑗𝑗 , 𝑆𝑆) increases with decreasing 𝑚𝑚𝑗𝑗 , precision is high if many GC-

derived sequences have similar sizes.  

We applied this analysis to the data from simulations to find the sensitivity and precision of the 

method. We also tested the analysis against Monte-Carlo sampling of sequences from the simulations. 

For this, we sampled equal numbers of memory B cells from 1 month after Vax 1 and 5 months after 

Vax 2. Then we applied the labeling method and calculated the number of true positives, false 

negatives, and false positives. This was repeated 1000 times to calculate the mean sensitivity and 

precision.  

 

Epitope masking 

When epitope masking is considered in the simulations, B cells can only see free antigen. The total 

amount of antigen in a lymph node is [𝐴𝐴𝐴𝐴] + [𝐼𝐼𝐼𝐼] + [𝐼𝐼𝐼𝐼 − 𝐹𝐹𝐹𝐹𝐹𝐹] = [𝐴𝐴𝐴𝐴]𝑡𝑡𝑡𝑡𝑡𝑡 . Let us use subscripts 1 

and 2 to denote antibodies that target the dominant and subdominant epitopes, respectively, and let 

𝑞𝑞 be the epitope overlap. The effective concentration and mean binding affinity of the antibodies that 

cover the dominant epitope are [𝐼𝐼𝑔𝑔1]𝑒𝑒𝑒𝑒𝑒𝑒 = [𝐼𝐼𝑔𝑔1] + 𝑞𝑞[𝐼𝐼𝑔𝑔2]  and 1
𝐾𝐾𝑑𝑑1,𝑒𝑒𝑒𝑒𝑒𝑒

= ([𝐼𝐼𝑔𝑔1]
𝐾𝐾𝑑𝑑,1

+ 𝑞𝑞[𝐼𝐼𝑔𝑔2]
𝐾𝐾𝑑𝑑,2

)/[𝐼𝐼𝑔𝑔1]𝑒𝑒𝑓𝑓𝑓𝑓 , 

respectively. Using these values, the free antigen concentration for the dominant epitope, [𝐴𝐴𝐴𝐴]𝑡𝑡𝑡𝑡𝑡𝑡,1, 

can be calculated from the following equilibrium. 

𝐾𝐾𝑑𝑑1,𝑒𝑒𝑒𝑒𝑒𝑒 =
[𝐴𝐴𝐴𝐴]𝑡𝑡𝑡𝑡𝑡𝑡,1[𝐼𝐼𝑔𝑔1]𝑒𝑒𝑒𝑒𝑒𝑒

[𝐴𝐴𝐴𝐴]𝑡𝑡𝑡𝑡𝑡𝑡 − [𝐴𝐴𝐴𝐴]𝑡𝑡𝑡𝑡𝑡𝑡,1
 

Eq. (24)  

Here, we used the fact that typically [𝐼𝐼𝑔𝑔1]𝑒𝑒𝑒𝑒𝑒𝑒 ≫ [𝐴𝐴𝐴𝐴]𝑡𝑡𝑡𝑡𝑡𝑡  to approximate the free antibody 

concentration. Finally, to calculate the effective free antigen concentration for the dominant epitope, 

𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒,1, we must adjust for the fractions of the free antigen that are soluble or on FDC as follows: 
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𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒,1 = [𝐴𝐴𝐴𝐴]𝑡𝑡𝑡𝑡𝑡𝑡,1 �0.01
[𝐴𝐴𝐴𝐴] + [𝐼𝐼𝐼𝐼]

[𝐴𝐴𝐴𝐴]𝑡𝑡𝑡𝑡𝑡𝑡
+

[𝐼𝐼𝐼𝐼 − 𝐹𝐹𝐹𝐹𝐹𝐹]
[𝐴𝐴𝐴𝐴]𝑡𝑡𝑡𝑡𝑡𝑡

� 
Eq. (25)  

The effective free antigen concentration for the subdominant epitope can be calculated similarly. 

Note that although ICs are tethered to FDC, we treat them as free antigen unless it is additionally 

covered by serum antibody, similar to the computational model from a previous study.80 In the 

experimental part of this study, mice were immunized with 4-hydroxy-nitrophenyl coupled to 

chicken gamma globulin (NP-CGG) along with NP-specific antibodies so that the ICs were deposited 

on FDCs. These ICs on FDCs elicited NP-specific serum response, suggesting that the NP epitope was 

not blocked by the tethering of IC to FDC.  
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3.6. Supplemental Figures and Tables 

 

Figure 3-S1. Simulation Details for B cells and 2-epitope model. (A) Distribution of germline-endowed 
affinities of naïve B cells, parameterized by 𝐸𝐸1ℎ, 𝑑𝑑𝐸𝐸12, and 𝑝𝑝. Left panel) 𝐸𝐸1ℎ and 𝑑𝑑𝐸𝐸12 specifies the slopes of the 
distributions. The naïve B cells can have germline affinities between 6 and 8 at intervals of 0.2. 𝐸𝐸1ℎ is the affinity 
at which the frequency of naïve B cell that target the dominant epitope would be 1 per GC, assuming there are 
2000 B cells distributed according to geometric distribution. It thus specifies the slope of the distribution for 
the B cells that target the dominant epitope. Analogously, 𝐸𝐸1ℎ − 𝑑𝑑𝐸𝐸12 specifies the slope for the B cells that target 
the subdominant epitope. Right panel) The distributions are adjusted based on the parameter 𝑝𝑝. The fraction 
of all naïve B cells that target the dominant and subdominant epitopes are 1 − 𝑝𝑝  and 𝑝𝑝 , respectively. The 
distributions from the left panel are multiplied by these values to obtain the actual naïve B cell frequencies. (B) 
Schematics showing how the binding affinities against the WT and the variant strains are determined for a 
given B cell, 𝑖𝑖. The mutation state vector, 𝛿𝛿𝚤𝚤���⃗ , is initially a string of zeros and some residues are mutated to ones 
during the affinity maturation. The effects of a mutation of each residue on the WT and variant affinities (𝑠𝑠𝑖𝑖,𝑗𝑗𝑤𝑤𝑤𝑤 , 
𝑠𝑠𝑖𝑖,𝑗𝑗𝑣𝑣𝑣𝑣𝑣𝑣  for residue 𝑗𝑗) are drawn from a correlated probability distribution. The binding affinities (𝐸𝐸𝑖𝑖𝑊𝑊𝑊𝑊,𝐸𝐸𝑖𝑖𝑣𝑣𝑣𝑣𝑣𝑣) are 
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sums of the initial affinities (𝐸𝐸𝑖𝑖
0,𝑤𝑤𝑤𝑤,𝐸𝐸𝑖𝑖

0,𝑣𝑣𝑣𝑣𝑣𝑣) and the effects of mutated residues. (C) Marginal probability density 
function and cumulative distribution function for both the random variables 𝑠𝑠𝑖𝑖,𝑗𝑗𝑤𝑤𝑤𝑤 and 𝑠𝑠𝑖𝑖,𝑗𝑗𝑣𝑣𝑣𝑣𝑣𝑣 . That is, they show 
probabilities of how a mutation of one residue from 0 to 1 will change the binding affinities. Although a single 
mutation will contribute differently to the WT and variant affinities, statistically for both variants ~5% of the 
all mutations increase affinity, and the best beneficial mutations increase the affinity by ~10 fold. (D) Fraction 
of the mutations that increase the affinity against the WT which also increase the affinity against the variant. 
𝑠𝑠𝑖𝑖,𝑗𝑗𝑤𝑤𝑤𝑤 and 𝑠𝑠𝑖𝑖,𝑗𝑗𝑣𝑣𝑣𝑣𝑣𝑣  are drawn from correlated distributions parameterized by 𝜌𝜌, so that as 𝜌𝜌 increases, mutations that 
are beneficial for binding both strains become more common. Thus, 𝜌𝜌 represents the level of conservation of 
the epitope between the WT and the variant.   
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Figure 3-S2. Details of Vax1 and Vax2 B cell response. (A) Mean number of naïve B cells that enter a GC over 
time. The model allows similar number of naive B cells to enter GC after Vax 1 and Vax 2. This model is 
conservative because higher antigen availability after Vax 2 could increase the number of naïve B cell entry, 
which would strengthen the finding of greater B cell diversity from Vax 2 response. (B) Histogram showing the 
distribution of the fraction of GC B cells that belong to the single largest lineage at 14 days after Vax 1 and Vax 
2. Most of the Vax 1 GCs are already dominated by a single lineage at this time, in contrast to the Vax 2 GCs. (C) 
Number of memory cells from the same lineages, shown in the order of largest to smallest lineages. A few 
largest lineages dominate the Vax 2 EGC response, like Vax 1 GC response. In contrast, diverse lineages of 
similar sizes make up the Vax 2 GC response. Result from a single simulation of 200 GCs. (D-F) Cross-reactivity 
of memory B cells derived from GCs and EGCs. The area of the circles scale with the number of cells that have 
the identical affinities. (D) GC at 1m after Vax 1, (E) EGC after Vax 2, (F) GC at 5m after Vax 2. Only a very small 
number of subdominant memory cells are generated after Vax 1, and they undergo limited expansion in EGC 
after Vax 2. In contrast, diverse subdominant B cells are produced in Vax 2 GCs, some of which have very high 
affinities towards the variant.  
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Figure 3-S3. Parameter sensitivity analysis. Number of memory B cells derived from GCs at 1 month after 
Vax 1 and 5 months after Vax 2 that target dominant and subdominant epitopes, when various simulations 
parameters are changed. (A) The reference antigen concentration, 𝐶𝐶0, is varied. Decreasing 𝐶𝐶0 makes B cells 
easily activated even when the antigen concentration is small. The quantitative difference between the number 
of subdominant memory cells after Vax 2 and Vax 1 is largest when 𝐶𝐶0 is large; that is, when the importance of 
antigen concentration is high. However, the qualitative trend that more subdominant B cells are generated after 
Vax 2 is robust across ~2 orders of magnitude variation in 𝐶𝐶0. (B-C) Parameters that characterize the affinity 
distribution of naïve B cells are varied. 𝐸𝐸1ℎ and 𝑑𝑑𝐸𝐸12 are varied in (B), 𝑝𝑝 and 𝑑𝑑𝐸𝐸12 are varied in (C). For some 
parameter values, especially small 𝑑𝑑𝐸𝐸12  and large 𝑝𝑝, some subdominant memory cells develop after Vax 1. 
However, for all parameter values, the number of subdominant B cells greatly increases after Vax 2, showing 
the robustness of our findings. (D) Parameter 𝐾𝐾, which controls the stringency of selection, is varied. Both after 
Vax 1 and Vax 2, more subdominant B cells develop when selection is permissive (small value of 𝐾𝐾). For all 
values of 𝐾𝐾 tested, the number of subdominant B cells greatly increase after Vax 2 compared to Vax 1. (E) An 
alternative model of antigen capture is used, and the parameter 𝐻𝐻 is varied. With this model, the amount of 
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antigen captured by B cells saturates if the product of B cell affinity and antigen concentration is much greater 
than 𝐻𝐻. The original model is equivalent to infinite 𝐻𝐻. The qualitative finding is robust. Quantitatively, slightly 
more subdominant B cells develop after Vax 2 but not after Vax 1 when 𝐻𝐻 is small, because selection becomes 
permissive when antigen concentration is high. (F) 𝑝𝑝1, the fraction of positively selected GC B cells that exits 
GC, and 𝑝𝑝2, the fraction of such cells that become plasma cells are varied. Left panel) If 𝑝𝑝2 increases, GC-derived 
B cells contribute more to the antibody titer at long times after Vax 2. This makes the antibody dynamics not 
consistent with clinically observed behavior where the antibody titers decay over time after Vax 2. Middle panel) 
If 𝑝𝑝1 increases, the ratio between GC-derived memory cells and EGC-derived memory cells change, and the total 
number of memory cells increase over time. Right panel) The qualitative finding of the study is highly robust 
to changes in 𝑝𝑝1  and 𝑝𝑝2 . Only relatively narrow range of 𝑝𝑝1  and 𝑝𝑝2  values will be consistent with clinically 
observed dynamics of antibody titer and memory cell numbers, and these uncertainties will not affect the 
general findings of the study.  
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Figure 3-S4. Effect of memory B cell re-entry in secondary GCs. (A) Number of memory B cells derived from 
GCs at 5 months after Vax 2 that target dominant and subdominant epitopes, when different fractions of pre-
existing memory cells generated from Vax 1 GCs were allowed to re-enter Vax 2 GCs. (B) Fraction of memory 
cells derived from Vax 2 GC that are descendants of memory cells generated from Vax 1 and re-entered Vax 2 
GC, as a function of the highest affinity of such re-activated memory cells. Each GC is represented by a blue dot 
(n=2000). The black curve shows the mean values. The fraction of pre-existing memory cells allowed to re-
enter the secondary GCs is 0.04. 

  



 101 

 

Figure 3-S5. Performance of the EGC B cell labeling method. (A) Number of memory B cells from simulated 
data that have identical sequences, shown in the order of most to least expanded sequences. A few sequences 
dominate the Vax 2 EGC-derived memory cells. In contrast, diverse sequences of similar sizes make up the Vax 
2 GC-derived memory cells. Result is from a single simulation of 200 GCs. (B) Sensitivity and precision of our 
method for finding EGC-derived B cells tested on simulated data while assuming varying numbers of sequences 
were sampled. The statistics calculated with Bayesian inference and with Monte Carlo method agree well. When 
only small number of sequences are sampled, the sensitivity will be low, but the precision will be high. This is 
likely the case for the clinical data; however, since the actual number of memory B cells in vaccinated humans 
will be different from the simulated data, the quantitative numbers can be different. Sensitivity is defined as 
(TP/TP+FN), and precision is defined as (TP/TP+FP). TP: True Positive (EGC B cell labeled as EGC), FN: False 
Negative (EGC B cell labeled as GC), FP: False Positive (GC B cell labeled as EGC).  
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Figure 3-S6. Epitope masking. (A) Fraction of antigen molecules that will remain unmasked at ~3 weeks after 
Vax 1 and ~2 weeks after Vax 2, calculated using the concentration and affinity of serum antibody from mRNA-
vaccinated subjects (Demonbreun et al., 2021; Macdonald et al., 2022). (B) Effective antigen concentrations for 
B cells that target dominant and subdominant epitopes after Vax 2, when epitope masking is completely epitope 
specific with no overlap. (C) Number of GC B cells that target dominant and subdominant epitopes after Vax 2, 
when epitope masking is completely epitope specific with no overlap.  
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Table 3-S1. Equations and parameters for antigen dynamics. Reactions that govern antigen dynamics and 
the differential-algebraic equations that describe the changes in concentrations of species. Initial values and 
parameter values are also shown. Abbreviations: soluble antigen (Ag), soluble antibody (Ig), soluble immune 
complex (IC), immune complex on follicular dendritic cell (IC-FDC), plasma cell (PC). 

