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Abstract 
 

B cells are central to the adaptive humoral immune response, producing antibodies that 

recognize and neutralize pathogens. This thesis introduces AntibodyForests, an R package 

developed for analyzing single-cell B cell repertoire sequencing data and study B cell evolution. 

The package facilitates the import of single-cell sequencing output files and the inference of 

lineage trees for clonotypes, allowing researchers to explore B cell evolutionary trajectories. 

AntibodyForests offers the flexibility to infer lineage trees using multiple algorithms and 

includes unique pruning options to remove internal nodes, catering to diverse research needs. 

This versatility makes AntibodyForests a powerful tool for investigating B cell evolution, a 

feature that is currently lacking in most other tools. To address undersampling in single-cell 

sequencing experiments, a computational approach was developed to integrate spleen-

derived bulk transcriptomic data to complement bone marrow-derived single plasma cell data. 

Applied to a dataset from five mice immunized with ovalbumin, the study found significant 

congruence between single-cell and bulk repertoire sequencing data. Specifically, many clones 

contained identical antibody sequences in both datasets, and the number of cells in the single-

cell dataset was positively correlated with the number of IgM isotype transcripts in the bulk 

RNA. This integration enhances the resolution with which B cell evolution can currently be 

tracked and analyzed. Future work will focus on expanding the package’s capabilities to 

integrate phenotypic data and computational predictions, enabling deeper insights into 

antibody evolution and immune responses.  
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Layman summary 
 

The human adaptive immune system plays a vital role in defending the body against harmful 

pathogens. Central to this defense are B cells, which produce antibodies that recognize and 

neutralize invaders like viruses and bacteria. Each B cell is capable of producing a unique 

antibody, enabling the human body to recognize a wide variety of foreign substances. The set 

of B cells in the human body is unique and dynamic in its nature: it is constantly changing over 

time, evolving to adapt to new challenges. Understanding how these B cells develop and 

evolve to produce effective antibodies is crucial for improving vaccines and developing new 

treatments for diseases. 

This project focuses on studying B cells and their antibodies using advanced techniques 

that analyze them at the level of individual cells. Traditionally, scientists have studied B cells 

by examining large groups of them at once, which provides an overview but misses the finer 

details of how individual B cells change and evolve. However, newer methods allow 

researchers to examine individual B cells one at a time, providing much more detailed 

information about how each cell’s antibody develops and changes in response to infections. 

To study these cells, a specialized user-friendly computer program called AntibodyForests 

was developed. This program is used to analyze data from a technology known as single-cell 

sequencing, which captures detailed information from individual B cells. By tracking these cells 

over time, AntibodyForests helps researchers organize the data and build “family trees” of B 

cells, showing how different cells are related and how they have evolved to produce different 

antibodies, adapting to better fight off pathogens. 

However, single-cell sequencing only captures a small portion of all the B cells in the body, 

which can lead to gaps in the tracking of B cell evolution. To address this, the single-cell data 

was combined with data from a different method called bulk sequencing, which looks at B cells 

from a broader perspective. By integrating these two types of data, the study aimed to get a 

more complete picture of how B cells evolve in response to an infection. 

This study applied this approach to data from mice that had been exposed to a harmless 

protein similar to what might be found in vaccines. By analyzing the B cells from these mice, it 

was found that combining single-cell and bulk data provided a better understanding of B cell 

evolution, although some challenges remain. For example, not the complete set of B cells was 

captured, and the controlled environment in which the mice were kept might not fully represent 

real-world conditions where organisms are exposed to many different pathogens over their 

lifetimes. 

In the future, improving AntibodyForests to include even more types of data, such as 

information about how well antibodies bind to their targets, could provide deeper insights into 

how B cells develop and respond to diseases. This could help scientists design better vaccines 

and antibody-based treatments for a range of infections and immune-related conditions. 
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Glossary 
 

AID activation-induced cytidine deaminase 

BCR B cell receptor 

C (gene) constant gene 

C (region) constant region  

CDR complementarity-determining region 

D (gene) diversity gene 

FDC follicular dendritic cell 

FWR framework region 

GC germinal center  

H (chain) heavy chain 

HSC hematopoietic stem cell 

Ig immunoglobulin 

J (gene) joining gene 

L (chain) light chain 

MHC(I//II) major histocompatibility complex (I//II) 

ML maximum likelihood 

MP  maximum parsimony 

MST minimum spanning tree 

NJ neighbor-joining 

OVA ovalbumin 

RAG recombination-activation gene 

RSS recombination signal sequence 

SHM somatic hypermutation 

SPF specific pathogen-free 

TCR T cell receptor 

Tfh T follicular helper cells 

V (gene) variable gene/segment 

V (region) variable region (encoded by rearranged VDJ exon) 
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Introduction  
 

B cells: essential for pathogen defense, vaccination, and therapeutic antibodies 
 

Humoral immunity is a crucial component of the adaptive immune system, primarily mediated 

by antibody-producing plasma cells that arise after naïve mature B cells recognize their target 

antigen and get activated. B cells play an essential role in recognizing pathogens, neutralizing 

toxins, and facilitating the destruction of infected cells. The human body harbors an estimated 

number of 1011 B cells, each capable of producing a unique antibody [2]. This diversity is 

achieved through the process of V(D)J recombination, somatic hypermutation (SHM), and 

class switch recombination (CSR), collectively generating a vast B cell repertoire. This 

repertoire is the entire collection of B cell receptors (BCRs), allowing the immune system to 

recognize and respond to an immense variety of antigens. Understanding the B cell repertoire 

is essential for various fields, including infectious disease research, vaccine development, and 

immunotherapy. By studying the composition and dynamics of the B cell repertoire, 

researchers can gain insights into how the immune system adapts to pathogens, the 

mechanisms behind successful vaccinations, and the identification of antibody candidates for 

therapeutic use. 