Reaction Description 

𝐴𝐴𝐴𝐴 →∅ Decay of free soluble antigen 

𝐴𝐴𝐴𝐴 + 𝐼𝐼𝐼𝐼 ⇌ 𝐼𝐼𝐼𝐼  Fast equilibrium between free soluble antigen and antibody 

𝐼𝐼𝐼𝐼 → 𝐼𝐼𝐼𝐼 − 𝐹𝐹𝐹𝐹𝐹𝐹 Immune complex transport to follicular dendritic cells 

𝑃𝑃𝑃𝑃 → 𝑃𝑃𝑃𝑃 + 𝐼𝐼𝐼𝐼 Antibody production by plasma cells 

𝐼𝐼𝐼𝐼 − 𝐹𝐹𝐹𝐹𝐹𝐹 →  ∅ Consumption and decay of immune complexes on follicular dendritic 

cells 

𝐼𝐼𝐼𝐼 →  ∅ Decay of free soluble antibody 

Governing Equation Initial Condition / parameters Note 
[𝐴𝐴𝐴𝐴][𝐼𝐼𝐼𝐼]

[𝐼𝐼𝐼𝐼]
= 𝐾𝐾𝑑𝑑 

[𝐴𝐴𝐴𝐴]0 = 10 nM Values were picked within 
reasonable physiological ranges 
63,78 

[𝐼𝐼𝐼𝐼]0 = 10−2 nM 

[𝐼𝐼𝐼𝐼]0 = 0 nM Initially no IC exists 
𝐾𝐾𝑑𝑑0 = 10−6 M Initial value for low affinity; 

Changes over simulation 
𝑑𝑑[𝐴𝐴𝐴𝐴]
𝑑𝑑𝑑𝑑

= −𝑑𝑑𝐴𝐴𝐴𝐴[𝐴𝐴𝐴𝐴] 
𝑑𝑑𝐴𝐴𝐴𝐴 = 3 day−1 Picked to be fast33,63,98 

𝑑𝑑[𝐼𝐼𝐼𝐼]
𝑑𝑑𝑑𝑑

= −𝑘𝑘𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑[𝐼𝐼𝐼𝐼] 
𝑘𝑘𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 1 hour−1 Picked to be fast63,98 

𝑑𝑑[𝐼𝐼𝐼𝐼 − 𝐹𝐹𝐹𝐹𝐹𝐹]
𝑑𝑑𝑑𝑑

= 𝑘𝑘𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑[𝐼𝐼𝐼𝐼] 
                       −𝑑𝑑𝐼𝐼𝐼𝐼[𝐼𝐼𝐼𝐼 − 𝐹𝐹𝐹𝐹𝐹𝐹] 

[𝐼𝐼𝐼𝐼 − 𝐹𝐹𝐹𝐹𝐹𝐹]0 = 0 Initially no IC-FDC exists 

𝑑𝑑𝐼𝐼𝐼𝐼 = 0.15 day−1 Represents the consumption and 
decay of antigen on FDC. Picked 
so that secondary GCs last ~3 
months 

𝑑𝑑[𝐼𝐼𝐼𝐼]
𝑑𝑑𝑑𝑑

= 𝑘𝑘𝐼𝐼𝐼𝐼[𝑃𝑃𝑃𝑃] − 𝑑𝑑𝐼𝐼𝐼𝐼[𝐼𝐼𝐼𝐼] 
𝑘𝑘𝐼𝐼𝐼𝐼 = 0.8 × 10−2 nM day−1 PC−1 Picked to match the antibody titers 

at the peak of Vax2 response to the 
values described in the 
literature8,54 

𝑑𝑑𝐼𝐼𝐼𝐼 =  0.025 day−1 Picked to give antibody half-life of 
~28 days54 

𝑑𝑑𝐾𝐾𝑑𝑑
𝑑𝑑𝑑𝑑

=
(𝐾𝐾𝑑𝑑𝑃𝑃𝑃𝑃 − 𝐾𝐾𝑑𝑑)𝑘𝑘𝐼𝐼𝐼𝐼[𝑃𝑃𝑃𝑃]

[𝐼𝐼𝐼𝐼] + [𝐼𝐼𝐼𝐼]
 

𝐾𝐾𝑑𝑑𝑃𝑃𝑃𝑃 is the mean affinity of PCs See METHODS Eq. 1 for 
derivation 
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Table 3-S2. Simulation parameters. Description of the parameters used in the simulation. Entries highlighted 
with color denote the parameters whose values are varied for robustness test in the supplemental figures. For 
the other parameters, the values were chosen to be consistent with experimental observations as described. 
However, they were not explicitly fitted to data because our model considers new phenomena that has not been 
studied before and it is therefore not possible to quantitatively fit every past experimental data.  

Parameter Equation Description Value Note 
B cells 

𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 METHODS 
Eqs. 2-3 

Number of naïve B cells / GC 2000 cells/GC About 1 × 1010 total naïve 
B cells91,92 multiplied by 
the frequency of RBD-
specific naïve B cells in 

humans,39 about 1 in 3 ×
104, and divided by 200 

GCs 
𝑝𝑝 METHODS 

Eqs. 2-3 
Fraction of germline B cells 

that are subdominant 
0.2 for main panels; 
varied between 0.02 

and 0.5 for robustness 
test 

Varied in simulation 

𝐸𝐸1ℎ METHODS 
Eqs. 4-5 

Affinity at which there is one 
dominant naive B cell 

available for each GC on 
average 

7 for main panels; 
varied between 7 and 8 

for robustness test 

Varied in simulation 

𝑑𝑑𝐸𝐸12 METHODS 
Eq. 5 

𝐸𝐸1ℎ − 𝑑𝑑𝐸𝐸12 is the affinity at 
which there is one 

subdominant naïve B cell 
available for each GC on 

average 

0.4 for main panels; 
varied between 0 and 1 

for robustness test 

Varied in simulation 

𝑛𝑛𝑟𝑟𝑟𝑟𝑟𝑟 METHODS 
Eqs. 6-7 

Length of the string 
representation of B cell 

residues 

80 Upper range of the sum of 
CDR lengths in heavy and 

light chain99 
𝜇𝜇,𝜎𝜎, 𝜖𝜖 METHODS 

Eq. 8 
Parameters for the shifted 
log-normal distribution that 

represent the effects of 
mutations on B cell binding 

affinities 

3.1, 1.2, 3.08 Based empirical 
distribution of protein 

mutations, which 
suggests 5% of mutations 
increase binding affinity43 

𝜌𝜌 METHODS 
Eq. 9 

Level of conservation of an 
epitope on WT and variant 

0.95 for subdominant, 
0.4 for dominant 

Picked from several 
values tested; no changes 

in qualitative findings 
when varied within 
reasonable range 

GC and EGC 
𝐶𝐶0 METHODS 

Eq. 10 
Reference antigen 

concentration 
8 × 10−3 nM for main 

panels; varied between 
1 × 10−3 and 6.4 ×

10−2 nM for robustness 
test 

Varied in simulation 

𝐸𝐸0 METHODS 
Eq. 10 

Reference binding affinity 6 Corresponds to 
− log10 𝐾𝐾𝑑𝑑 = 6, which is a 
typical threshold for naïve 

B cell activation37 
𝐾𝐾 METHODS 

Eq. 10 
Stringency of selection of 
naïve and GC B cells by 

helper T cells based on the 
amounts of antigen 

internalized 

0.5 for main panels; 
varied between 0.3 and 

1 for robustness test 

Varied in simulation 
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𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚 METHODS 
Eq. 12 

Approximately the maximum 
number of naïve B cells that 

can enter GC per day 

10 day−1 Picked to match 
experimental observation 

in mice64 
𝐻𝐻 METHODS 

Eq. 14 
Parameter that controls the 

saturation point when 
alternative definition for 

antigen internalization is used 

20, 100, 500 Varied in simulation 

𝛽𝛽𝑚𝑚𝑚𝑚𝑚𝑚 METHODS 
Eq. 15 

Maximum rate of positive 
selection for GC and EGC B 

cells 

2.5 day−1 Maximum proliferation is 
about ~4 times / day53 

𝑁𝑁𝑇𝑇0 METHODS 
Eq. 17 

Maximum number of helper T 
cells 

1200 Picked to give peak GC 
size of ~1000 B cells 

𝑡𝑡0 METHODS 
Eq. 17 

Time at which the number of 
helper T cells reaches 

maximum 

14 day Matches the dynamics in 
mRNA-vaccinated 

humans54 
𝑑𝑑𝑇𝑇 METHODS 

Eq. 17 
Rate of decay for helper T 

cells 
0.015 day−1 Matches the dynamics in 

mRNA-vaccinated 
humans54 

𝛼𝛼 METHODS 
Eq. 18 

Death rate of GC B cells 0.5 day−1 Picked to allow B cells to 
survive ~2 days before 
death if they don’t get 

selected 
Memory and Plasma Cell Dynamics 

𝑝𝑝1 - Probability that a positively 
selected GC B cell exits by 

differentiation 

0.05 for main panels; 
varied between 0.03 

and 0.1 for robustness 
test 

Varied in simulation 

𝑝𝑝2 - Probability that a 
differentiating GC B cell 
becomes a plasma cell 

0.1 for main panels; 
varied between 0.1 and 
0.5 for robustness test 

Varied in simulation 

𝑝𝑝2𝐸𝐸𝐸𝐸𝐸𝐸 - Probability that a proliferating 
memory cell in EGC 

differentiates into a plasma 
cell 

0.6 Based on observation in 
mice that ~60% of 

reactivated B memory 
cells become short-lived 

plasma cells62 
𝑑𝑑𝑃𝑃𝑃𝑃 METHODS 

Eq. 19 
 
 

Death rate of plasma cells 0.17 day−1 Short-lived plasma cells 
have half life of ~4 

days100 
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Table 3-S3. Summary of the simulation algorithm. Pseudocode that summarizes the simulation algorithm 
implemented in MATLAB. It describes a single run of the simulation that models 200 GCs and an EGC. 

Inputs: Parameters defining the following simulation conditions: vaccine dose number; germline affinity 
distribution of naïve B cells (𝐸𝐸1ℎ,𝑑𝑑𝐸𝐸12,𝑝𝑝); whether epitope masking is considered and epitope overlap; 
selection model and stringency of selection (𝐻𝐻,𝐾𝐾); fractions of selected GC B cells that become memory 
or plasma cells (𝑝𝑝1,𝑝𝑝2); reference antigen concentration (𝐶𝐶0); fraction of pre-existing memory cells that 
can re-enter GCs; simulation number index 
Outputs: Arrays that have following information about the simulation: antigen and antibody 
concentrations over time; GC entry time of naive B cells; numbers, lineages, target epitopes, affinities, 
and mutation states of GC B cells; similar information for memory and plasma cells derived from GCs 
and EGCs 
Initializations 
Initialize the random number generator with simulation number index. 
For each of the 200 GCs, initialize the pool of naïve B cells with their lineages, target epitopes, initial WT- 
and variant-binding affinities. 
For each naïve B cell, initialize the effects of the mutations of its residues on the WT- and variant-binding 
affinities, by sampling them from appropriate probability distributions.  
Initialize the antigen concentrations, antibody concentrations, and antibody binding affinities. 
Initialize the arrays of GC B cells, GC-derived memory and plasma cells, EGC-derived memory and 
plasma cells. 
Initialize the array of GC B cell mutation states with zeros. 
If dose number is 2 or greater, do 

Initialize the antigen concentrations, antibody concentrations, antibody binding affinities, and 
plasma cells number and affinities to pre-existing values.     
 If memory B cell entry to GCs is allowed, do 

Randomly choose a defined fraction of pre-existing memory B cells and add to the pool 
of naive B cells. 

End If 
 Add pre-existing 
memory B cells to EGC. 
Else If dose number is 1 

Initialize the antigen concentrations, antibody concentrations, antibody binding affinities, and 
plasma cells number and affinities to prime values.   

End If 
Simulation of immune response 
For time from 0 to maximum time defined for each immunization in increment of 0.01 day, do 

Update Concentrations 
Antibody: 
From the number and affinities of plasma cells, calculate the amount and WT- and variant-
binding affinities of newly produced antibodies, separately for the dominant and subdominant 
epitope targeting antibodies. 
Update the antibody concentrations and mean binding affinities after decay and production. 
Stochastically determine the plasma cells that will undergo apoptosis based on the death rates. 
 
Antigen: 
From the soluble antigen concentration, antibody concentrations, and antibody affinities, 
determine the concentrations of soluble free antigen and IC.  
Update the soluble free antigen concentration after decay. 
Update the soluble IC concentration after transport to FDC.  
Update the IC concentration on FDC after new deposition and decay. 
If epitope masking is imposed, do 

Based on the degree of overlapping between the dominant and subdominant epitopes, 
calculate the effective concentration and binding affinities of the antibodies for masking 
of each epitope. 
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Calculate the free antigen concentration based on equilibrium. 
End If 
GC 
Determine the amounts of antigen internalized by naïve B cells that have not yet entered GCs. 
Determine the naïve B cells that are activated and positively selected. 
Update the time of GC entry for positively selected naïve B cells and add them to the array of 
GC B cells. 
Determine the amounts of antigen internalized by GC B cells. 
Determine the GC B cells that are activated and positively selected. 
Choose fraction of positively selected GC B cells and differentiate into plasma or memory cells. 
Duplicate the remaining positively selected GC B cells and determine whether silent, apoptosis-
incurring, or affinity-changing mutations will be introduced to each of the daughter cells. 
Update the binding affinities of the new daughter cells and their mutation states accordingly. 
Stochastically determine the GC B cells that will undergo apoptosis based on the death rates. 
EGC 
Determine the amounts of antigen internalized by memory cells. 
Determine the memory cells that are activated and positively selected. 
Duplicate the remaining positively selected memory B cells. 

End for 
Save the results of the simulation. 
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Table 3-S4. Neutralization activities of the recombinant antibodies derived from the 
memory B cells identified as EGC-derived. Related to Figure 3-4. 

IC50 against Omicron were measured against Omicron(R683G) pseudovirus using HT1080/Ace2 

cl14 cells. IC50 against WT were measured against WT(R683G) pseudovirus using HT1080/Ace2 

cl14 cells unless otherwise noted. The IC50 against Omicron and WT were measured newly for 

this study except for C3136, C3050, and C2593, whose IC50 values are taken from previously 

reported values in Muecksch et al.8 More information about the antibodies including their 

sequences, germline gene usage, and somatic mutations can be found in the supplemental tables 

of Muecksch et al. based on their IDs.  

Antibody 
ID 

Found In IC50 Omicron  IC50 WT Counted As EGC Clone in 

C2107 Vax1/Vax2 
1.3m 

1000.0 1000.0 Vax2 

C2173 Vax2 1.3m 1000.0 20.4 Vax2 
C4002 Vax2 1.3m 1000.0 1000.0 Vax2 
C2175 Vax2 1.3m 918.9 11.6 Vax2 
C2174 Vax2 1.3m 920.4 347.2 Vax2 
C2478 Vax2 

1.3m/5m 
948.5 1000.0 Vax2 

C3137 Vax2 5m 694.8 1000.0 Vax2 
C3136* Vax2 5m 896.7 28.5** Vax2 
C3050* Vax2 

5m/Vax3 
931.3 1000** Vax2 and Vax3*** 

C3138 Vax2 
5m/Vax3 

522.5 8.0 Vax3 

C2593* Vax3 0.9 3.9** Vax3 
C4001 Vax3 7.4 0.9 Vax3 
C4003 Vax3 300.6 21.6 Vax3 
C3109 Vax3 271.0 77.8 Vax3 
C3112 Vax3 44.7 27.3 Vax3 
C3117 Vax3 36.4 9.8 Vax3 
*The neutralizing activities of C3136, C3050, C2593 are taken from Muecksch et al. 
**IC50 values for these antibodies were measured against the WT pseudovirus using 
293TAce2 cells, as reported in Muecksch et al.6 
***Multiple identical sequences were found at each timepoint. 
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Chapter 4. 

Two-dose “extended priming” immunization amplifies humoral 
immune responses by synchronizing vaccine delivery with the 
germinal center response 
 

4.1. Summary 

“Extended priming” immunization regimens that prolong exposure of the immune system to vaccines 

during the primary immune response have shown promise in enhancing humoral immune responses 

to a variety of subunit vaccines in preclinical models. We previously showed that escalating-dosing 

immunization (EDI), where a vaccine is dosed every other day in an increasing pattern over 2 weeks 

dramatically amplifies humoral immune responses. But such a dosing regimen is impractical for 

prophylactic vaccines. We hypothesized that simpler dosing regimens might replicate key elements 

of the immune response triggered by EDI. Here we explored "reduced ED" immunization regimens, 

assessing the impact of varying the number of injections, dose levels, and dosing intervals during EDI. 

Using a stabilized HIV Env trimer as a model antigen combined with a potent saponin adjuvant, we 

found that a two-shot extended-prime regimen consisting of immunization with 20% of a given 

vaccine dose followed by a second shot with the remaining 80% of the dose 7 days later resulted in 

increased total GC B cells, 5-10-fold increased frequencies of antigen-specific GC B cells, and 10-fold 

increases in serum antibody titers compared to single bolus immunization. Computational modeling 

of the GC response suggested that this enhanced response is mediated by antigen delivered in the 

second dose being captured more efficiently as immune complexes in follicles, predictions we 

verified experimentally. Our computational and experimental results also highlight how properly 

designed reduced ED protocols enhance activation and antigen loading of dendritic cells and 

activation of T helper cells to amplify humoral responses. These results suggest that a two-shot 

priming approach can be used to substantially enhance responses to subunit vaccines. 

 

4.2. Introduction 

Vaccines are a critical public health tool for the control of infectious diseases and, most recently, 

their efficacy in mitigating severe outcomes during the COVID-19 pandemic has further highlighted 

their importance1. However, despite significant advances, there remain a number of pathogens, 

including the human immunodeficiency virus (HIV), for which effective vaccines are unavailable, 
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owing to challenges such as high mutation rates, immune evasion mechanisms, and unfavorable 

immunodominance patterns2,3. HIV continues to pose a persistent global health threat, and the 

development of an effective vaccine against the virus remains an urgent priority4. Broadly 

neutralizing antibodies that can neutralize diverse strains have been isolated from naturally infected 

people 5 and they target relatively conserved regions of the HIV ENV spike. Based on non-human 

primate and human studies of antibody passive transfer, a vaccine capable of eliciting broadly 

neutralizing antibodies (bnAbs) against the HIV envelope trimer (Env) should be protective against 

HIV infection6–8. However, generation of antibodies capable of broad and potent native HIV 

neutralization via vaccination has proven challenging due to multiple factors including 

immunodominance of non-neutralizing epitopes, high sequence variability of the trimer, and difficult 

structural accessibility of highly conserved epitopes3,9,10. Similar challenges have hindered the 

development of universal influenza vaccines that target the relatively conserved receptor binding 

site of hemagglutinin (HA)11,12.  

Following vaccination, germinal centers (GCs) play a pivotal role in the evolution of the clonality 

and affinity of the antibody response, and influence the composition of the memory B cell and long-

lived plasma cell compartments following immunization13,14. The provision of antigen to GC B cells 

by follicular dendritic cells (FDCs), which efficiently capture complement- or antibody-decorated 

antigen, and support from follicular helper T cells (Tfh), which control GC B cell survival, are crucial 

factors in this process15,16. Notably, the size of the early GC response correlates with the magnitude 

of neutralizing antibodies (Abs) generated by immunization with HIV Env trimers in rhesus 

macaques17. Furthermore, for difficult-to-neutralize pathogens such as HIV, increasing the number 

of clones entering the GC increases the likelihood that a rare germline B cell that targets a neutralizing 

epitope undergoes affinity maturation9,18. 

One effective approach to enhance the GC response during vaccination is via the use of “extended 

prime” dosing regimens for administering HIV immunogens19–22. In this approach, a given dose of 

antigen and adjuvant are provided over a prolonged window of time compared to traditional bolus 

vaccine injection, through methods such as repeated injections19,20,22, implanted drug delivery 

devices19,20, or through slow-release biomaterials23–25. Among these approaches, a simple strategy 

that elicits profound changes to humoral immunity is escalating-dose immunization (EDI), where a 

given dose of vaccine is administered as a series of repeated injections over a period of 2 weeks. For 

stabilized HIV Env trimer immunogens, EDI using seven injections in an exponentially-increasing 

dosing pattern has been shown to increases the magnitude of the GC and Tfh response, increase the 

number of B cell clones entering the GC, increase the size of the memory B cell response, increase 
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autologous tier 2 neutralizing antibody titers, and initiate a GC response that can persist for at least 

6 months in non-human primates19,20,22.  

Although this extended-prime regimen is highly effective, it is not practical for mass vaccination. 

Slow-delivery technologies aiming to mimic the effects of extended dosing regimens following a 

single injection are in development23,26–28, but it remains to be seen if these approaches can fully 

replicate the potency of EDI and they must meet a high bar of safety for wide implementation in 

vaccine development. Our early computational modeling work seeking to understand the mechanics 

of ED vaccine immune responses suggested that the key elements driving strong GC responses 

following ED immunization are the initiation of B cell priming and GC formation by small amounts of 

antigen early in the dosing course, followed by later (~1-2 weeks) arrival of larger quantities of 

antigen that can be captured in immune complexes formed by newly-produced affinity-matured 

antibody in the lymph node 19. This late-arriving antigen becomes deposited on FDCs at high levels, 

providing a reservoir of antigen to drive the GC response.   

Based on these mechanisms, we hypothesized that a “reduced escalating-dose” immunization 

could be possible, where we simplify the ED dosing regimen to just 2 injections: a first dose to initiate 

B cell priming, followed by a second shot 1-2 weeks later that would provide antigen for capture on 

FDCs. Here, we explored the parameter space of EDI and carried out systematic studies varying the 

number of doses, dose ratio, and dose intervals using a model HIV Env stabilized trimer immunogen 

and potent saponin adjuvant in mice. We found that a reduced 2-shot extended-prime approach is 

able to retain much of the benefit of the 7-dose EDI regimen in amplifying the humoral response 

against Env trimers. Guided by computational modeling of mechanistic steps required for T cell and 

B cell priming following bolus or multi-shot immunization, we show that even a two-shot priming 

approach is capable of greatly augmenting antigen deposition on FDCs to drive the GC response 

compared to a bolus priming immunization. Together these data suggest that a simple extended-

prime immunization approach for subunit vaccines could provide substantial enhancements to 

humoral immunity, and provide new insights into how the modulation of vaccine kinetics can be 

leveraged to augment the germinal center response of broad relevance to vaccines for diverse 

infectious diseases. 

 

4.3. Results 

  4.3.1. A two-dose priming regimen greatly augments responses to HIV Env trimer protein 
immunization over traditional bolus immunization 
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Using a stabilized HIV Env SOSIP trimer immunogen engineered to promote priming of N332-

supersite-directed B cells (N332-GT229) and a potent saponin nanoparticle adjuvant (saponin/MPLA 

nanoparticles, SMNP30,31), we conducted an evaluation of simplified dosing regimens in mice. Given 

the large parameter space to explore, we opted to focus on analysis of GC responses at day 14 for all 

groups, as we previously found that GC responses in mice peaked at this timepoint for immunization 

patterns as disparate as bolus and the full 7-dose ED regimen19. First, we tested the effect of number 

of doses, starting from the previously defined optimal 7-ED regimen, and reducing the number of 

doses systematically, while keeping the escalation-over-time pattern, the total time interval (12 

days), and amount of total vaccine administered (summing all the doses for a given regimen) constant 

(Fig. 4-1A). Here we found that the total size of the GC and Tfh responses steadily dropped as the 

number of doses was reduced (Fig. 4-1B-C). However, staining with fluorescent trimer probes to 

identify antigen-specific cells, we found the number of trimer-binding GC B cells dropped only ~5-

fold moving from 7 doses down to 3 doses, while a 2-dose ED pattern elicited an antigen-specific GC 

B cell response not statistically different from bolus (Fig. 4-1D). This poor response to the two-dose 

ED immunization was not due to the choice of time point for GC analysis, as the GC response for this 

regimen was still low when measured 7 days after the second dose (Fig. 4-S1A-C). Trimer-specific 

serum IgG titers measured one month after dosing were similar for 7, 6, 4, and 3-dose ED, but 2-dose 

and bolus immunization antibody responses were ~1 and ~2 logs lower, respectively (Fig. 4-1E). 

Thus, even a 3-dose escalating immunization pattern can substantially enhance many elements of the 

humoral immune response relative to traditional bolus immunization. 

We hypothesized that the poor response to 2-dose escalating immunization could reflect that a 

12-day interval between doses is too wide a gap to optimally feed antigen to the GC response, and 

thus we next tested two-dose escalating patterns administered at intervals ranging from 4 to 12 days, 

fixing the initial dose at 20% of the total, and the remaining 80% of the vaccine dose administered at 

the second injection (Fig. 4-1F). In this series, a two-dose escalating prime immunization with an 

interval of 7 days elicited an optimal response, eliciting 4-fold more total GC B cells and 5-fold more 

Tfh than bolus immunization (Fig. 4-1G-H). Remarkably, the 7-day 2-dose pattern elicited 10-fold 

more trimer-binding GC B cells than bolus immunization, only 3-fold fewer than the previously-

optimized 7-dose two-week escalating dosing pattern (Fig. 4-1I).    
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Figure 4-1. An optimally designed two-shot extended-prime vaccination substantially enhances GC 
responses to subunit vaccines compared to bolus immunization. 
(A) Schematic of escalating dose vaccination regimens with varying dose number. (B-E) C57BL/6J mice (n=5 
animals/group) were immunized with 10 µg N332-GT2 trimer and 5 µg SMNP adjuvant according to the dosing 
schemes in (A). GC responses were evaluated on day 14 by flow cytometry and antibody responses by ELISA 
on day 28. Shown are representative flow cytometry histograms and cell counts for total GC B cells (B), Tfh (C), 
and trimer-specific GC B cells (D) at day 14, and trimer-specific serum IgG titers at day 28 (E). (F) Schematic of 
dosing schedules tested for two-shot ED regimens. (G-I) C57BL/6J mice (n=5 animals/group) were immunized 
with 10 µg N332-GT2 trimer and 5 µg SMNP adjuvant according to the dosing schemes in (F), and total GC B 
cells (G), Tfh cells (H), and trimer-specific GC B cells (I) were analyzed by flow cytometry on day 14. Note: Bolus 
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and 7-dose ED comparisons are also shown with black and brown colors respectively. (J) Schematic of dosing 
ratios evaluted for for 2-shot ED immunization. (I-M) C57BL/6J mice (n=5 animals/group) were immunized 
with 10 µg N332-GT2 trimer and 5 µg SMNP adjuvant according to the dosing schemes in (J), and total GC B 
cells (K), Tfh cells (L), and trimer-specific GC B cells (M) were analyzed by flow cytometry on day 14. (N) 
Frequencies of GC B cells recognizing intact trimer antigen for bolus, optimized 2-ED, and 7-ED regimens. 
Points represent responses of individual animals while bars indicate mean± s.e.m. Shown are data from one 
representative of two independent experiments for each immunization series. ****, p < 0.0001; ***, p < 0.001; 
**, p < 0.01; *, p < 0.05;  ns, not significant; by one-way ANOVA with Dunnett’s multiple comparison post test 
compared to bolus immunization. 

 

Motivated by these findings, we next evaluated the impact of the dosing ratio (the proportion of 

total vaccine administered at dose 1 vs. dose 2, Fig. 4-1J). Administration of 12 or 20% of the vaccine 

in the first dose led to similar total GC, trimer-binding GC B cells, and Tfh responses, while increasing 

the initial immunization to 30 or 50% of the total dose led to decaying responses (Fig. 4-1K-M). 

Notably, this optimized 2-dose regimen administering 20% of the vaccine at day 0 and 80% at day 7 

(hereafter, 2-ED) induced similar responses as administration of 2 full vaccine doses a week apart, 

suggesting that additional antigen at the first dose cannot further augment the GC response (Fig. 4-

S1D-H).  The enhanced elicitation of antigen-binding GC B cells elicited by two-dose ED priming 

reflects a combination of increased size of the GC as well as an increased proportion of GC B cells 

recognizing intact antigen (Fig. 4-1N). Altogether, these data demonstrate that even a minimal two-

dose extended priming immunization augments multiple facets of the humoral response to 

vaccination. 

 

  4.3.2. Optimized 2-dose ED priming amplifies the magnitude but does not alter overall 
lifetime of the GC response compared to bolus immunization 

We next assessed the evolution of the B cell response over time for the optimized 2-ED regimen 

compared to bolus immunization to evaluate potential differences in the temporal dynamics or 

lifetime of the GC in each case (Fig. 4-2A). Trimer-binding B cells were detectable in both groups at 

day 7 and peaked at day 14, but total antigen-binding B cells were 5-fold greater in the 2-ED group 

compared to bolus (Fig. 4-2B). Interestingly, despite the difference in initial vaccine dose 

administered, GC responses for bolus and 2-dose ED are similar at day 7, but diverged at day 14 (Fig. 

4-2C). At this timepoint, the GC response for the 2-ED group continued to expand and followed a 

temporal trajectory distinct from the bolus immunization. The number of Tfh cells in the 2-ED group 

also sharply expanded between day 10 and 14 (Fig. 4-2D). At the peak of the response at day 14, 2-

dose ED vaccination elicited ~6-fold greater numbers of Tfh cells compared to bolus immunization. 

Trimer-binding GC B cell numbers peaked for both immunization conditions at day 14, and the 2-ED 
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regimen maintained higher levels of antigen-specific GC cells compared to bolus immunization 

through day 21 (Fig. 4-2E). These data demonstrate that a two-dose escalating prime immunization 

alters the magnitude but not the lifetime of the GC response.   

 

Figure 4-2. Optimized 2-shot prime immunization amplifies the GC response and trimer-specific serum 
antibody titers over time compared to bolus immunization. 
(A) Schematic of dosing schemes. (B-H) C57BL/6J mice (n=9 animals/group) were immunized with 10 µg 
N332-GT2 trimer and 5 µg SMNP adjuvant according to the dosing schemes in (A). GC responses were evaluated 
on days 7, 14, 21, and 28 by flow cytometry and antibody responses by ELISA on days 3, 7, 14, 21, and 28. 
Shown are trimer-specific B cell counts (B), GC B cell counts (C), Tfh cell counts (D), trimer-specific GC B cell 
counts (E), plasmablast counts (F), trimer-specific IgM titers (G), and trimer-specifc IgG titers (H), plotted over 
time for bolus and 2-ED regimens. Shown are data from one independent experiment for each immunization 
series. ****, p < 0.0001; ***, p < 0.001; **, p < 0.01; *, p < 0.05;  ns, not significant; by two-way ANOVA with 
Dunnett’s multiple comparison post test compared to bolus immunization. 
   

Lymph node plasmablasts were expanded by day 7 for both the bolus and 2-ED immunizations; 

these responses peaked at day 7 and day 10, respectively, then steadily decayed (Fig. 4-2F). ED 

immunizations also impacted the evolution of serum antibody responses. IgM responses primed by 

bolus immunization peaked at day 7 then decayed steadily, while the 2-ED group elicited IgM 

responses that peaked later, at day 14 (Fig. 4-2G). Bolus immunization elicited substantial serum IgG 

titers by day 7 which rose only slightly over the subsequent 3 weeks (Fig. 4-2F). By contrast, IgG 
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responses for the 2-ED regimen increased sharply between day 7 and day 14, reaching levels ~10-

fold greater than the bolus group by day 28 (Fig. 4-2H). Hence, the simplified 2-dose ED regimen 

elicited changes in the humoral response that persisted over many weeks and primed strong, stable 

serum antibody responses greatly increased over traditional bolus immunization.  

 

  4.3.3. Extended-prime dosing regimens boost innate inflammation in lymph nodes and 
allow for improved T cell responses 

We next sought to understand the mechanisms underlying the substantial amplification of the 

humoral immune response obtained by 2-ED prime relative to traditional bolus immunization. A 

strong correlation between the number of Tfh and GC B cells has been observed in prior studies 32,33, 

and is consistent with selection by Tfh cells serving as a key bottleneck controlling proliferation of 

GC B cells13,14,34,35. We hypothesized that the relative kinetics of antigen and adjuvant availability 

during ED vs. bolus immunization could substantially impact steps in the priming of Tfh cells. To test 

this idea, we developed a coarse-grained kinetic computational model of the innate immune response 

and T cell priming following vaccine administration (Fig. 4-3A, Fig. 4-S2A). Briefly, in this simple 

model, both antigen (Ag) and adjuvant (Adj) appear as a bolus at an initial administered 

concentration and clear from the tissue at a constant rate. The adjuvant activates tissue cells at the 

immunization site and/or draining lymph node, which release cytokines and chemokines that recruit 

dendritic cells (DCs). Adjuvant also plays an important role in activating DCs and promoting antigen 

uptake by these cells36. As a proxy for these effects, we assume that the adjuvant increases the rate 

of antigen uptake by DCs and induces DC activation in an Adj and Ag concentration-dependent 

manner. Activated, antigen-loaded DCs (aDCAg+) then prime T cells in the draining lymph node. The 

proliferation of T cells induced by the Ag+ DCs is described according to a previously reported 

model37, and we assume proliferating T cells differentiate into Tfh cells at a constant rate. This 

minimal model is easily interpretable and has a small number of parameters, most of which can be 

estimated from previous experimental studies (See Methods and Table 4-S2 for the details on 

parameter estimation)38.  
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Figure 4-3. In Silico modeling predicts enhanced T cell priming with extended-prime immunization, 
consistent with experimental measurements of DC antigen acquisition and activation in draining lymph 
nodes. 
(A-F) Computational model of vaccine uptake by dendritic cells and helper T cell priming. (A) Schematic 
outlining elements of the kinetic model. (B-E) Modeling predictions of the number of (B) total DCs (B), Ag+Adj+ 
DCs (C), Ag-specific T cells (D), and Tfh cells (E) for bolus, 2-ED, or 7-ED immunization regimens. (F) Comparing 
Tfh cell count predicted by the model with the experimental data at day 14. (G-J) Experimental analysis of 
lymph node DC antigen uptake and activation. C57BL/6J mice (n=3 animals/group) were immunized with 10 
µg Cy5 dye-labled-N332-GT2 trimer and 5 µg SMNP adjuvant according to the dosing schemes shown in (G), 
and DCs in draining lymph nodes were analyzed by flow cytometry on days indicated by arrows. Shown are 
number of DCs (H), representative histograms of trimer antigen fluorescence and CD86 expression by CD11c+ 
DCs (I), and number of trimer+CD86+ DC counts over time for bolus, 2-ED, and 7-ED immunization regimens 
(J).  