 

A historical appreciation on landmark studies in the field of humoral immunity 
 

Humoral immunity has been a central focus of immunological research for over a century 

(Figure 1) [3]. The field began in 1890 with the discovery that immunity could be transferred 

through serum components, which were later identified as antibodies [4]-[5]. Early studies 

demonstrated the protective role of antibodies, including their maternal transmission and their 

presence in specific globulin fractions, which provided immunity against diseases such as 

diphtheria and tetanus [6]-[9]. Advancements in techniques like electrophoresis and 

ultracentrifugation allowed for the isolation and study of antibodies, leading to the identification 

of distinct antibody isotypes (such as IgG and IgM) and the understanding of their structure, 

consisting of heavy and light chains [10]-[20]. The identification of plasma cells as the primary 

producers of antibodies, along with the development of clonal selection theory, highlighted that 

the vast B cell repertoire, with each B cell capable of recognizing a specific antigen, enables a 

targeted humoral immune response through the clonal expansion of these specific B cells upon 

antigen exposure [21]-[29]. Research in the 1960s and 1970s further elucidated the roles of B 

cells in humoral immunity, with statistical analyses of light chain sequences revealing the highly 

variable complementarity-determining regions (CDRs) within antibodies and uncovering the 

mechanisms of V(D)J recombination and SHM that generate antibody diversity [30]-[44]. The 

delineation of B cells and T cells into their respective roles in humoral and cellular immunity 

was also clarified during this time. The development of recombinant DNA technology in the 

early 1970s revolutionized the study of B cells and immunoglobulins, allowing for detailed 

exploration of gene rearrangement and providing deeper insights into the molecular 

mechanisms of antibody diversity, solidifying our understanding of B cell evolution [45]-[56]. 
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Fig. 1: A historical timeline of the research into antibodies and B cells 

The timeline spans from 1890, when Emil on Behring discovered the potential of serum therapy, to 1984, when David McKean 

and his team discovered the process of somatic hypermutation. This timeline highlights key breakthroughs and important theories 

that have culminated in our current understanding of B cells and their role in humoral immunity.  

Adapted adapted from Cooper [3]. 

 

V(D)J recombination and junctional diversity underly initial antibody diversification 
 

B cells produce antibodies that are the main actors in humoral immunity. These molecules 

consist of two main fragments: the Fab (antigen-binding) fragment and the Fc (crystallizable) 

fragment [57]-[58]. Structurally, they are composed of two heavy and two light chains, linked 

by disulfide bonds (Figure 2A). The heavy and light chains contain constant and variable 

regions, with the variable regions forming the antigen-binding sites. The variable regions can 

be divided into three complementarity-determining regions (CDR1-3), showing the highest 

variability, which lie in between four conversed framework regions (FWR1-4). Antibodies are 

encoded by immunoglobulin (Ig) genes. In the human genome, these Ig genes are organized 

into three loci: the IGH locus on chromosome 14 encodes the heavy chain, while the IGK and 

IGL loci on chromosomes 2 and 22 encode the light chain [59]-[60].  

Each locus contains clusters of gene segments, where one segment from each cluster is 

selected during V(D)J recombination to encode the antibody’s variable region. At the 5' end, 

there are variable (V) gene segments, with approximately 50 in the IGH locus, 35 in the IGK 

locus, and 30 in the IGL locus. These segments are preceded by leader exons that encode 

signal peptides that guide the antibody to the endoplasmic reticulum membrane during 

translation. Downstream of the V genes are the joining (J) segments, typically 30 to 50 base 

pairs long. In the IGH locus, there are additional diversity (D) segments situated between the 

V and J segments. These D segments are absent in the light chain loci. The number of J and 

D segments also varies among the different loci. The constant (C) region genes are located 3' 

of the J segments. Each Ig locus has a unique arrangement and number of C region genes 

(Figure 2B). 

During B cell development, one segment from each cluster is selected and recombined to 

form a functional VDJ exon encoding the variable region of the antibody [57]-[61]. In the IGH 

locus, this involves two sequential recombination events: D-to-J recombination followed by V-

to-DJ recombination (Figure 2C). In contrast, the light chain loci (IGK and IGL) lack D segments, 

so a single rearrangement event joins a V segment directly to a J segment. Once the VDJ (or 

VJ) exon is generated, it is transcribed along with the first two C genes. Alternative splicing 

then determines whether the μ or δ heavy chain proteins are expressed. 

V(D)J recombination is regulated by recombination signal sequences (RSSs), which are 

specific sequences located adjacent to each gene segment: 3′ of V segments, 5′ of J segments, 

and flanking both sides of D segments [57]-[61]. RSSs consist of a conserved heptamer, a 

non-conserved spacer of either 12 or 23 nucleotides, and a conserved nonamer. The 12/23 

rule dictates that recombination occurs only between gene segments with differing spacer 
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lengths, ensuring the correct assembly of V, D, and J segments. In the IGH locus, the V and J 

segments are flanked by 23-nucleotide spacers, preventing them from directly recombining. 

Instead, the D segments, flanked by 12-nucleotide spacers, first undergo D-to-J recombination, 

followed by V-to-DJ recombination, leading to the formation of a functional antigen receptor. 

The recombination process consists of four steps: synapsis, cleavage, hairpin opening and 

end processing, and joining (Figure 2D) [57]-[61]. During synapsis, the gene segments and 

their RSSs are brought together through chromosomal looping. Cleavage is mediated by 

recombination-activating gene (RAG) proteins, which introduce double-stranded breaks at the 

RSS-coding sequence junctions. The enzyme Artemis then opens the hairpin structure created 

by the cleavage, allowing for the removal of some germline nucleotides. Terminal 

deoxynucleotidyl transferase further diversifies the DNA by adding nucleotides to the broken 

ends. These ends are finally joined by nonhomologous end joining. The addition and removal 

of nucleotides, known as junctional diversity, primarily contributes to the extensive variability 

observed in the junction regions. The CDR3 region is located at the junction of the V, D, and J 

gene segments; this explains why it exhibits the highest diversity. 

 

 
Fig. 2 Antibody structure and molecular mechanisms of antibody generation and diversification 

(A) Antibodies are composed of two light and two heavy chains, each with constant and variable regions. The variable regions, 

responsible for antigen binding, contain three complementarity-determining regions (CDR1-3) that show the highest sequence 

variability, flanked by four conserved framework regions (FWR1-4). 