 

We first examined model predictions of the number of total DCs, Ag+ activated DCs, antigen-

specific proliferating T cells, and Tfh cells following bolus, optimal 2-ED, and 7-dose ED immunization 

schemes (Fig. 4-3B-E). This analysis revealed that for bolus immunization, levels of total DCs and 

activated, antigen-loaded DCs peak within ~1 day and rapidly decay due to rapid adjuvant and 

antigen clearance (Fig. 4-3B-C). By contrast, with 7-ED dosing, waves of DC recruitment induced by 
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the sequential doses leads to DC accumulation in lymph nodes from day ~10 onwards (Fig. 4-3B). A 

significant number of DCs are already present when the final dose of standard ED is given at day 12, 

which leads to very efficient generation of aDCAg+ toward the end of the dosing course (Fig. 4-3C). 

Because T cells proliferate exponentially, extended stimulation by Ag+ DCs during the 7-ED regimen 

contributes to the substantially greater peak antigen-specific T cell expansion and Tfh production 

compared to the bolus (Fig. 4-3D-E), consistent with previous studies37,39. The model suggests that 

the 7-ED regimen also benefits from efficient generation of aDCAg+. Unlike bolus immunization, where 

antigen decays before most DCs are recruited, a substantial number of DCs are already present in the 

lymph node when the final dose of 7-ED regimen is given on day 12. This leads to a predicted 

prominent increase in the number of aDCAg+s (Fig. 4-3B-C). For the 2-ED regimen, the model predicts 

T cells proliferate after the 1st dose, and remain at elevated numbers at the time of the second dose 

(Fig. 4-3D). This expanded pool of antigen-specific T cells will then continue to expand on stimulation 

with the second dose of vaccine. However, with realistic biological parameters, this simple model 

predicts that DC numbers elevated after the first dose returns to baseline before the second dose (Fig. 

4-3B). 

We next modeled each of the escalating-dose regimens tested in Fig. 4-1C, and found that the 

model indeed captured the pattern of Tfh responses observed experimentally (Fig. 4-3F). Further, 

the model correctly predicts the enhanced Tfh response elicited by a day 0/day 7 two-dose 

vaccination (Fig. 4-3F). Because of the relationship between adjuvant and DC recruitment/activation, 

the model also predicts that optimal ED immunization requires co-administration of antigen and 

adjuvant across the time course- if antigen is administered in an escalating-dose pattern but adjuvant 

is administered as a bolus, poor synchronization of DC recruitment and antigen availability is 

predicted, and thus weak Tfh priming despite escalating dose antigen administration (Fig. 4-S2B-C). 

In agreement with this prediction, vaccination of mice with a bolus adjuvant/7-ED antigen dosing 

schedule elicited much weaker GC and Tfh responses than escalating dosing of antigen and adjuvant 

together (Fig. 4-S2D-E). Thus, this very simple model captures the relative magnitudes of increased 

Tfh expansion observed for the two ED regimens compared to traditional bolus immunization. 

In order to further interrogate the predictions of the kinetic model, we immunized mice with 

fluorescently-labeled N332-GT2 trimer and SMNP adjuvant using ED or bolus dosing schemes, and 

analyzed DCs in the draining lymph node at key time points post immunization (Fig. 4-3G, Fig. 4-S3). 

After bolus immunization, both the total number of DCs and activated (CD86+) trimer+ DCs in LNs 

increased over 2 days (Fig. 4-3H-J). The initial dose of 2-ED also expanded activated antigen-loaded 

DCs over the first two days, though at a lower level, and returned to baseline by day 7 when the 



128 
 

second dose was administered, as predicted by the model (Fig. 4-3H,J). Interestingly for the 2-dose 

regimen, although the number of DCs in LNs return to the baseline as predicted by the model, the 

kinetics of DC influx after the 2nd dose are much faster than after the 2nd shot of the regimen, with 

antigen-bearing activated DCs numbers notably increased as early as 24h post injection (Fig. 4-3I, J). 

For the 7-ED regimen, lymph node DCs did not show substantial accumulation until day 12– when 

the final dose was administered– and continued to sharply accumulate to peak levels of trimer-

specific CD86+ DCs at day 13 more than double that achieved in the bolus immunization and more 

than 2 dose ED, as predicted by the model  (Fig. 4-3I-J, also compare Figs. 4-3J and 4-3C). We note 

that while the accumulation of antigen-loaded DCs is not substantially measurable before day 12, 

even a small number of antigen-loaded DCs may initiate T cell proliferation from the baseline, as 

suggested by the model (Fig. 4-3C-D). Given the exponential nature of T cell proliferation, such early 

proliferation can have considerable importance. 

 

  4.3.4. Computational modeling of the GC response predicts improved native antigen 
capture following extended-prime immunizations 

Using a computational model of the germinal center reaction, we previously predicted that ED 

immunization can increase the size of the GC response via capture of antigen on follicular dendritic 

cells (FDCs)19: initial vaccine doses in the ED regimen trigger initial B cell priming, and 7-10 days 

after the start of dosing, affinity-matured antigen-specific antibodies will begin to be produced. 

During ED immunization, antigen is still being delivered to the lymph node at this time point, and 

these newly produced antibodies form immune complexes with incoming antigen and facilitate its 

transport to FDCs, where it can promote expansion of the GC response. However, in the present 

studies we found that ED dosing also dramatically enhances the proportion of GC B cells that bind to 

the intact immunogen (10-fold and 5-fold vs. bolus for standard ED and 2-dose ED, respectively, Fig. 

4-1N). In other work, we recently showed that extracellular protease activity in lymph nodes can 

play an important role in modifying B cell responses, as extracellular antigen accumulated in lymph 

nodes following bolus vaccination undergoes rapid proteolytic degradation over a period of a few 

days40. This antigen breakdown occurring in sinuses and extrafollicular regions of the node limits the 

quantity of intact antigen available to B cells and creates immunogen breakdown products that can 

prime competitive off-target B cell responses. However, protease activity was found to be low in B 

cell follicles, and antigen captured by FDCs during ED immunization led to a much greater 

accumulation of intact antigen in follicles for escalating dose vs. traditional bolus immunization40.   
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Figure 4-4. In Silico modeling predicts increased intact antigen accumulation on FDCs for extended 
dosing compared to bolus immunization. 
(A) Schematic showing antigen fates considered in the computational model. (B) In silico prediction of the 
levels of free antigen in lymph nodes over time in an intact (“soluble native”) or degraded (“soluble non-native”) 
state, and amounts of native and non-native antigen captured on FDCs in the form of immune complexes (“IC”) 
over time. The antigen amounts are normalized to the total antigen dose in immunization. (C) Antibody titers 
predicted by the in silico model for bolus, 2-ED, and 7-ED immunization regimens. In the simulation, antibody 
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titers are defined as the concentration of antibodies weighted by their affinities, reflecting their capabilities to 
bind to the antigen. (D) Comparison of predicted antigen amounts accumulated on FDCs after the final shot 
from each dosing scheme, normalized to the total antigen dose in immunization. (E) Model prediction for the 
number of GC B cells over time. (F, G) Model prediction for the number of native antigen-binding (i.e. trimer+) 
GC B cells over time (F) and frequency of trimer+ GC B cells at day 21 (G) from bolus, 2-ED, and 7-ED 
immunization schemes. The results reported are mean values from 10 independent stochastic simulations of 
the lymph node. ****, p < 0.0001; by one-way ANOVA with Tukey’s multiple comparison post test. 
 

To determine if greater levels of intact antigen captured in follicles could explain the greatly 

increased proportion of trimer-specific GC B cells detected for ED immunization, we modified our 

recently developed computational model of the B cell and antibody response35 (which combines the 

cellular dynamics of B cell proliferation and GC B affinity maturation with the kinetics of antibody 

production and antigen capture), to incorporate effects of antigen degradation (see Methods). Briefly, 

we assume that B cells can target either native or partially degraded antigen, as schematically shown 

in Fig. 4-4A. Both types of antigens can be transported to FDCs by the corresponding antibodies that 

bind to them, where they are protected from further degradation. Additionally, to model the antibody 

response to HIV Env immunogens, we assume that the non-native antigen is more immunodominant– 

as HIV Env trimers are heavily glycosylated and present few sites for high affinity antibody binding 

in the intact state, but are expected to expose more proteinaceous surfaces as they degrade9. 

This revised GC model shows that very small overall amounts of antigen are captured by FDCs 

following bolus immunization because most of the antigen decays before antigen-specific antibody 

responses are induced, and very low levels of immune complexes (IC) are formed (Fig. 4-4B-D). As 

a result, highly stringent conditions are maintained for GC B cell survival, resulting in a GC response 

that is dominated by the immunodominant non-native epitope-targeting B cells, and the frequency 

of B cells able to bind to native antigen (Ag+ GC B cells) is very low (Fig. 4-4E-G). With the 2-dose 

regimen, a weak antibody response against both the native and non-native epitopes are generated 

after the first dose (Fig. 4-4C). However, upon the second dose, this modest level of antibody is 

predicted to efficiently form ICs with incoming antigen leading to a dramatic increase in the amount 

of antigen deposited on FDCs (Fig. 4-4B,D). The increased antigen availability weakens the 

immunodominance hierarchy between the two antigens and leads to a much greater native trimer- 

binding GC B cell response that expands post-second-dose (Fig. 4-4E-G)35. Finally, with 7-ED dosing, 

the antibody titer is already high when the final dose (63% of vaccine dose) is administered on day 

12 (Fig. 4-4B). Although titer for both types of antigen is high, antigen can be rapidly captured by the 

high titer of antibodies and move to the follicles where it is protected (Fig. 4-4C). Therefore, the ratio 

of native and non-native antigen presented on FDC is modestly shifted in favor of the former (Fig. 4-

4D), allowing even better trimer-specific response compared to the 2-dose scheme (Fig. 4-4E-G). 
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Note that native antigen-binding antibody titer at the time of final dose for 7-ED (on day 12) is 

greater than that for 2-ED at the time of the final dose (on day 7) (Fig. 4-4C). These predictions 

of the GC model align well with the experimentally-measured frequencies of intact trimer-binding 

GC B cells at day 14 (compare Fig. 4-4G and Fig. 4-1N). 

 

  4.3.5. A two-dose escalating prime increases antigen capture in follicles compared to 
bolus immunization 

A key prediction of the GC computational model is that a sufficient quantity of antibody specific 

for intact antigen can be produced by day 7 to enable substantial antigen capture on FDCs using the 

2-dose escalating prime immunization. As shown in Fig. 4-2G-H, antigen-specific IgM and IgG were 

both detectable in serum by day 7 in the 2-ED regimen. To test the model prediction, we immunized 

mice with fluorescently-labeled N332-GT2 HIV Env trimer by each of the three dosing schedules, and 

analyzed the biodistribution of the antigen in lymph nodes via confocal imaging of lymph node 

histological sections and cleared whole lymph node tissues following bolus or ED immunizations. As 

seen in prior studies 19,20, both cleared whole LN (Fig. 4-5A, Fig. 4-S4A-C) and traditional thin section 

imaging (Fig. 4-5B, Fig. 4-S4D) revealed the presence of substantial amounts of antigen co-localized 

with FDCs 2 days following the last dose of the full ED regimen, while little if any antigen could be 

detected 2 days after bolus vaccination. Strikingly, substantial amounts of FDC-localized antigen 

were also found in draining lymph nodes two days following the second dose of the 2-dose ED 

immunization (Fig. 4-5A-B, Fig. 4-S4). High magnification imaging of the follicles of the ED groups 

suggested this follicle-localized antigen was associated with FDC dendrites (Fig. 4-5B). 

Flow cytometry analysis of FDCs recovered from pooled LNs from multiple mice immunized with 

the different dosing regimens revealed that 2-dose or standard ED immunizations increased the 

amount of FDC-trapped antigen by 20-fold and 60-fold over bolus immunization, respectively (Fig. 

4-5C-E). Thus, consistent with the computational model of GC dynamics, even a two-dose escalating 

prime vaccination is capable of achieving antigen targeting to FDCs and increasing the level of antigen 

retained within the LN. 
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Figure 4-5. Two-dose extended prime immunization enables antigen capture of the second shot on FDCs 
(A-B) Groups of C57Bl/6 mice (n=3 animals/group) were immunized by bolus, 2-ED, or 7-ED regimens as in 
Fig. 3G followed by collection of lymph nodes for imaging at 48 h after bolus or after the last injection of 2-ED 
and 7-ED regimens. FDC networks were labeled in situ by s.c. injection of anti-CD35 antibody 16h before tissue 
collection. Collected tissues were clarified and imaged intact by confocal microscopy; shown are maximum 
intensity projections from z-stacks through FDC clusters (Scale bars, 150 μm), (A). Alternatively, lymph node 
sections were stained for FDCs (CD35; blue) and then analyzed by confocal microscopy (Scale bars, 300 μm) to 
detect co-localization with Cy5-labeled N332-GT2 (pink), (B). (C-E) Flow cytometry analysis of LN cells (n=3 
pools/group, with each pool containing six LNs from 3 mice) isolated 48 hr after the final injection following 
immunization with fluorescently labeled N332-GT2 (10 ug) and SMNP (5 ug) using either bolus, 2-ED, or 7-ED 
dosing regimens. Shown are representative histograms of antigen intensities among LN cells (C), frequencies 
of trimer+ FDCs (D), and the mean trimer fluorescence intensity among trimer+ FDCs (E) for the indicated 
immunization conditions. Shown are data from one independent experiment for each immunization series. ****, 
p < 0.0001; ***, p < 0.001; **, p < 0.01; *, p < 0.05;  ns, not significant; by one-way ANOVA with Dunnett’s multiple 
comparison post test compared to bolus immunization. 
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  4.3.6. Extending antigen availability on the second immunization further boosts humoral 
responses as a consequence of innate immune activation and Tfh help 

 
Given that the computational model of the GC reaction is able to provide qualitatively accurate 

predictions of the observed GC size and proportion of antigen-specific GC B cells, we next used the 

model to explore a much wider parameter space of dosing patterns than would be possible 

experimentally, to gain further insight into how humoral responses might be further bolstered using 

extended priming. The modeling and experimental data suggest that having a high trimer-binding 

antibody titer present before the majority of the antigen dose is cleared is an important factor 

governing the magnitude of the “on target” GC response. In the 2-dose extended prime immunization, 

antibody titers increase steadily after the 2nd injection (Fig. 4-2H). However, because intact antigen 

in the lymph node decays rapidly (estimated half-life ~6.2 hours, Table S1), most of the antigen 

arriving after the second immunization decays before high titers of antibody are reached, limiting 

immune complex formation and subsequent antigen capture by FDCs. Thus, we hypothesized that 

extending antigen availability over a longer time period at the second dose might substantially 

enhance GC responses. We thus simulated a 2-dose ED regimen where antigen was released from the 

injection site at a constant rate over 10 days after the second injection (Fig. 4-6A). In this case, a 

significant fraction of the antigen dose arrives at the dLN after high titer levels of trimer-specific 

antibody are generated and is thus captured in immune complexes in an intact state (Fig. 4-6B-C). 

Compared to 2-ED dosing using bolus injections, the fraction of intact antigen among ICs increases 

from ~38% to 92% with the slow-release second dose (Fig. 4-6D).  Thus, the model predicted that 

such a scheme may lead to a superior trimer-specific GC B cell response compared to the 2-dose 

immunization (Fig. 4-6E-F). Varying the duration of antigen delivery after the second dose shows 

that a longer release duration leads to higher fraction of native antigen on FDCs (Fig. 4-6G) and better 

trimer-specific GC B cell response (Fig. 4-6H-I), highlighting the importance of dosing kinetics.  
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Figure 4-6. Extending the duration of antigen delivery during the second dose of 2-ED vaccination 
increases native antigen capture on FDCs and antigen-specific GC responses 
(A-I) Computational modeling of GC responses elicited by 2-ED dosing administered  as two bolus doses vs. a 
bolus on day 0 and a prolonged antigen delivery at day 7 (“dose 2 extended”). (A) Schematic of 2-ED vs. “dose 
2 extended” vaccination regimens. (B, C) Amounts of free and immune-complexed native or degraded (“non-
native”) antigen in the LN over time (B) and serum antibody titers recognizing native vs. non-native antigen (C) 
for the “dose 2 extended” regimen. (D-F) In silico prediction of antigen captured on FDCs (D), total GC B cells at 
day 21 (E), and frequency of trimer-binding GC B cells at day 21 (F) for bolus, 2-ED, and “dose 2 extended” 
vaccination regimens. (G-I) In silico prediction of proportions of intact vs. degraded antigen captured by FDCs 
(G), total number of GC B cells (H), and the fraction of GC B cells that are native vs. non-native antigen-binding 
(I) at day 21 as a function of the duration of antigen release used in “dose 2 extended” vaccination. (J-O) 
Experimental testing of “dose 2 extended” immunizations using alum-anchored immunogens. (J) Schematic 
demonstrating anchoring trimer immunogen onto alum via phosphoserine linkers (Alum-pSer). (K-O) 
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C57Bl/6J mice (n=5 animals/group) were immunized with 10 µg MD39 trimer (either soluble bound to 50 µg 
alum) and 5 µg SMNP adjuvant as in Fig. 3G. Shown are the numbers of GC B cells (K) and Tfh cells (L), 
representative histograms of trimer staining of GC B cells (M), frequencies of trimer-binding GC B cells (N), and 
the number of trimer-binding GC B cells (O), for the different dosing regimens determined by flow cytometry 
at day 14. Shown are data from one representative of two independent experiments for each immunization 
series. ****, p < 0.0001; ***, p < 0.001; **, p < 0.01; *, p < 0.05;  ns, not significant; by one-way ANOVA with 
Dunnett’s multiple comparison post test compared to bolus immunization. 

 

To experimentally test this idea, we employed an approach we previously developed27 to achieve 

slow-delivery effects in a manner readily translatable to clinical use: a stabilized HIV Env trimer 

termed MD3941 (very similar in sequence to the N332-GT2 trimer) was conjugated with short 

phosphoserine (pSer) peptide affinity tags (one tag per protomer at the C-termini located at the base 

of the trimer).  Phosphate groups in the affinity tags undergo a ligand exchange reaction with the 

surface of alum particles, enabling oriented high-avidity binding of the trimer to aluminum hydroxide 

adjuvant (Fig. 4-6J). By stably anchoring the antigen to alum particles, on injection, the antigen is 

slowly released from the injection site as alum particles slowly disaggregate over time27,31. Using this 

simple approach, alum-adsorbed MD39 trimers that normally clear from the injection site within a 

few days instead clear much more slowly, over ~10 days27. We thus tested a two-dose ED 

immunization giving 20% of the vaccine dose on day 0 as a bolus and 80% of the dose as an 

alum/pSer-trimer formulation on day 7. Total GC B cells and Tfh cells elicited were similar between 

the 2-ED and 2-ED (alum-pSer) groups (Fig. 4-6K-L). However, relative to the bolus 2-ED 

immunization, extended antigen delivery provided by alum particle anchoring of the second shot in 

the 2-ED (alum-pSer) group elicited a 2.4-fold increase in the frequency of intact trimer-binding GC 

B cells and a 2-fold increase in the absolute number of these antigen-specific cells (Fig. 4-6M-O). 

These observations are consistent with model predictions (Fig. 6E-F). Interestingly, using the pSer-

alum anchoring approach for both shots of the 2-dose regimen showed no improvement in trimer-

specific GC responses over using it on the 2nd shot (Fig. 4-S5A-C) indicating that the benefit of 

constant release of antigen is more relevant once high antibody levels are present to enable capture 

of the native antigen. In silico simulation of this scenario agrees with this experimental observation 

(Fig. 4-S5D-E). Thus, an engineered 2-dose immunization, providing an initial “priming” dose 

followed by a larger extended-release vaccine dose retains much of the benefit to the GC response 

and fully amplifies the serum antibody response, substantially greater than bolus immunization.  
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4.4. Discussions 

Germinal center responses are critical to the evolution of diverse and high affinity antibody 

responses, and the size of the early GC response has been shown to predict the magnitude of 

neutralizing antibodies generated by HIV Env trimer immunization in rhesus macaques17. In previous 

studies, we discovered that prolonging vaccine availability through extended dosing strategies such 

as implantable osmotic pumps or repeated injections of a given dose of vaccine over time  alters 

multiple facets of the immune response– increasing the number of B cells entering GCs, the number 

of antigen-specific Tfh cells generated, and the number of unique clones in the GC, accompanied by  

increased total antibody titers, memory B cells, and neutralizing antibody production17,19,20. In 

particular, an escalating-dose immunization of 7 shots administered in an exponentially-increasing 

dose pattern over two weeks was particularly effective in both mice and non-human primates for 

promoting humoral responses to HIV Env immunogens19,20,22. However, administering seven doses is 

not practical for mass vaccination. Here we sought to better understand the critical elements of this 

potent dosing strategy, and based on our understanding of the mechanisms of ED-induced B cell 

responses, we hypothesized that a two-dose immunization, with an initial small dose of antigen to 

initiate B cell priming followed by a larger second dose that could be given to promote antigen 

deposition in follicles, might still offer substantial enhancements in humoral responses over 

traditional bolus vaccination. Such a scenario- two shots administered 1-2 weeks apart, would not be 

out of the realms of practicality (e.g., compare to current COVID-19 mRNA vaccines, administered 

twice at a 3- or 4-week interval).  

Through systematic studies varying the number of doses, dose ratio, and dose intervals in mice, 

we found that a two-shot reduced ED regimen, administering 20% of the vaccine dose on day 0 and 

80% vaccine dose on day 7 elicited 10-fold increases in peak antigen-binding total B cells and GC B 

cells, respectively, and increased serum antibody responses 100-fold relative to bolus immunization. 

Informed by computational modeling of the GC response, we further optimized an extended-release 

formulation on the 2nd shot by anchoring the antigen onto alum via a phosphoserine linker resulting 

in even better antigen-specific GC responses over the reduced 2-shot regimen.  

Our combined computational modeling and experimental studies revealed that our motivating 

initial hypothesis was correct, that 2-ED priming promotes substantial antigen capture on FDCs, 

which is very limited to undetectable following bolus immunization. However, this is not the only 

effect of the extended-prime dosing. 2-ED immunization also increased Tfh responses (by 6-fold over 

bolus at the peak of the response),  T follicular helper (Tfh) cells are essential for the germinal center 
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(GC) reaction, providing support to B cells to generate long-lived plasma cells and memory B cells42–

44. In particular, the 2-shot regimen benefits from the fact that T cells begin to concentrate in GCs 5-

8 days post immunization45,46. Thus, giving the 2nd shot of greater antigen after the GC has matured 

has a potent effect on improving the T cell response as compared to giving it at an earlier time point. 

The 2-shot and standard ED regimens show an increasing number of Tfh cells, supporting this 

observation. Tfh cell development relies on initial antigen priming of naïve T cells by dendritic cells 

(DCs)44, maintenance of Tfh cell phenotype requires sustained antigenic stimulation33. The 2-shot 

immunization leads to a rapid increase in MHC-II+ DCs after the 2nd dose, priming previously 

activated T cells and allowing pre-GC Tfh cells to develop into GC-Tfh cells, resulting in the improved 

Tfh response we observed. This approach overcomes the requirement for antigen/adjuvant during 

the effector phase to achieve optimum Tfh responses since Tfh cells are heavily regulated in the early 

GC phase 47,48. 

We observed that the amplification of GC/Tfh occurs towards the end of the dosing schedule, 

corresponding to the capture of native antigen on FDCs. Our study results show that an important 

mechanism underlying the efficacy of extended dosing regimens is the improved capture of native 

antigen on FDCs. In a reduced 2-shot immunization, administering a majority of the antigen on the 

2nd shot allows for exploitation of pre-existing antibody responses from the lower 1st dose to form 

FDC-targeted immune complexes in vivo since the larger dose of immunogen is provided during a 

window of time when antigen-specific antibody is available for immune complex formation. 

Extended 2nd shot dosing further takes advantage of the increasing concentration of antibody to 

improve native antigen capture & consequently boost trimer-specific GC responses since prolonging 

antigen availability allows the affinity-matured antibodies being produced to bind to native antigen. 

This leads to even greater capture and retention of intact antigen on FDCs within follicles.  

Our synergistic deployment of computational and experimental studies has led to new insights 

into the fundamental dynamics of antibody development & antigen capture that can have broad 

implications designing vaccine dosing regimens. With extended dosing, availability of intact antigen 

in the lymph node is synchronized with the developing GC response. We observed that for the 7-ED 

regimen, amplification of GC and Tfh cells occurs towards the end of the dosing schedule, 

corresponding to the timing when antigen capture on FDCs is most prominent. The computational 

model suggests that an important mechanism underlying the efficacy of extended dosing regimens is 

the improved capture of native antigen on FDCs. In a simplified 2-shot immunization, administering 

a majority of the antigen on the 2nd shot allows for exploitation of pre-existing antibody responses 

induced by the lower 1st dose, maximizing the quantity of the immunogen dose captured in immune 
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complexes. The computational model further predicts that if antigen is slowly released at 2nd dose, 

increased representation of antigen in native form on FDC can further promote intact antigen-specific 

GC responses. This is in contrast to bolus immunization where only a small amount of antigen is 

presented on FDC to GC B cells, much of which is non-native protein and breakdown products that 

can be immunodominant and distract the GC response from relevant targets49,50. These predictions 

were positively tested by our experiments. More antigen on FDCs during later stages of a GC likely 

increases GC B cell clonotypic diversity, allowing for significantly more BCR sequence space to be 

explored for high affinity BCR mutations.  

Several technologies are being developed to recapitulate the effects of the 7-dose ED regimen. 

Our findings provide a strong rationale for utilizing reduced dosing immunization strategies that 

promote native antigen capture in the FDC network and enhance humoral responses. Developing a 

single-shot system that could mimic the effects of extended dosing would greatly improve 

compliance and increase vaccine coverage in developing countries. We have demonstrated the 

potential of a 2-shot regimen, but several single-shot approaches, such as microfabrication-based 

PLGA particles or atomic layer deposition-based technologies, could also achieve this goal. The 

particles contain vaccine-infused core that can release its cargo at various timepoints based on 

chemical modifications to the PLGA polymer 51. Similarly utilizing a slow-dissolving alum coating to 

unmask and release the vaccine over tunable time periods can alter vaccine kinetics to mimic 

extended dosing effects 28. These technologies could be particularly important for generating 

protective antibody responses against challenging pathogens such as HIV and for generating broadly 

neutralizing antibody responses against other variable pathogens. However, it is crucial to consider 

potential toxicities associated with these regimens, as multiple immunizations of potent adjuvants 

with the standard ED regimen could result in undesirable side effects. Similarly, extended delivery 

technologies must avoid injection site reactogenicity and chronic inflammation. Collectively, these 

efforts will establish effective strategies that can be broadly applied in vaccine design to achieve the 

benefits of extended dosing in real-world vaccines.  

To summarize, we have designed an optimized extended two-dose priming approach that 

improves humoral immune responses to HIV trimers in an attempt to recapitulate responses 

achieved by the standard escalating dose regimen comprised of 7 doses. Our findings demonstrate 

our ability to: (i) augment GC and Tfh responses to HIV immunogens; (ii) increase trimer-specific 

serum antibody titers over bolus immunization; and (iii) highlight the critical role of antigen capture 

dynamics and priming of DCs in driving the enhanced immune responses.  
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4.5. Method Details 

  4.5.1. Experimental Details 

Study design 

The primary aim of this research was to assess the feasibility of decreasing the number of doses 

in the standard 7-dose escalating immunization regimen and compare it to bolus immunization in 

mouse models, while also investigating the underlying mechanisms involved. To achieve this goal, 

we immunized mice with clinically relevant subunit protein immunogens in combination with 

saponin adjuvants, and evaluated early (antigen uptake and induction of TFH and GC) and late (lymph 

node and serum antibody) responses over a period of time. The mechanistic studies conducted 

focused on examining antigen acquisition and activation of antigen-specific B and T cells, as well as 

computational analyses of the germinal center response to parse out differences in the dosing 

regimens.  

 

Immunogens  

N332-GT2 trimers were expressed in FreeStyle 293F cells (Invitrogen, Cat no. R79007) and 

purified in two steps by affinity chromatography using a GE HisTrap column and size-exclusion 

chromatography using a GE S200 Increase column as described previously 29,52. MD39 HIV Env trimer 

was generated as previously described 52. Both trimers were administered at a dose of 10 ug per 

animal. 

 

pSer-conjugation 

Immunogens were expressed with a free terminal cysteine and reduced by incubation with 10 

molar equivalents of tris(2-carboxyethyl)phosphine (TCEP, ThermoFisher) at a concentration of 1 

mg/ml, followed by incubation at 25°C for 10 minutes. The reduced protein solutions were then 

processed using Amicon Ultra Centrifugal Filters (10 kDa MWCO, Millipore Sigma) to remove TCEP, 

and the resulting protein was mixed with 5 molar equivalents of pSer-maleimide linkers at a 

concentration of 1 mg/ml for 16 hours at 4°C in tris-buffered saline (TBS, Sigma Aldrich) at pH 7.2-

7.4. After the reaction, unreacted pSer linker was removed using centrifugal filters in TBS, and pSer-

antigen was buffer exchanged to PBS. 
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Adjuvant preparation 

The saponin adjuvant used in this study was an ISCOM-like self-assembled nanoparticle 

consisting of Quillaja saponin, cholesterol, DPPC, and MPLA 30. Briefly, solutions of cholesterol 

(20mg/ml final concentration, Avanti Polar Lipids Cat# 700000), DPPC (20mg/ml final concentration, 

Avanti Polar Lipids Cat# 850355), and MPLA (10mg/ml final concentration, PHAD) were prepared 

in Milli-Q water containing 20% w/vol MEGA-10 (Sigma D6277) detergent. Quil-A saponin 

(InvivoGen; vac-quil) was dissolved in Milli-Q water at a final concentration of 100 mg/ml. All 

components were mixed at a molar ratio of 10:10:2.5:1 (Quil-A:chol:DPPC:MPLA) followed by 

dilution with PBS to a final concentration of 1 mg/ml cholesterol. The solution was allowed to 

equilibrate overnight at room temperature, followed by dialysis against PBS using a 10k MWCO 

membrane. The adjuvant solution was then sterile filtered, concentrated using 50k MWCO centricon 

spin filters, and further purified by FPLC using a Sephacryl S-500 HR size exclusion column. Doses 

are reported in terms of the amount of saponin administered, calculated by measuring the 

concentration of cholesterol (Cholesterol Quantitation kit; Millipore Sigma; Cat# MAK043) in the 

preparation and assuming quantitative incorporation of the saponin during synthesis. 

 

Antigen labeling and characterization 

1 mg/mL solution of protein antigen (N332-GT2) in PBS was mixed with an equal volume of 0.2 

M sodium bicarbonate buffer (pH 8.4) on ice. A fresh stock solution of Sulfo-Cyanine 5 NHS ester was 

prepared at a concentration of 1 mg/mL in 0.2 M sodium bicarbonate buffer (pH 8.4) and added to 

the antigen solution. The mixture was incubated at 4°C for 16 hours, and then desalted twice using a 

Zeba Spin Desalting column equilibrated in PBS. The labeled antigen was filtered through 0.22 µm 

pore size Spin-X centrifuge tube filters and stored at 4°C until use. The degree of labeling of the 

antigen was determined by measuring the absorbance at 280 and 646 nm wavelengths for total 

protein and Cy5 dye, respectively. The extinction coefficient values of 113215 and 271000 M-1cm-1 

were used to calculate the concentration of one subunit of N332-GT2 Trimer and sulfo-cy5 NHS ester, 

respectively. The degree of labeling for soluble antigen was determined by calculating the ratio of 

antigen concentration to Cy5 concentration. 