(B) The human immunoglobulin (Ig) loci: the IGH locus on chromosome 14 contains V, D, J, and C gene segments, while the IGK 

and IGL loci on chromosomes 2 and 22 contain V, J, and C segments. Leader sequences, shown as dark grey boxes, upstream 

of V segments guide antibodies to the endoplasmic reticulum.  
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(C) V(D)J recombination at the IGH locus involves sequential D-to-J and V-to-DJ rearrangements, forming the variable region of 

the heavy chain. This process introduces nucleotide additions and deletions at the junction sites, shown as yellow boxes, 

contributing to antibody diversity. Alternative splicing results in the dual expression of both μ and δ heavy chains. 

(D) The molecular mechanism of V(D)J recombination involves multiple steps: synapsis brings gene segments together, 

recombination-activating gene 1 and 2 (RAG1/RAG2) complex mediates cleavage, Artemis opens hairpins, and terminal 

deoxynucleotidyl transferase (TdT) adds nucleotides at the junctions, followed by end joining, generating junctional diversity. 

Adapted from Abbas et al. [57]. 

 

Germinal center reaction and class switching enhance antibody diversity 
 

The process of V(D)J recombination occurs during B cell development, which starts with the 

differentiation of lymphoid cells from hematopoietic stem cells (HSCs) in the human fetal liver 

and fetal/adult bone marrow [57][62]. Cells that arise from the fetal liver-derived HSCs will give 

rise to B cell subsets of the B-1 lineage, while cells that develop from bone marrow-derived 

HSCs will give rise to B cell subsets of the B-2 lineage. Eventually, this process culminates in 

the majority of mature B cells belonging to the B-2 lineage class of follicular B cells, which 

express membrane-bound IgM and IgD. 

When mature naïve B cells, which reside in the lymphoid follicles, encounter their specific 

antigen, they undergo activation. This activation typically requires assistance from CD4+ T 

helper cells [57]. The B cell binds to the antigen via its BCR, internalizes it, and processes it 

into fragments presented on major histocompatibility molecules class II (MHCII) molecules. 

Presented antigens are recognized by T helper cells, and the interaction between CD40 on B 

cells and CD40L on T helper cells initiates B cell proliferation and differentiation [63]. Initially, 

some activated B cells quickly differentiate outside the follicle into short-lived plasma cells that 

secrete low-affinity antibodies, providing an immediate, albeit temporary, immune response. 

Simultaneously, other activated B cells re-enter the follicle to form a germinal center (GC), 

where they undergo somatic hypermutation (SHM) and affinity maturation (Figure 3A) [57][64]. 

In the GC’s dark zone, B cells proliferate rapidly while expressing the activation-induced 

cytidine deaminase (AID). This enzyme deaminates cytosine residues, converting them into 

uracil residues. Following DNA replication, this deamination mostly results in a C>T 

transversion. In some cases, the uracil residue is excised by the enzyme urical-DNA 

glycosylase, initiating the base-excision repair, resulting in substitutions with any of the four 

nucleotides. In rare cases, a mismatch repair pathway is activated, resulting in the deletion of 

the uracil residue and adjacent nucleotides, possibly leading to insertions and deletion. The 

AID enzyme does not act across the entire genome, but specifically in the V gene region, 

where it induces generally a point mutation approximately in every 103 base pairs, resulting in 

about one mutation per cell division given the length of the V gene. While the exact mechanism 

of AID's specificity towards the V gene region is not fully understood, it is observed that AID 

preferentially targets sequences called hotspots, while other regions, known as coldspots, are 

less frequently mutated [65]. 

SHM can either enhance or diminish the antibody's affinity for its antigen. B cells leaving 

the dark zone migrate into the GC’s light zone, where they encounter antigen-presenting 

follicular dendritic cells (FDCs) and T follicular helper (Tfh) cells [57]. In this highly competitive 

environment, only B cells with higher-affinity BCRs can effectively bind the available antigen, 

receiving the necessary survival signals (Figure 3B). B cells with lower affinity or self-reactive 

BCRs are typically eliminated through apoptosis. This selective process ensures that the 

immune system refines its response by producing B cells capable of generating high-affinity 

antibodies (Figure 3C). 

During the immune response, B cells may undergo class switching, a process that changes 

the antibody isotype (e.g., from IgM to IgG, IgA, or IgE) while retaining the same antigen 

specificity [57][66]. This process allows the immune system to tailor its response to different 

types of pathogens by altering the effector functions of antibodies. Class switching is 
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predominantly directed by specific cytokines produced by T helper cells. For example, IL-4 and 

IL-13 promote switching to IgE, crucial for defense against parasitic infections and allergic 

responses, while TGF-β and IL-5 drive switching to IgA, important for mucosal immunity. 

Notably, class switching primarily occurs before the GC reaction, often in extrafollicular regions 

where initial immune responses are mounted [67]. The molecular mechanism of class 

switching involves recombination at the IGH locus, where the rearranged VDJ exon is brought 

into proximity with a different constant (C) region gene. This recombination is facilitated by AID-

mediated DNA breaks and repair, enabling the B cell to produce antibodies with different 

effector functions suited to the immune challenge at hand. 

 

 
Fig. 3 Germinal center reaction and antibody affinity maturation 

(A) In the germinal center (GC), activated B cells proliferate in the dark zone, undergoing somatic hypermutation (SHM) with the 

help of the enzyme activation-induced cytidine deaminase (AID). B cells move to the light zone, where they interact with antigen-

presenting follicular dendritic cells and T follicular helper cells. B cells with high-affinity B cell receptors (BCRs) receive survival 

signals and return to the dark zone for more proliferation and SHM before differentiating into plasma cells or memory B cells. 

(B) SHM in the dark zone alters antibody structure and binding affinity. In the light zone, B cells compete for limited antigen; those 

with the highest affinity bind antigen, survive and proliferate, increasing overall antibody affinity. 

(C) Initially, B cells produce low-affinity antibodies. SHM leads to high-affinity antibodies as B cells mature through the GC reaction. 

Retrieved from Abbas et al. [57]. 