 

Mice  
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All in vivo experiments were performed in 8-week-old female C57BL/6J mice (Jackson 

Laboratory). Experiments were performed in specific pathogen-free animal facilities at the MIT Koch 

Institute for Integrative Cancer Research. Mice were housed under standard 12-hour light - 12-hour 

dark conditions with ad libitum access to water and chow. All mouse studies were performed 

according to institutional and National Institutes of Health (NIH) guidelines for humane animal use 

and in accordance with the Association for Assessment and Accreditation of Laboratory Animal Care. 

Protocols were approved by the Institutional Animal Care and Use Committee (IACUC) at MIT.  

 

Immunizations and sample collections 

8-week-old female C57BL/6 mice were anesthetized and immunized with 10 µg of indicated 

antigens (N332-GT2 trimer or MD39 trimer) in the presence of 5 µg saponin adjuvant (SMNP) 

subcutaneously at the left and right sides of the tail base. In the case of the pSer-conjugated MD39 

trimer antigen, immunizations were prepared by mixing 10 µg of antigen and 100 µg of alum in 100 

µl of sterile TBS (Sigma-Aldrich, catalog no. T5912) per mouse unless otherwise specified. Antigen 

was loaded onto alum for 30 min on a tube rotator after which 5 µg of SMNP was added into the 

immunization and incubated with antigen-alum formulations for 30 min before immunization. This 

dose of SMNP corresponds to 5 µg of Quil-A and 0.5 µg of MPLA. Blood (from submandibular; 100 μL) 

was collected at indicated time-points into serum separator tubes (BD Corporation) and centrifuged 

at 4,000 × g for 10 min at 4 °C. Sera extracted from blood samples were stored at −80 °C until ready 

for analysis. Inguinal LNs were harvested and added to Eppendorf tubes containing Protease 

inhibitor buffer (containing protease inhibitor cocktail and EDTA in PBS with 2% FBS). LNs were 

processed using a pestle and centrifuged at 16,000g for 5 min at 4 °C to pellet the cell/tissue debris. 

Supernatant was transferred to Spin-X tubes (Corning™ Costar™) and centrifuged again for 5 min 

with the flow through being transferred to final collection tubes, flash frozen and stored at −80 °C 

until ready for analysis. 

 

ELISA  

To analyze on-target antibody response, high-binding ELISA plates (07-200-37, Fisher Scientific) 

were coated with 1 mg/ml trimer and blocked with 2% BSA in PBS overnight. To detect antigen-

specific IgG responses, dilutions of serum or lymph node aspirate were added to the wells and 

incubated for 1.5 hours at 25°C. Plates were washed three times in PBS containing 0.2% Tween-20, 
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and then anti-mouse IgG secondary antibody conjugated to HRP (172-1011, Bio-Rad Laboratories), 

diluted 1:5000 in blocking buffer as per manufacturer instructions, was added to the wells. After 1 

hour of incubation, plates were again washed, developed with TMB, and the reaction was stopped 

with sulfuric acid. The optical density of the mixture was read out at 450 nm minus the absorbance 

at 540 nm according to the manufacturer’s instructions.  

 

Immunofluorescence staining 

Inguinal lymph nodes (LNs) extracted from euthanized mice were submerged into cryomolds 

containing O.C.T. (23-730-571, Fisher Scientific) compound and dipped into 2-methylbutane 

(M32631, Millipore Sigma) pre-chilled in liquid nitrogen.  All frozen tissues were cryosectioned on a 

Leica CM1950 at 10 µm thickness, adhered to Superfrost Plus microscope slides (12-550-15, Fisher 

Scientific), and stored in -80°C until use. Frozen sections were retrieved from -80°C, quickly thawed, 

and incubated in 4% paraformaldehyde for 10 minutes at 25°C.  The sections were washed 3 times 

in PBS with 10-minute incubation time between each wash.  Excess PBS was removed after the final 

wash before incubating the slides in blocking buffer, comprised of 2% BSA and 2% Triton X-100 in 

PBS.  After 30 minutes, the blocking buffer was aspirated and the slides were stained in 1:75 anti-

CD35 (740029, BD Biosciences) primary antibody solution also made in blocking buffer for ~16 

hours at 4°C. These slides were washed in PBS 3 times for 10 min, stained with 1:200 diluted 

secondary antibodies solution in blocking buffer (ab150063 Abcam, ab150061, Abcam) for 4 hours 

at room temperature, and washed again in PBS. To mount the slides, one drop of ProLong Diamond 

Antifade Mountant (Thermo) was added directly onto the stained tissues prior to gently placing a 

20x20 mm coverslip on top of the droplet to sandwich the section. The coverslip was sealed using 

CoverGrip coverslip sealant (23005, Biotium) and imaged immediately.. For all experiments, imaging 

was performed on a Leica SP8 confocal microscope equipped with a white light laser and spectral 

emission filter to detect emission wavelengths between 470 and 670 nm with a minimum bandwidth 

of 10 nm.  All images were recorded with a 25X water immersion lens and a 63X oil immersion lens 

for assessing antigen drainage in the LNs, laser settings were kept constant across different time 

points for each immunogen.  

 

Whole tissue imaging 
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For whole tissue imaging, mice were injected with anti-CD35 BV421 antibody (clone 8C12) and 

lymph nodes were isolated after 16 hours and fixed overnight in 4% paraformaldehyde. Lymph 

nodes were then processed with a modified DISCO protocol as previously described 53. Briefly, the 

nodes were washed twice in PBS and excess fat and connective tissue was removed. Nodes were then 

gradually moved into solutions containing successively high concentrations (20, 50, 80%) of 

methanol for 30 mins, until they were incubated for half an hour in pure methanol. Nodes were then 

bleached for 2 minutes in hydrogen peroxide and returned to methanol for half an hour. They were 

then gradually moved into solutions containing increasing concentrations of tertiary-butanol (20, 50, 

80%) before eventually being incubated in pure tertiary-butanol for one hour at 37˚ C. All solutions 

used after bleaching contained an additional 0.4% α-tocopherol (vitamin E). Nodes were then 

removed from solution and allowed to dry completely before being placed in dichloromethane for 

delipidation. After the 8 lymph nodes dropped to the bottom of tubes following swirling (indicating 

removal of remaining tertiary-butanol), they were stored in dibenzyl ether with 0.4% α-tocopherol, 

which was used as a refractive index matching solution. Cleared lymph nodes were imaged using an 

Olympus FV1200 Laser Scanning Confocal Microscope at 10x magnification. Lasers were set to 

minimize pixel saturation in the brightest samples. All laser and channel settings were then kept 

constant across groups for direct comparison between different samples. Each lymph node was 

imaged over a depth of 300 µm with line average of 3. FDC occupancy calculations were performed 

with a MATLAB script, where images for each channel were smoothed with a 3-D Gaussian filter 

(sigma = 0.5), then binarized into a mask to identify follicle or antigen area. The fraction of FDC area 

occupied by antigen was achieved by calculating overlapping pixels in the two binary masks. This 

calculation was performed for each individual image in the z-stack (9 per image), as well as for the z-

projection (sum of slices).  

 

Flow Cytometry Analysis of Lymph Nodes.  

Inguinal lymph nodes were harvested and single-cell suspensions were obtained by passage of 

the lymph nodes through a 70-μm filter (BD Biosciences). The isolated cells were stained with 

Live/Dead fixable aqua stain (L34957, Thermo Fisher Scientific) for 10 min at 25°C before washing 

twice in flow cytometry buffer. Cells were then incubated with Fc block for 10 min at 4°C before 

staining with antibodies listed (see the supplementary materials) for 20 additional min at 4°C. For 

trimer specific GC B cell analysis, cells stained with antibodies were distributed evenly and exposed 

to biotinylated trimer preincubated with streptavidin (30 min at molar ratio of 1:4 at 25°C) 
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conjugated to phycoerythrin (405203, BioLegend) and/or BV421 (405226, BioLegend). Flow 

cytometry was carried out on a BD LSR Fortessa or LSR II. Plasmablasts were gated as live/single, 

B220 int, CD138+. 

 

Statistical analysis 

Statistical analysis and graphing were done with GraphPad Prism. The two-tailed Student’s t test 

was used to compare two experimental groups and one-way Anova with Tukey’s post hoc analysis 

was used for comparing more than two groups. Details of the statistical test and number of replicates 

are indicated in the figure legends. A value of P<0.05 was considered statistically significant. 

 

  4.5.2. Computational Details 

  The coarse-grained model of T cell priming by antigen and adjuvant was formulated by 

integrating insights from experimental literature 54–60 with a model of T cell proliferation previously 

published 61. The system of ordinary differential equations is summarized in Fig. 4-S2A, and a detailed 

description of the model and parameters is provided in Supplementary Materials. The model of the 

GC B cell response was adapted with minor modifications from chapter 2, also published in Yang et 

al. 62. Though some details overlap with Chapter 2, we still present a comprehensive overview of the 

model, including the equations and parameters, that is sufficient for independent understanding and 

reproducibility of the enable self-sufficient understanding and reproduction.  

 

Model of T cell priming 

We constructed our model based on the biological observations of the mechanism of action of 

adjuvants 54–60. Upon administration of adjuvants, local tissue-resident cells such as neutrophils and 

macrophages are recruited to the site of vaccine administration and draining lymph nodes. These 

cells release cytokines and chemokines, which serve as chemotactic agents for dendritic cells (DCs). 

As a result, DCs migrate to the sites and take up antigen. The presence of adjuvant significantly 

enhances this process. Adjuvant facilitates the maturation of DCs, ensuring a more efficient antigen 
59, and aids in the delivery of antigen to the DCs 54. Following the antigen uptake, the activated DCs 

present peptide-major histocompatibility complex (pMHC) molecules to CD4 T cells in lymph nodes. 

This interaction leads to the proliferation of CD4 T cells and initiates their differentiation into Tfh 

cells 63. 
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In the model, the concentrations of antigen and adjuvant rise upon administration and 

subsequently decay according to first-order kinetics, consistent with previous models 61,62,64. If the 

dosing scheme involves n doses given at times t1, … tn and the amount of antigen and adjuvant given 

with each dose is f1, … fn, the differential equations that govern their concentrations are as follows: 

 𝑑𝑑[𝐴𝐴𝐴𝐴]
𝑑𝑑𝑑𝑑

= �𝑓𝑓𝑖𝑖𝛿𝛿(𝑡𝑡 − 𝑡𝑡𝑖𝑖)
𝑛𝑛

𝑖𝑖=1

− 𝑑𝑑𝐴𝐴𝐴𝐴[𝐴𝐴𝐴𝐴] (Equation 1) 

𝑑𝑑[𝐴𝐴𝐴𝐴𝐴𝐴]
𝑑𝑑𝑑𝑑

= �𝑓𝑓𝑖𝑖𝛿𝛿(𝑡𝑡 − 𝑡𝑡𝑖𝑖)
𝑛𝑛

𝑖𝑖=1

− 𝑑𝑑𝐴𝐴𝐴𝐴𝐴𝐴[𝐴𝐴𝐴𝐴𝐴𝐴] (Equation 2) 

where 𝛿𝛿(𝑡𝑡 − 𝑡𝑡𝑖𝑖) is the Dirac delta function, whose value is zero everywhere except at 𝑡𝑡 = 𝑡𝑡𝑖𝑖 , and 

whose integral over the domain that includes 𝑡𝑡 = 𝑡𝑡𝑖𝑖  is equal to one.  

The recruitment of tissues cells (TCs) and their decay are modeled as: 

 𝑑𝑑[𝑇𝑇𝑇𝑇]
𝑑𝑑𝑑𝑑

=
[𝐴𝐴𝐴𝐴𝐴𝐴]

𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴 + [𝐴𝐴𝐴𝐴𝐴𝐴]
− 𝜇𝜇[𝑇𝑇𝑇𝑇] (Equation 3) 

 

where the first term stands for the activity of the adjuvant with 𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴  being the half-max adjuvant 

concentration. The activity increases with adjuvant concentration when  𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴 > [𝐴𝐴𝐴𝐴𝐴𝐴] but saturate 

when 𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴 ≪ [𝐴𝐴𝐴𝐴𝐴𝐴] . Employing a saturation function to represent biological activity is widely 

adopted 61,62,65. We pick a small value for 𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴  based on the observation that there is not a big 

difference between the numbers of DCs recruited after full dose and 20 % of the dose (Fig. 4-S3H).  𝜇𝜇 

is the decay rate, assumed to be identical for all innate immune cells for simplicity. Its value is taken 

from Mayer et al. 61  

The recruitment of DCs by the TCs and their activation and antigen uptake are modeled as: 

 𝑑𝑑[𝐷𝐷𝐷𝐷]
𝑑𝑑𝑡𝑡

= 𝐷𝐷0[𝑇𝑇𝑇𝑇] − �1 + 𝑘𝑘
[𝐴𝐴𝐴𝐴𝐴𝐴]

𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴 + [𝐴𝐴𝐴𝐴𝐴𝐴]
� [𝐷𝐷𝐷𝐷][𝐴𝐴𝐴𝐴] − 𝜇𝜇[𝐷𝐷𝐷𝐷]  (Equation 4) 

𝑑𝑑�𝑎𝑎𝑎𝑎𝐶𝐶𝐴𝐴𝑔𝑔+�
𝑑𝑑𝑑𝑑

= �1 + 𝑘𝑘
[𝐴𝐴𝐴𝐴𝐴𝐴]

𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴 + [𝐴𝐴𝐴𝐴𝐴𝐴]
� [𝐷𝐷𝐷𝐷][𝐴𝐴𝐴𝐴] − 𝜇𝜇�𝑎𝑎𝑎𝑎𝐶𝐶𝐴𝐴𝑔𝑔+� (Equation 5) 

 

where 𝑎𝑎𝑎𝑎𝐶𝐶𝐴𝐴𝑔𝑔+  represent activated antigen-primed DCs. Here, 𝐷𝐷0 acts as a scaling factor and its value 

is derived from the best fit of model prediction to experimental data in Fig. 4-3F. The parameter 𝑘𝑘 

quantifies the extent to which the adjuvant's activity expedite antigen uptake by the DCs. Given the 

recognized role of adjuvants in promoting antigen uptake, we set 𝑘𝑘 to be large.  
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The activated antigen-primed DCs induce the proliferation of CD4 T cells, which we assume to 

differentiate into Tfh cells according to first-order kinetics: 

 𝑑𝑑[𝑇𝑇]
𝑑𝑑𝑑𝑑

= 𝛼𝛼
[𝑎𝑎𝑎𝑎𝐶𝐶𝐴𝐴𝑔𝑔+][𝑇𝑇]

[𝑇𝑇] + [𝑎𝑎𝑎𝑎𝐶𝐶𝐴𝐴𝑔𝑔+]
− 𝜂𝜂([𝑇𝑇] − 𝑇𝑇0) (Equation 6) 

𝑑𝑑[𝑇𝑇𝐹𝐹𝐹𝐹]
𝑑𝑑𝑑𝑑

= 𝜂𝜂([𝑇𝑇] − 𝑇𝑇0) (Equation 7) 

 

where 𝛼𝛼 is the maximum proliferation of the T cells, and 𝜂𝜂 is the rate at which proliferating T cells 

differentiate into Tfh cells. The model of T cell proliferation, including its parameter values, is derived 

from Mayer et al. 61, which encompasses T cell proliferation and death. In this study, rather than 

accounting for death, we model the process as T cells migrating for differentiation 66.  

See Table S2 for the summary of model parameters and their values.  

 

Model of B cell response 

Overview of the Model 

We adapted and refined the B cell response model from a study previously published 62, where 

an in-depth description of the rationale for model development, alternative model structure 

exploration, and parameter sensitivity analysis can be found. Here, we present a concise overview of 

the model as applied in our study, including the equations and parameters necessary for reproducing 

the results. Additionally, we have outlined the changes made to the original model to aid readers 

interested in understanding the modifications. See Table S3 for the summary of parameters and their 

values.  