 

From Sanger sequencing, to next-generation sequencing, to single-cell sequencing 
 

For over three decades, starting in 1977, Sanger sequencing was the primary method for DNA 

sequencing [68]. This traditional method provided foundational insights into BCR repertoires 

by identifying specific V, D, and J gene usage in response to particular antigens, as well as 

uncovering public sequences shared across individuals in contexts such as influenza, Epstein-

Barr virus, and human immunodeficiency virus infections [69]-[72]. However, its low throughput 

and high costs limited its capacity for comprehensive BCR analysis. The advent of next-

generation sequencing (NGS) in the 2000s revolutionized the study of BCR repertoires by 

enabling high-throughput sequencing of entire BCR sequences at the single nucleotide level 

[73]-[74]. This advancement allowed for a comprehensive analysis of the B cell repertoire, 

revealing important aspects such as mutation rates, diversity, and distribution of BCRs across 

the immune system. Studies in human immunodeficiency virus-infected individuals uncovered 

that certain V genes were preferentially used in antibodies targeting specific viral proteins, 

providing crucial insights for vaccine development [75]-[76]. However, despite these 

advancements, these NGS platforms had limitations, particularly in its inability to capture VDJ-

VJ chain pairing and accurately quantify clonal expansion. The correct pairing of VDJ and VJ 

chains is vital for determining the specificity and affinity of antibodies, and without this 

information, understanding the full functionality of the BCR repertoire was challenging. 
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In recent years, single-cell sequencing platforms have gained popularity for their ability to 

simultaneously capture VDJ-VJ chain pairing and quantify clonal expansion. These 

advancements have enabled a deeper exploration of the drivers behind clonal selection, 

expansion, and evolution. Neumeier et al. (2022) conducted an in-depth genotypic and 

phenotypic characterization of antibody repertoires in mice after immunization with the model 

antigen ovalbumin (OVA), finding that while the most expanded clones showed antigen 

specificity, the broader clonal repertoire displayed stochastic antigen binding [77]. Additionally, 

clonal expansion did not necessarily correlate with antigen-binding affinity or SHM. Shehata et 

al. (2019) already explored the relationship between affinity maturation and antibody properties, 

finding that while affinity maturation was associated with increased specificity, it also led to 

diminished conformational stability [78]. This supports the notion that SHM contributes not only 

to enhanced affinity but also to potentially destabilizing mutations. Agrafiotis et al. (2023) 

utilized single-cell sequencing to create a comprehensive atlas of B cell repertoires and 

transcriptomes following immunization with the model antigen human tumor necrosis factor 

receptor 2 in mice [79]. This study revealed that antigen-specific, clonally expanded B cells 

were more prevalent in younger mice, with features like IgG subtype and sequence 

composition linked to antigen specificity. However, the integration of various repertoire features, 

such as germline gene usage, did not distinguish antigen-specific from nonspecific B cells, 

highlighting the complexity of B cell selection and expansion processes. 

 

Clonotyping and lineage tree-inference provide insight into evolutionary pathways 
 

Capturing B cells for single-cell sequencing results in a diverse sample from multiple B cell 

clones, each originating from a different ancestor. To analyze B cell selection and evolution, 

these cells must first be assigned to a clonal lineage, a process known as clonotyping. One 

commonly used clonotyping tool is the 10x Genomics-developed enclone tool [80][81]. Enclone 

utilizes germline gene annotations, CDR3 sequence identity, and the presence of shared 

SHMs to accurately group cells into clonotypes. During clonotype grouping, cells are first 

organized into exact subclonotypes based on identical V(D)J transcripts. These subclonotypes 

are then iteratively merged into clonotypes by comparing pairs of exact subclonotypes, 

focusing on shared SHMs, V-J gene identity, and minimal CDR3 mutations.  

Once clonotypes are identified, their evolutionary relationships can be inferred by 

constructing B cell lineage trees. These trees visually represent the evolutionary pathways of 

B cells, with the germline sequence (the original unmutated ancestor) at the top, branching out 

as mutations accumulate over time. The branches of the tree represent different descendant 

B cells, each carrying unique mutations acquired during the immune response. Several 

methods are available to build these lineage trees, each differing in how they estimate the 

tree's structure and branch lengths [82]. Distance-based methods, like neighbor joining (NJ) 

and minimum spanning trees (MST), cluster BCR sequences based on genetic differences, 

though these methods may sacrifice some accuracy for speed. Parsimony-based methods aim 

to construct the simplest tree, requiring the fewest mutations to explain the observed 

sequences. While effective when mutations are sparse, this approach can become biased 

when mutations are frequent. Likelihood-based methods use models of nucleotide or protein 

changes to estimate tree topologies and branch lengths. These methods usually perform better 

in situations where mutations are common, with maximum likelihood offering a good balance 

between accuracy and computational efficiency [83]. 

Likelihood-based methods depend on substitution models for inference of evolutionary 

relationships. There is a great variety of models available, from simple models like Jukes and 

Cantor's, which assume uniform mutation rates, to more complex models like the General 

Time-Reversible (GTR) model, which accounts for different rates of nucleotide substitutions 
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and site-specific variability [84]. Codon substitution models, such as the M0 model, provide a 

biologically more realistic framework for analyzing protein-coding sequences by accounting for 

transition/transversion rate bias, codon usage bias, and selective restraints at the protein level 

through physicochemical distances [85]. However, general protein evolution models may not 

be suitable for antibody lineages due to their uniquely high mutation rates and the influence of 

specific mutational hotspots and coldspots driven by the enzyme AID. The IgPhyML model 

addresses this by incorporating biases from these hotspot and coldspot motifs, making it 

particularly useful for modeling antibody evolution [86]. 

 

Aim of the project 
 

Recent findings that antibody affinity does not necessarily correlate with clonal expansion and 

SHM have raised fundamental questions about whether antibody evolution follows any 

deterministic rules. As sequencing technologies continue to advance, the volume of data on 

BCR repertoires is rapidly increasing. Numerous tools are available for analyzing V(D)J 

recombination, sequence diversity, and clonal expansion, as reviewed by Zheng et al (2022) 

[87]. However, there is a significant lack of software that enables comprehensive, repertoire-

wide analyses both within and across multiple datasets. This gap in tools hinders our ability to 

use the available datasets to address the question whether clonal expansion and evolution 

follow deterministic rules, leaving critical questions about B cell phylogenies unanswered. 

This project aimed to address this gap by developing and contributing to an R package 

called AntibodyForests. The software is designed to import single-cell sequencing data from 

the 10x Genomics platform, infer phylogenetic networks for all observed clonotypes, and 

perform downstream analyses to track evolutionary patterns within and across entire 

repertoires. AntibodyForests seeks to provide a user-friendly, comprehensive tool for 

researchers, facilitating deeper insights into B cell repertoire evolution and improving our 

understanding of B cell phylogenies. 

The second part of this project focused on developing a computational approach to enhance 

the resolution of single-cell sequencing by integrating bulk sequencing data. Current single-

cell platforms capture only a small fraction of the BCR repertoire, potentially biasing the 

analysis of B cell evolution. By leveraging bulk sequencing, this approach aims to extend the 

coverage of clonotypes identified in single-cell data, thereby providing a more complete and 

accurate picture of B cell evolution. This enhancement is crucial for overcoming the limitations 

of single-cell sequencing and enabling more robust analyses of B cell dynamics.  



  

13 
 

Results: Analyzing B cell evolution with AntibodyForests 
 

Introducing AntibodyForests: an R package for B cell selection and evolution analysis 
 

The primary objective of this project was to contribute to the development of the R package 

AntibodyForests, designed to analyze B cell selection and evolution by assessing germline 

gene usage, clonal expansion, and inferring phylogenetic trajectories. The core pipeline of the 

AntibodyForests package is depicted in Figure 4, with a comprehensive overview of all 

available functions provided in the package vignette (S1: AntibodyForests vignette). 

Additionally, the source code for the individual functions is included in the supplementary 

materials (S2: Functions of AntibodyForests). To address undersampling in single-cell 

sequencing, we developed a computational approach within AntibodyForests to integrate bulk 

sequencing data, complementing the single-cell dataset and enhancing the resolution of B cell 

clonal evolution. Although not yet fully functionalized, this integration aims to provide a more 

comprehensive view of B cell repertoires. The code used for the integration is also provided in 

the supplementary materials (S3: R Markdown report). In the following sections, the package 

will be presented, followed by the demonstration of its utility through the analysis of both a 

single-cell dataset and a bulk dataset. 

 

 
Fig. 4 Schematic outline of the analysis pipeline of AntibodyForests 

The AntibodyForests workflow imports 10x Genomics output files into a single R object, consolidating sequence and annotation 

data files, and infers lineage trees for clonotypes, and tree topology metrics can be visualized to assess repertoire-wide similarity.  

 

Importing 10x Genomics output into VDJ data frame with VDJ_build() 
 

Analyzing B cell repertoires, such as assessing germline gene usage and clonal expansion 

profiles, and inferring accurate phylogenies from B cell sequencing data, require a streamlined 

approach to organize the complex data generated by the 10x Genomics platform. The default 

data processing, including quality checks, contig assembly, and annotation, is handled by Cell 

Ranger, which is a set of pipelines provided with the 10x Genomics platform [88]-[89]. Cell 

Ranger outputs multiple files, including sequences of filtered assembled contigs, annotations, 

consensus sequences, and reference germline sequences. However, these output files are not 

organized in a way that facilitates easy downstream analysis. To address this, we developed 

the VDJ_build() function to import all these data files into one R object, called the VDJ 

dataframe. This function not only streamlines data handling but also includes a filtering 

parameter to exclude cells for which no single VDJ and single VJ transcripts were recovered, 

ensuring a more focused dataset for analysis. 

Additionally, we implemented two key features to enhance the usability of germline 

sequences within the VDJ dataframe: 1) trimming of germline sequences and 2) replacement 
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of the CDR3 region. The germline sequences are concatenated V(D)J reference segments 

detected based on the consensus sequence. These sequences are approximations for the first 

rearranged B cell, from which all cells of that clonotype are theoretically derived. The trimming 

option refines these sequences by removing nucleotides that may have been deleted during 

recombination at junction sites, aligning the germline sequence more closely with the observed 

data through pairwise alignment with the clonotype's consensus sequence. The CDR3 

replacement option substitutes the germline CDR3 region with the most frequently observed 

sequence in each clonotype. Since the CDR3 region has the highest variability and significantly 

contributes to antibody specificity, these modified germline sequences can be used in 

laboratory settings to systematically study the effects of mutations in variable regions on 

antibody specificity and binding affinities. 

 

Incorporating seven lineage tree-inference algorithms into the AntibodyForests() 

function 
 

After importing the 10x Genomics output files into the VDJ dataframe, the next step in the 

AntibodyForests analysis workflow involves the inference of evolutionary trees. To infer lineage 

trees, we developed the AntibodyForests() function, which is a significant outcome of this 

project. This function utilizes the VDJ and VJ sequences from the VDJ dataframe as input and 

infers an evolutionary tree that maps B cell evolution at the sequence level across the entire 

repertoire, generating a distinct tree for each clonotype identified. The AntibodyForests() 

function is designed to streamline and simplify the process of tree construction by collapsing 

barcodes with identical VDJ and VJ sequences into nodes with unique sequences. To cater to 

different research needs, the function integrates various tree construction algorithms, 

combining them in a user-friendly R interface. This versatility allows users to choose between 

different methods of tree inference, depending on their specific research goals. 

One of the key features of the AntibodyForests() function is its ability to handle both 

string distance matrices and multiple sequence alignments (MSA) to infer trees. We wrote the 

custom “default” algorithm that uses a string distance matrix to position the germline node at 

the root and iteratively link subsequent nodes based on the minimum distance to existing 

nodes, ensuring that the resulting trees accurately represent the evolutionary relationships 

among B cells. In addition to this custom algorithm, we incorporated other tree construction 

algorithms by importing them from established packages: the minimum spanning tree (MST) 

and neighbor joining (NJ) algorithms were imported from the ape package, while the maximum 

parsimony and maximum likelihood algorithms, which are MSA-based methods, were imported 

from the phangorn package [90]-[91]. An overview of these methods is provided in Table 1. 