The model incorporates four key components of B cell and antibody dynamics: (i) display of 

antigens on follicular dendritic cells (FDCs), (ii) activation of naïve B cells and entrance into GCs, (iii) 

the process of affinity maturation in GCs, leading to the production of memory and plasma cells, and 

(iv) the process of memory B cell expansion and differentiation outside of GCs upon antigen 

encounter. To capture the dynamics of antigen administration, breakdown, immune complex 

formation, and transport to FDCs, we employ a system of differential equations. Immune complex 

formation depends on the concentration and affinity of antigen-specific antibodies, which is 

determined by the model of B cells.  
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For simulating the various stages of B cell activation, proliferation, mutation, and differentiation, 

we utilize stochastic agent-based model. We categorize B cells into four overarching classes: naive B 

cells, GC B cells, memory B cells, and plasma cells. The simulation progresses in time steps of 0.01 

day, and antigen and antibody concentrations are updated at each step. Simultaneously, in each step, 

action probabilities for events like activation, selection, cell division, somatic hypermutation, 

differentiation, and apoptosis are computed for the B cells and subsequently executed. To emulate 

the conditions of a secondary lymphoid organ, the simulation simultaneously models up to 200 

distinct GCs. The number of Tfh cells obtained from the model of T cell priming is used to determine 

the number of active GCs and the number of Tfh cells available in each GC. Each simulation is iterated 

10 times. The averaged outcomes can be interpreted as representative of a population-level immune 

response. 

In this study, we consider the partial degradation of antigen as schematically depicted in Fig. 4-

4A. We postulate there are two distinct antibodies: one targeting the native antigen (nAg) and the 

other targeting the partially degraded, non-native antigen (pAg). We further postulate that the 

partially degraded antigen is immunodominant. Drawing parallel to the original model - which 

distinguished immunodominant and subdominant epitopes on the SARS-CoV-2 receptor binding site 

- we employ a two-epitope model. In this approach, epitopes on the nAg are aggregated into a singular 

subdominant epitope while the epitopes on the pAg are aggregated into a singular immunodominant 

epitope. Each B cell targets either the nAg or the pAg. In this model, the germline affinity distribution 

of naïve B cells displays an extended tail for the immunodominant non-native antigen.  

 

Equations for the antigen dynamics 

First, we describe the processes that are included in the model for antigen dynamics. We use the 

following abbreviations: native soluble antigen (nAg), partially degraded soluble antigen (pAg), 

either type of soluble antigen (Ag), soluble antibody (Ig), soluble immune complex (IC), immune 

complex on follicular dendritic cell (IC-FDC), plasma cell (PC). 

The partial and full decay of the soluble antigen are described as: 

𝑛𝑛𝑛𝑛𝑛𝑛 → 𝑝𝑝𝑝𝑝𝑝𝑝 Decay of free native soluble antigen into partially degraded antigen 

𝑝𝑝𝐴𝐴𝑔𝑔 → ∅ Decay of partially degraded antigen 

 

The production and decay of antibodies, which apply to both the nAg and pAg-targeting 

antibodies are described as: 
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𝑃𝑃𝑃𝑃 → 𝑃𝑃𝑃𝑃 + 𝐼𝐼𝐼𝐼 Antibody production by plasma cells 

𝐼𝐼𝐼𝐼 →  ∅ Decay of free soluble antibody 

 

The formation of immune complexes, deposition on FDC, and decay on FDC, which apply to both 

the nAg and pAg, are described as: 

𝐴𝐴𝐴𝐴 + 𝐼𝐼𝐼𝐼 ⇌ 𝐼𝐼𝐼𝐼  Fast equilibrium between free soluble antigen and antibody 

𝐼𝐼𝐼𝐼 → 𝐼𝐼𝐼𝐼 − 𝐹𝐹𝐹𝐹𝐹𝐹 Immune complex transport to follicular dendritic cells 

𝐼𝐼𝐼𝐼 − 𝐹𝐹𝐹𝐹𝐹𝐹 →  ∅ Consumption and decay of immune complexes on follicular dendritic cells 

 

The above processes lead to the following differential-algebraic equations: 

 [𝐴𝐴𝐴𝐴][𝐼𝐼𝐼𝐼]
[𝐼𝐼𝐼𝐼]

= 𝐾𝐾𝑑𝑑 (Equation 8) 

𝑑𝑑[𝑛𝑛𝑛𝑛𝑛𝑛]
𝑑𝑑𝑑𝑑

= −𝑑𝑑𝐴𝐴𝐴𝐴[𝐴𝐴𝐴𝐴] (Equation 9) 

𝑑𝑑[𝑝𝑝𝑝𝑝𝑝𝑝]
𝑑𝑑𝑑𝑑

= 𝑑𝑑𝐴𝐴𝐴𝐴[𝑛𝑛𝑛𝑛𝑛𝑛] − 𝑑𝑑𝐴𝐴𝐴𝐴[𝑝𝑝𝑝𝑝𝑝𝑝] (Equation 10) 

𝑑𝑑[𝐼𝐼𝐼𝐼]
𝑑𝑑𝑑𝑑

= −𝑘𝑘𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑[𝐼𝐼𝐼𝐼] (Equation 11) 

𝑑𝑑[𝐼𝐼𝐼𝐼 − 𝐹𝐹𝐹𝐹𝐹𝐹]
𝑑𝑑𝑑𝑑

= 𝑘𝑘𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑[𝐼𝐼𝐼𝐼]  − 𝑑𝑑𝐼𝐼𝐼𝐼[𝐼𝐼𝐼𝐼 − 𝐹𝐹𝐹𝐹𝐹𝐹] (Equation 12) 

𝑑𝑑[𝐼𝐼𝐼𝐼]
𝑑𝑑𝑑𝑑

= 𝑘𝑘𝐼𝐼𝐼𝐼[𝑃𝑃𝑃𝑃] − 𝑑𝑑𝐼𝐼𝐼𝐼[𝐼𝐼𝐼𝐼] (Equation 13) 

𝑑𝑑𝐾𝐾𝑑𝑑
𝑑𝑑𝑑𝑑

=
(𝐾𝐾𝑑𝑑𝑃𝑃𝑃𝑃 − 𝐾𝐾𝑑𝑑)𝑘𝑘𝐼𝐼𝐼𝐼[𝑃𝑃𝑃𝑃]

[𝐼𝐼𝐼𝐼] + [𝐼𝐼𝐼𝐼]
 (Equation 14) 

 

Here, 𝐾𝐾𝑑𝑑  and 𝐾𝐾𝑑𝑑𝑃𝑃𝑃𝑃  represent the dissociation constants of the serum antibodies and the BCRs of 

plasma cells, respectively.  

 

Initiation of GCs 

In Yang et al. 62, which solely focused on bolus injections, the assumption was made that 200 GCs 

are simultaneously initiated post each injection, with a separate pool of naïve B cells tied to each GC. 

This simplified model is not best suited for depicting dosing schemes with gradual administration of 

antigen and adjuvant. Therefore, contrary to the previous model, we consider a single pool of naïve 

B cells collectively shared across all GCs. We then postulate that GCs are sequentially initiated, 
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influenced by the increasing number of Tfh cells. The number of Tfh cells is determined by the model 

of T cell priming (Eqs. 1-7) and is affected by the dosing scheme. 

The number of active GCs at time t, NGC(t), is determined from the number of Tfh cells, NTfh(t), as 

follows: 

 
𝑁𝑁𝐺𝐺𝐺𝐺(𝑡𝑡) = min(�

𝑁𝑁𝑇𝑇𝑇𝑇ℎ(𝑡𝑡)
𝑁𝑁𝑇𝑇0

, 200�) (Equation 15) 

Here, 𝑁𝑁𝑇𝑇0 is the peak number of Tfh cells in each GC when the number of GCs have not reached the 

maximum value of 200. 

 

Naïve B cell germline affinities 

The model of germline-endowed binding affinities of naïve B cells follows the approach from the 

previous study We parametrize the distribution of the binding affinity, denoted as 𝐸𝐸 = − log10(𝐾𝐾𝑑𝑑), 

with a geometric distribution. The distribution takes discrete values between 6 and 8, expressed as 

𝐸𝐸𝑘𝑘 = 6 + 0.2𝑘𝑘 for 𝑘𝑘 = 0 … 10. Note that higher 𝐸𝐸 value indicates stronger binding.  

We differentiate between two groups of naïve B cells: one group binding to the native antigen 

and the other to the partially degraded antigen. We assume the partially degraded antigen is more 

immunodominant. The frequencies of naïve B cells binding to either antigen type with affinity 𝐸𝐸𝑘𝑘  are 

formulated as follows: 

 
𝑓𝑓𝑝𝑝𝑝𝑝𝑝𝑝(𝐸𝐸𝑘𝑘) = 𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(1 − 𝑝𝑝)

𝑒𝑒−𝑟𝑟1𝐸𝐸𝑘𝑘
∑ 𝑒𝑒−𝑟𝑟1𝐸𝐸𝑘𝑘10
𝑘𝑘=0

   (Equation 16) 

𝑓𝑓𝑛𝑛𝑛𝑛𝑛𝑛(𝐸𝐸𝑘𝑘) = 𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑝𝑝
𝑒𝑒−𝑟𝑟2𝐸𝐸𝑘𝑘

∑ 𝑒𝑒−𝑟𝑟2𝐸𝐸𝑘𝑘10
𝑘𝑘=0

   (Equation 17) 

 

where 𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛  is the number of naïve B cells and 𝑝𝑝 is the fraction of B cells that target the native 

antigen. The exponents 𝑟𝑟1 , 𝑟𝑟2  determine the slope of the distribution. They are derived from the 

parameters 𝐸𝐸1ℎ  and 𝑑𝑑𝐸𝐸12 which we directly specify. The following relationships are satisfied: 

 𝑓𝑓𝑝𝑝𝑝𝑝𝑝𝑝�𝐸𝐸1ℎ� = 1 − 𝑝𝑝 (Equation 18) 

𝑓𝑓𝑛𝑛𝑛𝑛𝑛𝑛�𝐸𝐸1ℎ − 𝑑𝑑𝐸𝐸12� = 𝑝𝑝 (Equation 19) 
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Given 𝑑𝑑𝐸𝐸12 > 1, this parameterization results in an extended tail of germline-endowed affinities 

for the naïve B cells targeting the partially degraded antigen, reflecting their immunodominance. 

The above model was initially developed to represent a pool of naïve B cells associated with an 

individual GC. For this study, we adjust the model by amplifying the frequencies by a factor of 200, 

thereby consolidating a shared pool of naïve B cells across all GCs.  

Activation of naïve B cells, differentiation into plasmablasts, and entry into GCs 

We model the quantity of antigen captured by a B cell, denoted as 𝑖𝑖, using the following equation: 

 
𝐴𝐴𝑖𝑖 = �

𝐶𝐶
𝐶𝐶0

10(min (𝐸𝐸𝑖𝑖,10)−𝐸𝐸0)�
𝐾𝐾

 (Equation 20) 

 

where 𝐶𝐶
𝐶𝐶0

 signifies antigen availability, 𝐸𝐸0 = 6  serves as the reference affinity, and 𝐾𝐾 represents the 

selection stringency. The min function accounts for the effect of affinity ceiling. The term 𝐶𝐶 =

0.01([𝐴𝐴𝐴𝐴] + [𝐼𝐼𝐼𝐼]) + [𝐼𝐼𝐼𝐼 − 𝐹𝐹𝐹𝐹𝐹𝐹] represents the effective antigen concentration, accounting for the 

predominant influence of surface-presented immune complexes. 𝐶𝐶0 is the reference concentration. 

For B cells targeting the native or partially degraded antigen, the appropriate antigen concentration 

is applied respectively. 

The probability of B cell activation at each step is determined as: 

 Pr(B cell 𝑖𝑖 is activated) = min (𝐴𝐴𝑖𝑖 , 1) (Equation 21) 

 

The entry of activated naïve B cells to GCs is limited by competition for positive selection from 

helper T cells. The selection rate for an activated naive B cell 𝑖𝑖, denoted as 𝜆𝜆𝑖𝑖 , is given by: 

 

 
𝜆𝜆𝑖𝑖 =

𝑁𝑁𝑇𝑇
𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

𝐴𝐴𝑖𝑖
〈𝐴𝐴〉

1 + 𝑁𝑁𝑇𝑇
𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

𝐴𝐴𝑖𝑖
〈𝐴𝐴〉

 (Equation 22) 

 

Here, 𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎  stands for the total count of activated B cells, 〈𝐴𝐴〉 denotes the average quantity 

of antigen captured by all activated B cells, and 𝑁𝑁𝑇𝑇 represents the limited number of helper T cells 

that B cells compete for. Activated naïve B cells migrate to the T-B border and interact with antigen-
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primed T cells before they migrate back to the B cell zone and enter GCs 66. Thus, we choose the value 

of 𝑁𝑁𝑇𝑇 as the number of T cells from the model of T cell priming (Eq. 6).  

Upon positive selection, a naïve B cell has three potential fates: it can differentiate into a memory 

cell, a plasmablast, or a GC B cell 67. In our model, a B cell differentiates into either a memory cell or a 

plasmablast with a probability of p1, and otherwise enters a GC. Upon entering a GC, a naïve B cell is 

randomly allocated to one of the active GCs. If it does not enter a GC, the B cell has probability p2 of 

becoming a plasma cell, and otherwise becomes a memory cell. When the B cell becomes a 

plasmablast, it undergoes five division cycles 68.  

 

Proliferation, mutation, and death of GC B cells 

GC B cells must be activated by antigen and then receive help from Tfh cells to proliferate. The 

activation step for GC B cells is identical to that of naïve B cells. The rate of positive selection, 𝛽𝛽𝑖𝑖 , of a 

GC B cell, 𝑖𝑖, is modeled based on competition for limited number of Tfh cells: 

 

 

𝛽𝛽𝑖𝑖 = 𝛽𝛽𝑚𝑚𝑚𝑚𝑚𝑚

𝑁𝑁𝑇𝑇𝑇𝑇ℎ/𝑁𝑁𝐺𝐺𝐺𝐺
𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

𝐴𝐴𝑖𝑖
〈𝐴𝐴〉

1 +
𝑁𝑁𝑇𝑇𝑇𝑇ℎ/𝑁𝑁𝐺𝐺𝐺𝐺
𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

𝐴𝐴𝑖𝑖
〈𝐴𝐴〉

 (Equation 23) 

 

where 𝛽𝛽𝑚𝑚𝑚𝑚𝑚𝑚 is the maximum rate of positive selection, and the number of Tfh cells in each active GC 

is calculated as 𝑁𝑁𝑇𝑇𝑇𝑇ℎ/𝑁𝑁𝐺𝐺𝐺𝐺 . 

Upon positive selection, a B cell exits the GC with a probability of p1 and proliferates inside the 

GC with a probability of 1-p1. When it exits the GC, it becomes a plasma cell with a probability of p2 or 

a memory cell with a probability of 1- p2. When it proliferates, one offspring undergoes mutation. 

This mutation can result in apoptosis (probability 0.3), no affinity change (probability 0.5), or a 

change in the mutation state of a randomly selected residue (probability 0.2). 

The affinities of GC B cells change with mutations. Each B cell is represented as a string of 0’s and 

1’s with a total length of 𝑛𝑛𝑟𝑟𝑟𝑟𝑟𝑟. The residues are all 0’s for a naïve B cell. Each time an affinity-affecting 

mutation occurs, one of the residues is randomly chosen and its value is flipped. The affinity of a B 

cell is determined by the sum of its germline-endowed affinity and the contributions of the mutations, 

as follows: 
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𝐸𝐸𝑖𝑖 = 𝐸𝐸𝑖𝑖

𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 + �𝛿𝛿𝑖𝑖,𝑗𝑗𝑠𝑠𝑖𝑖,𝑗𝑗

𝑛𝑛𝑟𝑟𝑟𝑟𝑟𝑟

𝑗𝑗=1

 (Equation 24) 

 

where 𝛿𝛿𝑖𝑖,𝑗𝑗 ∈ {0,1} is the mutational state of residue 𝑗𝑗, and 𝑠𝑠𝑖𝑖,𝑗𝑗  is the effect of the mutation at residue 

𝑗𝑗 on the binding affinity. The values of 𝑠𝑠𝑖𝑖,𝑗𝑗  (𝑗𝑗 = 1 … 𝑛𝑛𝑟𝑟𝑟𝑟𝑟𝑟) are independent and identically distributed 

as follows: 

 

 𝑠𝑠𝑖𝑖,𝑗𝑗~ 𝑒𝑒𝑁𝑁(𝜇𝜇,𝜎𝜎) − 𝜖𝜖 (Equation 25) 

 

This shifted log-normal distribution with 𝜇𝜇,𝜎𝜎, 𝜖𝜖  chosen to fit experimentally determined 

distribution leads to ~5 % of affinity-affecting mutations increasing the binding affinity. 