When employing phylogenetic algorithms to infer evolutionary pathways, the resulting trees 

contain branch points, called internal nodes, which represent divergence events. In a 

phylogenetic context, these internal nodes denote the common ancestors of all descendant 

groups from those branch points. In the context of B cell lineage trees, these internal nodes 

may represent cells not captured during plasma cell isolation. However, it is possible that a 

significant portion of a clonotype has been captured, making some branching points 

unnecessary, as one of the descendant cells could be the common ancestor. To address 

potential overcomplications in the inferred trees, we implemented internal node removal 

algorithms within the AntibodyForests() function. An overview of these algorithms is 

provided in Table 2. Running these algorithms after tree inference with a phylogenetic 

algorithm results in trees that lack internal nodes and consist solely of sequence-recovered 

nodes. It is noteworthy that similar pruning methods are not commonly available in other 

packages, highlighting a unique feature of AntibodyForests. 
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In addition to the five aforementioned primary algorithms, we extended the functionality of 

AntibodyForests by implementing the codon substitution model and the antibody lineage-

specific codon substitution model [85]-[86]. The general codon substitution model can be 

employed by specifying the ML algorithm along with the codon substitution model (“M0”). 

Unfortunately, the IgPhyML tree could not be executed within the R environment directly, so 

we developed a set of functions to create the input files for the IgPhyML tool. Within the 

AntibodyForests() function, users can specify the path to the IgPhyML output files, 

allowing the creation of an AntibodyForests object structurally similar to those constructed with 

other implemented algorithms. When importing trees from IgPhyML output files, the internal 

nodes can be pruned using one of the internal node removal algorithms.  

This comprehensive suite of lineage tree-inferring algorithms within the AntibodyForests 

package represents a significant advance in the computational tools for the study of B cell 

evolution, offering researchers a robust and flexible platform for analyzing B cell repertoires. 

 
Table 1: Overview of tree-inference algorithms implemented in the AntibodyForests() function 

The “package” column indicates the R package from which the algorithm is derived. The "default" algorithm is self-written, so no 

R package is employed for it. The “input” column specifies the type of input used by the algorithm: either “dist” for a string distance 

matrix or “msa” for a multiple sequence alignment. 

Algorithm Package Input Description 

“default” - dist 

Positions the germline node above and iteratively 

links nodes based on minimum distances. 

Requires specifying how to handle ties, such as 

prioritizing nodes with the highest expansion or 

the minimum distance to the germline node. 

minimum-spanning tree 

(MST) 
ape dist 

Constructs networks with the minimum sum of 

edge lengths, similar to the default algorithm, but 

does not start with positioning the germline node 

at the top. Requires subsequent reorganization 

into a germline-rooted lineage tree. 

neighbor joining 

(NJ) 
ape dist 

Creates phylogenetic trees by joining pairs of 

nodes with the minimum distance, resulting in a 

tree with internal nodes (unrecovered sequences 

representing common ancestors) and terminal 

nodes (observed sequences). 

maximum parsimony 

(MP) 
phangorn msa 

Builds phylogenetic trees by minimizing the total 

number of changes needed to explain differences 

among sequences, using a multiple sequence 

alignment (MSA) as input and prioritizing the 

simplest explanations. 

maximum likelihood 

(ML) 
phangorn msa 

Builds phylogenetic trees by estimating tree 

topology and branch lengths that maximize the 

likelihood of the given sequence data under a 

specified evolutionary model. By default, it selects 

the model that returns the highest likelihood. 
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Table 2: Overview of internal node removal algorithms implemented in the AntibodyForests() function 

This table describes the different methods available for removing internal nodes from phylogenetic trees. 

Algorithm Description 

“zero.length.edges.only” 

Removes internal nodes that only have zero-length edges to terminal 

nodes. This eliminates internal nodes that do not contribute to the tree 

structure and are directly connected to terminal nodes. 

“connect.to.parent” 

First removes internal nodes with zero-length edges to terminal nodes, then 

connects all terminal nodes directly to the first parental sequence-

recovered node higher in the tree. If the number of zero-length edges is 

minimal, the resulting tree may become germline-directed. 

“minimum.length” 

Iteratively removes internal nodes by prioritizing the deletion of edges with 

the minimum length. This simplifies the tree structure by removing internal 

nodes while preserving the overall topology, ensuring that the most direct 

connections are retained. 

“minimum.cost” 

Iteratively removes internal nodes, prioritizing edges that result in the 

smallest increase in the total edge length when replacing internal nodes 

with terminal nodes (this increase is referred to as the “cost”). Similar to the 

“minimum.length” algorithm, it retains the most direct connections, while 

ensuring the tree has the minimal increase in the sum of all edge lengths. 

 

Integrating bulk sequences into single-cell clones using VJ annotations and CDR3 

sequences 
 

Following the inference of lineage trees across the entire B cell repertoire, a key challenge 

remained: the undersampling inherent in single-cell sequencing. In the dataset from the five 

mice, an estimated 3-11% of plasma cells are included, which limits the resolution of inferred 

evolutionary pathways [77]. To address this, we integrated bulk sequencing data to 

complement the single-cell data. The bulk sequences, obtained from the spleens of the same 

five BALB/c mice, were reannotated using IgBLAST with the mouse IMGT V, D, and J reference 

germline sequences [92]-[93]. This reannotation allowed for a more precise matching of bulk 

sequences with the corresponding single-cell clones. 

We developed several approaches to map these bulk sequences to the single-cell dataset. 

First, we filtered clones by matching their VDJ chain V and J annotations and CDR3 lengths. 

Subsequently, we refined this integration by selecting clones that either contained at least one 

sequence with an identical CDR3 sequence to the annotated bulk transcripts or met an 85% 

sequence identity threshold across all sequences within a clone, based on the enclone 

clonotyping approach [80]. Further filtering was applied to prioritize clones based on expansion 

and overall sequence identity, ensuring accurate integration and enhancing the resolution of 

the B cell repertoire. An overview of these integration methods is illustrated in Figure 5, which 

outlines six distinct approaches using different clone selection options and filtering criteria to 

integrate bulk transcripts into clones from the single-cell dataset. The integration approach is 

not (yet) functionalized, but the code is provide in the supplementary materials (S3: R 

Markdown report). 
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Fig. 5 Integration approaches of transcripts from bulk dataset into clones from single-cell dataset 

The diagram illustrates six methods for integrating bulk transcripts into clones observed in the single-cell dataset. The integration 

process starts with selecting clones from the single-cell dataset with matching VDJ chain V and J gene annotations and CDR3 

lengths to the bulk RNA transcript. Methods 1-3 then select clones that have at least one CDR3 sequence with 100% sequence 

identity to the bulk RNA transcript, whereas method 4-6 select clones for which all CDR3 sequences have at least 85% sequence 

identity to the bulk RNA transcript. If multiple clones remain, method 2 and 4 select the most expanded clones. If still multiple 

clones are selected, method 3 and 6 select the clones with the highest overall sequence identity. Each branch of the diagram 

leads to the selection of clonotypes based on these criteria. 

 

Leveraging single-cell and bulk BCR sequencing datasets to validate utility of 

AntibodyForests 
 

To demonstrate the utility of the AntibodyForests package and the integrative approach 

combining a single-cell and bulk BCR sequencing datasets, the analysis pipelines of the 

AntibodyForests package were applied to a single-cell dataset from five BALB/c mice, as 

detailed by Neumeier et al. (2022) [77]. These mice were repeatedly immunized with 

monophosphoryl lipid A-adjuvanted ovalbumin, focusing on filtered bone marrow-derived 

plasma cells from the femurs and tibias. Additionally, the spleens were removed from these 

same mice to extract VDJ VDJ chain transcripts, which were then sequenced and processed 

as outlined by Khan et al. (2016) [94]. An overview of this combined experimental approach, 

including mouse immunization and sequencing, is shown in Figure 6. 
 

 
Fig. 6 Outline of mice immunization, followed by single-cell sequencing and bulk sequencing 

Five BALB/c mice were subcutaneously immunized with the model antigen ovalbumin (OVA) in a monophosphoryl lipid A (MPLA) 

adjuvant on days 0, 28, and 49. On day 63, the mice were sacrificed, and femurs and tibias were harvested for bone marrow 

extraction and plasma cell isolation, while spleens were collected for RNA extraction. Plasma cells underwent single-cell sorting 

followed by VDJ and VJ sequencing, while VDJ transcripts from the spleen were subjected to bulk sequencing. 

Adapted from Neumeier et al. [77]. 
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Majority of B cells express a single VDJ and VJ chain and a κ light chain 
 

To accurately characterize the B cell repertoire and validate the AntibodyForests package, it 

was essential to first evaluate the completeness of VDJ and VJ chain recovery in the single-

cell dataset. This step ensures the reliability of downstream analyses, including lineage tree 

construction and clonal selection studies. The dataset contained a total of 22,425 cells. The 

number of cells per sample varies significantly, with samples 1 and 5 containing over 6,000 

cells, samples 2 and 4 near 4,000 cells, and sample 3 containing only about 2,200 cells (Figure 

7A). These totals encompass all cells, with varying numbers of VDJ and VJ chains recorded 

per barcode. Each barcode is unique to a single cell, which should theoretically express one 

VDJ and one VJ chain. However, VDJ or VJ transcripts might not be captured or amplified 

sufficiently, or the resulting contigs might not meet quality requirements. Another possibility is 

that two cells remained attached during the single-cell sorting, leading to doublets. These cells, 

referred to as divergent or incomplete cells, mostly lacked a VDJ chain or contained two VJ 

chains (Figure 7B ). Using the filtering parameters, these cells were excluded, resulting in a 

total of 17,891 cells expressing a single VDJ and a single VJ chain (Figure 7C). Over 90% of 

these ‘complete’ cells express κ light chains (Figure 7D). This percentage matches the 

numbers reported in literature for mouse mature B cells [95]. However, it is important to note 

that in humans, about 60% of mature B cells express κ light chains. 
 

 
Fig. 7 Number of cells before, during, and after filtering and IGK/IGL usage 

(A) Cell count and isotype per sample before filtering, with total cell numbers indicated on the bars. 

(B) Cell count lacking a single pair of VDJ and VJ transcripts, indicating cells with no or multiple transcripts.  

(C) Cell count per sample after filtering, with totals shown on the bars. 

(D) Ratio of cells expressing κ and λ light chains across samples. 



  

19 
 

The IgM isotype dominates the BCR repertoire, followed by B cells class switched to 

IgA and IgG 
 

To better understand the isotype distribution and clonal expansion within the BCR repertoire, 

the number of cells for each isotype across the samples was analyzed. The clonal expansion 

profiles reveal the distribution of cells per clone, their corresponding isotypes, and the degree 

of expansion for each clone (Figure 8). In all samples, the majority of BCR transcripts belong 

to the IgM isotype, indicating its dominance within the BCR repertoire. Additionally, a 

substantial portion of plasma cells have undergone class switching, resulting in transcripts for 

IgA and IgG, present in approximately equal proportions. As expected, transcripts for IgD and 

IgE are sparse, reflecting their specialized roles: IgD primarily in its membrane-bound form and 

IgE in allergic responses or immune defenses against helminths. 

 

 
Fig. 8 Clonal expansion profiles 

Clonal expansion profiles for the top 50 most expanded clonotypes across all five samples. The horizontal axis represents the 

clonal index, where a lower clonal index indicates a higher degree of expansion for a clonotype.  
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IGHV7-1 and IGHV11-2 combine with IGHJ1 in VDJ chains across all samples 
 

Identifying patterns of germline V and J gene usage in BCR repertoires is crucial for 

understanding the genetic architecture that contribute to effective immune responses. By 

analyzing these gene pairings, insights can be gained into the genetic characteristics that are 

selected for in the immune repertoire. The VDJ dataframe generated by the AntibodyForests 

package allows for exploration of germline V and J gene usage across the B cell repertoire. D 

genes were excluded from the analysis due to annotation challenges stemming from their short 

length and high diversity. 