 

Expansion and differentiation of B cells in Extra Germinal Center  

In schemes involving multiple injections, we model the expansion of memory cells and their 

differentiation into plasma cells outside of germinal centers, termed extra germinal centers (EGCs). 

The process of affinity-based positive selection, which results in either differentiation or 

proliferation, is identical to that in the GCs. However, proliferating cells in EGC differentiates into 

plasma cells with higher probability. Moreover, to reflect the fast kinetics in the EGC, the number of 

Tfh cells is maintained at its peak value, 𝑁𝑁𝑇𝑇0. 

 

Modifications from the model in Chapter 2 

In our study, we have introduced several changes from the model in Chapter 2 and in Yang et al. 
62, which are described in detail in the relevant sections. We summarize these changes here to aid 

readers interested in understanding the modifications. 

(1) T cell priming: We developed a detailed T cell priming model that is suitable for gradual dosing 

schemes. 

(2) Antigen decay and targeting: We introduced partial decay of antigen and B cells targeting the 

partially degraded antigen. 

(3) Initiation of GCs: We introduced asynchronous initiation of GCs, which is suitable for gradual 

dosing schemes. 



153 
 

(4) Cell differentiation: We consider differentiation of memory cells and plasmablasts from a 

positively selected naïve B cell. This was not considered for simplicity in the previous model, but 

the shorter timescale in this study makes these early dynamics important.  

(5) Parameter adjustment: We adjusted a small number of model parameters to match the 

timescales of experimental observations in the current study. The previous model was built for 

vaccine responses in humans, which can have slower and longer-lasting GC responses than mice. 

Table S3 provides all the parameter values for the model of B cell responses. Those that take 

values not tested in Yang et al. are highlighted. 
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4.6. Supplemental Figures and Tables 

 

 
Figure S1: Additional 2-shot prime immunization GC response comparisons.  

(A) GC, (B) Tfh, and (C) trimer-specific GC B cell responses at day 19 for 2-dose regimen compared to bolus 
immunization. (D) Schematic of 2-shot regimens comparing dose 1 (20%) and dose 2 (80%) vs dose 1 (100%) 
and dose 2 (100%) at day 14. (E) GC, (F) Tfh, and (G) trimer-specific GC B cell responses at day 14. (H) trimer-
specific IgG titer at day 28 for the two groups. 
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Figure S2. Analysis of 7-ED (adjuvant bolus) regimen. 

(A) Equations governing the kinetic model for innate immune responses and T cell priming. (B) Dosing scheme 
for 7-ED and 7-ED (adjuvant bolus) immunization regimens. (C) Model predictions for DC, aDCAg+, T cells, and 
Tfh cell responses under the standard 7-ED and 7-ED (adjuvant bolus) immunization schemes. (D-E) 
Experimentally observed numbers on day 14 for (D) GC B cells and (E) Tfh cells. 
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Figure S3. Gating strategy for DC kinetic analysis of different immunization regimens.  
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figure S4. Additional antigen capture on FDCs data. (A-D)  

Groups of C57Bl/6 mice (n = 3 animals/group) were immunized by bolus, 2-ED, or 7-ED regimens as shown 
in Fig. 3G, followed by collection of lymph nodes for imaging at 48 h after bolus or after the last injection of 
the 2-ED and 7-ED regimens. Shown are additional cleared whole LN images for bolus, 2-ED, and 7-ED 
regimens (A), fraction of FDC area occupied by antigen for each individual image in the z-stack (9 per image) 
(B), and for the z-projection (sum of slices) (C) and additional representative histological LN slices for 7-ED, 
2-ED, and bolus dosing regimens (D). Shown are data from one independent experiment for each 
immunization series. ****, p < 0.0001; ***, p < 0.001; **, p < 0.01; *, p < 0.05;  ns, not significant; by one-way 
ANOVA with Dunnett’s multiple comparison post test compared to bolus immunization.  



158 
 

 

 

 

 

 

figure S5: Additional data on Alum-pSer immunizations.  

(A-C) C57Bl/6J mice (n=5 animals/group) were immunized with 10 µg MD39 trimer anchored onto 50 ug Alum 
combined with 5 µg SMNP adjuvant (20% vaccine on day 0, 80% on day 7, red) or with alum anchoring only 
used for the second dose (green). Shown are experimentally measured responses on day 14 for GC B cells (A), 
Tfh cells (B), and trimer-specific GC B cells (C). (D-E) In silico predictions modeling the same experiment as in 
(A-C), showing numbers of native antigen-binding GC B cells (D),  and total GC B cells (E) over time. Shown are 
data from one independent experiment for each immunization series. ****, p < 0.0001; ***, p < 0.001; **, p < 
0.01; *, p < 0.05;  ns, not significant; by one-way ANOVA with Dunnett’s multiple comparison post test compared 
to bolus immunization.  

 

  

A B C
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Table S1. Antigen decay kinetics data.  

Measured antigen trimer mass per lymph node after immunization. Maximum likelihood estimate 
of the antigen decay rate assuming first-order kinetics is ~2.7 / day, corresponding to half-life of 
~6.2 hrs.  

 Extracellular Ag (ng) 
6 Hrs 52.11 38.29 48.32 
Day 1 5.60 6.85 6.82 
Day 2 0.64 0.12 0.83 

 

 

Table S2. Simulation parameters for the model of T cell priming 

Parameter Value Description Equation Note 
T cell priming 

𝑑𝑑𝐴𝐴𝐴𝐴 3 day−1 Antigen decay rate 1 Our data (Table S1) 

𝑑𝑑𝐴𝐴𝐴𝐴𝐴𝐴 
3 day−1 Adjuvant decay rate 2 Taken to be identical 

to 𝑑𝑑𝐴𝐴𝐴𝐴  

𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴 
0.1 Half-max adjuvant 

activity concentration 3 See text for Eq. 3 

𝑘𝑘 10 Max increase in antigen 
uptake rate 4, 5 See text for Eqs. 4-5 

𝜇𝜇 
1.2 Innate immune cell 

death rate 
 

3, 4, 5 

From ref. 61 𝛼𝛼 
1.5 Max T cell proliferation 

rate 
 

6 

𝜂𝜂 
0.22 T cell differentiation 

rate 
 

7 

𝐷𝐷0 1.8 × 106 Scaling factor for DCs 
 4 Fitted to data 

𝑇𝑇0 
33 Scaling factor for Tfh 

cells 
 

6,7 Fitted to data 

[𝐴𝐴𝐴𝐴]0, [𝐴𝐴𝐴𝐴𝐴𝐴]0, [𝑇𝑇𝑇𝑇]0, 
[𝐷𝐷𝐷𝐷]0, [𝑎𝑎𝑎𝑎𝐶𝐶𝐴𝐴𝐴𝐴+]0, [𝑇𝑇𝐹𝐹𝐹𝐹]0 

0 
Initial conditions 1-7  

[𝑇𝑇]0 𝑇𝑇0 
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Table S3. Simulation parameters for the model of B cell responses 

Description of the parameters used in the simulation. Highlighted parameters have values changed from the 
model in Chapter 2. 

Parameter Value Description Equation Note 
Antigen and antibody dynamics 

𝑘𝑘𝐼𝐼𝐼𝐼 10−1  
nM day−1 PC−1 

Rate of antibody production per plasma cell 
per day, in terms of change in serum 
concentration 

13, 14 
Increased from ref. 
62 to match the 
faster kinetics 
observed in mice  𝑑𝑑𝐼𝐼𝐼𝐼 0.17 day−1 Antibody decay rate 13 

𝑑𝑑𝐴𝐴𝐴𝐴 3 day−1 Antigen decay rate 9,10 

From ref. 62 

𝑘𝑘𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 1 hour−1 Rate of immune complex transport to FDC 11, 12 
𝑑𝑑𝐼𝐼𝐼𝐼 0.15 day−1 Rate of decay of immune complex on FDC 12 

[𝐴𝐴𝐴𝐴]0 0 nM 

Initial Conditions 8-14 [𝐼𝐼𝐼𝐼]0 10−2 nM 
[𝐼𝐼𝐼𝐼]0,  

[𝐼𝐼𝐼𝐼 − 𝐹𝐹𝐹𝐹𝐹𝐹]0 
0 nM 

B cell affinities 
𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 2000 cells/GC Number of naïve B cells / GC 16, 17 

From ref. 62 

𝑝𝑝 0.5 Fraction of naïve B cells that target the 
naitve antigen 18, 19 

𝐸𝐸1ℎ 7.2 Affinity at which there is one dominant 
naive B cell available for each GC on 
average 

18, 19 

𝑑𝑑𝐸𝐸12 0.6 𝐸𝐸1ℎ − 𝑑𝑑𝐸𝐸12 is the affinity at which there is 
one subdominant naïve B cell available for 
each GC on average 

18, 19 

𝑛𝑛𝑟𝑟𝑟𝑟𝑟𝑟 80 Length of the string representation of B cell 
residues 24 

𝜇𝜇,𝜎𝜎, 𝜖𝜖 3.1, 1.2, 3.08 Parameters for the shifted log-normal 
distribution that represent the effects of 
mutations on B cell binding affinities 

25 

GC and EGC 
𝐶𝐶0 0.2 nM Reference antigen concentration 20 Increased from ref. 

62 to match the 
faster kinetics 
observed in mice  

𝛽𝛽𝑚𝑚𝑚𝑚𝑚𝑚 4 day−1 Maximum rate of positive selection for GC 
and EGC B cells 23 

𝐸𝐸0 6 Reference binding affinity 20 

From ref. 62 

𝐾𝐾 0.5 Stringency of selection of naïve and GC B 
cells by helper T cells based on the 
amounts of antigen internalized 

20 

𝑁𝑁𝑇𝑇0 1200 Maximum number of helper T cells 15 
𝛼𝛼 0.5 day−1 Death rate of GC B cells 6 

Memory and Plasma Cell Dynamics 
𝑝𝑝1 0.1 Probability that a positively selected GC B 

cell exits by differentiation 

Text From ref. 62 
𝑝𝑝2 0.1 Probability that a differentiating GC B cell 

becomes a plasma cell 
𝑝𝑝2𝐸𝐸𝐸𝐸𝐸𝐸 0.6 Probability that a proliferating memory cell 

in EGC differentiates into a plasma cell 
𝑑𝑑𝑃𝑃𝑃𝑃 0.17 day−1 Death rate of plasma cells 
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Chapter 5. 

Conclusion and Perspectives 

 
In this thesis, we presented three projects on how immunodominance affects vaccination 

outcomes, and how different vaccination strategies can be used to change immunodominance. 

Understanding the dynamics of this hierarchy is crucial for effective vaccine development and 

predicting immune responses to various pathogens. Each of the three projects sheds light on a 

different aspect of immunodominance.  

In Chapter 2, we studied ways to manipulate B cell immunodominance in the context of eliciting 

RBS-directed bnAbs against influenza virus. The pursuit of a universal influenza vaccine hinges on 

eliciting bnAbs against evolving seasonal and pandemic strains. The first step towards this goal is to 

amplify the subdominant B cells that target the RBS with cross-reactivity. We investigated the use of 

heterotrimeric RBS-enriched chimeras and a cocktail of homotrimeric rsHAs. Computational model 

was developed to derive mechanistic insights into the process of affinity maturation. It highlighted  

the importance of interplay among different factors: the antigen's binding valency to B cells, the 

variety of antigens B cells capture, and the stringency of selection by T cells. Moreover, comparing 

the model prediction with experimental observation provided evidence of stringent selection by 

helper T cells during affinity maturation.  

In Chapter 3, we provided mechanistic explanation of how repeated doses of SARS-CoV-2 vaccine 

change the B cell and antibody immunodominance. B cell response after initial dose is focused on 

immunodominant epitopes that are highly mutated in the variant Omicron strain. After the second 

dose, these memory B cells expand and differentiate into plasma cells, producing antibodies that have 

low neutralization capacity for Omicron. However, simultaneously, germinal centers after the second 

dose benefit from increased antigen presentation and epitope masking, producing memory B cells 

targeting subdominant and more conserved epitopes. After the third dose, expansion of these cells 

lead to production of neutralizing antibodies against Omicron. The study's in-silico results, validated 

with clinical data, underscore the significance of the sequential immunizations and timing between 

doses for optimizing the antibody response. Antigen availability and epitope masking dynamics were 

found to play pivotal roles in shaping the immune response, and strategies that modulate these 

factors may be promising. 
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In Chapter 4, we studied the impact of extended priming dosing strategies on the immune 

response after vaccination with HIV Env trimer. The native trimer-binding B cells are subdominant 

and corresponding antibody responses are minimal upon conventional bolus immunization. While a 

seven-dose escalating regimen was previously found effective in stimulating strong humoral 

responses, such a strategy is not practical. We investigated several reduced two-dose strategies, and 

identified 2-ED regimen, administering 20% of the vaccine initially and 80% a week later, which 

achieves a significant enhancement in humoral responses compared to bolus. Computational models 

and experimental studies revealed that this strategy improves the capture of native antigens on 

follicular dendritic cells (FDCs), essential for germinal center (GC) reactions and T follicular helper 

(Tfh) cell development. The success of this two-dose regimen indicates the importance of antigen 

capture dynamics and priming of dendritic cells in boosting the immune response. We then identified 

a slow-releasing alum depot as an effective platform, which extended antigen availability and 

optimized its presentation. This optimized two-dose approach offers promise in designing more 

efficient vaccines, especially for challenging pathogens like HIV. 

The projects included in this thesis show the multitude of the scale and scope that 

immunodominance matters. We hope the works presented in this thesis provide foundations for 

future efforts in developing vaccines against highly mutable viruses. The following are two of the 

interesting outstanding questions: 

(1) Modulating T cell selection to focus B cell responses 

 Can we harness T cell selection to direct B-cell responses towards a conserved epitope? Chapter 2 

demonstrates the impact of helper T cell selection stringency on epitope immunodominance. A 

cocktail of antigens, each containing distinct helper T cell epitopes, can enable B cells targeting the 

conserved epitope to interact with more diverse helper T cells than off-target B cells. This mechanism 

is uniquely enabled by the large mutational distances between the individual antigens in the cocktail. 

If the selection stringency of helper T cells in germinal centers is low, this difference could promote 

the immunodominance of the conserved epitope. In contrast, stringent T cell selection promotes the 

immunodominance of the conserved epitope after immunization with the chimera antigen. A 

promising avenue for future exploration is investigating whether selection stringency can be 

modulated. This could involve manipulating the number and immunogenicity of T cell epitopes in 

antigens, using adjuvants that influence the activation of innate immune cells and T cells, or 

upregulating adhesion molecules on T cell surfaces.  

(2) Designing immunogen and delivery scheme to elicit longer-lasting protection 
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  Chapter 3 and 4 highlight the interplay between pre-existing humoral immunity (antibodies, 

memory cells, and plasma cells) and design of vaccine (choice of antigen sequence, delivery kinetics) 

in determining epitope immunodominance. This in turn affects the diversity of B cell responses and 

degree of protection against evolving viral mutants. Current vaccination strategy against mutable 

viruses like influenza and SARS-CoV-2 is to vaccinate with strains that are already prevalent or are 

anticipated to become prevalent in near future. While this focuses on neutralizing immediate threats, 

it overlooks how vaccine-induced immunity might resist the escapes of viral mutations. If the goal is 

to produce longer-lasting protection by producing diverse B cell responses, what would be the 

optimal choice of antigen or antigens, and in what temporal kinetics should they be delivered? The 

various mechanistic principles that we have revealed in Chapter 3 and 4 may serve as foundations 

for designing such vaccines. 
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