In VDJ chains, specific V and J gene pairings, particularly IGHV7-1 and IGHV11-2 with 

IGHJ1, were consistently observed across all samples (Figure 9A). These frequent pairings 

suggest a selective advantage or structural compatibility, underlining their importance in the 

humoral immune response of the studied mice. In contrast, the VJ chains displayed greater 

variability in V-J combinations (Figure 9B), reflecting a broader range of pairings that may be 

necessary for functional flexibility. This diversity indicates different selective pressures or 

functional requirements for VJ chains compared to the more conserved VDJ chain pairings. 
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Fig. 9A Germline V and J germline gene usage in VDJ chains 

Quantification of observed V-J combinations in the VDJ across the five samples. The red boxes highlight two frequently observed 

V-J pairings in the VDJ chain. 
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Fig. 9B Germline V and J germline gene usage in VJ chains 

Quantification of observed V-J combinations in the VJ chains across the five samples.  
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Number of public CDR3 sequences is comparable to number of public VDJ sequences 
 

Beyond examining shared combinations of germline V and J gene usage, it also important to 

investigate the presence of shared sequences, known as public sequences. These sequences, 

found across multiple samples, offer deeper insights into conserved immune responses, 

potentially uncovering common patterns in B cell selection and evolution following specific 

antigen challenges. First, public VDJ chain CDR3 sequences were quantified (Figure 10A). 

The CDR3 region, being the most variable part of an antibody sequence, plays a critical role 

in determining antigen specificity. A total of 6 public CDR3 sequences were identified across 

the samples. The analysis was then extended to quantify shared full-length trimmed VDJ 

sequences, which incorporate the CDR3 region along with the flanking V, D, and J segments, 

revealing 5 public trimmed VDJ sequences (Figure 10B). This close match between the 

number of public CDR3 and trimmed VDJ sequences suggests that the antigen-binding 

regions are tightly linked to the overall VDJ sequence, reflecting a consistent selection of these 

sequences during the immune response. 

 

 
Fig. 10 Number of shared CDR3 and trimmed VDJ sequences 

Quantification of shared CDR3 sequences and trimmed VDJ sequences across the five samples. 

 

About 50% of Cell Ranger’s VH gene annotations do not match IgBLAST output 
 

In the course of developing the AntibodyForests package, accurate annotation of 

immunoglobulin sequences was critical for grouping cells into clonotypes, inferring 

phylogenetic relationships, and identifying SHMs. Given the importance of accurate 

annotations, we sought to re-annotate the sequences in the VDJ dataframe using the IgBLAST 

tool with the latest mouse IMGT/V-QUEST Ig reference directory set [96][92]. This step was 

necessary to align the sequences with the IMGT numbering scheme, which standardizes the 

positions of conserved amino acids across sequences, ensuring compatibility with codon 

substitution model specific to antibody lineages (such as IgPhyML) [93]. 

Upon comparing the re-annotated sequences with the original annotations provided by the 

Cell Ranger pipeline, a significant discrepancy was observed: approximately 50% of the VDJ 

chain V gene annotations did not match between the two methods (Figure 11). In contrast, the 

other gene annotations, including those for VDJ J genes, VJ V genes, and VJ J genes, showed 

much higher concordance. This highlights the importance of choosing an appropriate reference 

directory set during processing of the sequencing data and annotation, and underscores the 

critical impact on subsequent BCR repertoire analyses.  
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Fig. 11 Matching V and J annotations: Cell Ranger vs IgBLAST 

Proportions reflect number of cells in VDJ data frame with matching annotations from Cell Ranger and IgBLAST. 

 

Choice of construction methods impacts inference of evolutionary relationships 
 

After conducting initial repertoire analyses on the VDJ dataframe, we proceeded to apply the 

AntibodyForests() function to infer lineage trees using all available construction methods. 

This step allows the evaluation how different algorithms impact the inference of B cell 

evolutionary trajectories. Major discrepancies in tree structure were observed between those 

created with different construction methods (Figure 12). These differences can significantly 

influence the interpretation of clonal evolution. To quantify these differences, the proportion of 

shared edges between pairs of trees were examined, whereby a shared edge is defined as a 

connection between the two same nodes/sequences in both trees. The default, MST, and NJ 

algorithms show high similarity scores among themselves, as do the MP, ML, and codon 

substitution model (Figure 13). The IgPhyML tool exhibits moderate to low similarity with the 

other methods. These findings underscore that different algorithms infer different evolutionary 

relationships between B cells in the lineage trees, emphasizing the importance of 

substantiating the choice of algorithm, as it could significantly affects subsequent analyses of 

B cell evolution trajectories. 
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Fig. 12 Example trees from different construction methods in AntibodyForests() 

Trees show the evolution of clonotype 4 from sample 1. Trees are inferred using the trimmed VDJ and VJ sequences and their 

trimmed germline sequences, utilizing the construction methods indicated. Node labels represent the ID from the AntibodyForests 

object, with lower IDs indicating greater expansion. Node colors indicate isotype, and node size reflects the level of expansion. 
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Integration approaches lack comprehensive coverage of all single-cell clones 
 

After inferring the lineage trees for the clones in the single-cell dataset, we applied various 

integration approaches to incorporate the bulk transcripts into these clones. By complementing 

the single-cell data with bulk sequencing data, we aimed to enhance the resolution of the 

inferred evolutionary pathways. The samples contained approximately 500,000 spleen-derived 

bulk transcripts, with sample 3 notably exceeding this count, containing over 1,000,000 

transcripts (Figure 14A). Across all samples, the majority of these transcripts were from the 

IgM and IgG isotypes. To ensure consistency with the single-cell data and enable accurate 

mapping of bulk sequences to single-cell clones, both the bulk and single-cell sequences were 

reannotated using the IgBLAST tool with the mouse IMGT V, D, and J reference germline 

sequences [92][93]. After reannotation, the total number of transcripts for which a single V, a 

single J, and the CDR3 region could be reliably identified was slightly lower than the initial 

transcript counts (Figure 14B). 

Following reannotation, all six integration approaches were employed to incorporate the re-

annotated bulk transcripts into the re-annotated single-cell clones. The proportion of transcripts 

successfully integrated varied between 33.8% and 69.4%, depending on the selection criteria 

and filtering steps used, with all isotypes being proportionally represented (Figure 15). To 

evaluate the distribution of integrated transcripts across the single-cell clones and to assess 

the coverage of these clones, the number of integrated bulk transcripts was plotted against the 

clonal expansion profiles for each integration method (Figure 16). For all integration 

approaches, some single-cell clones did not have any corresponding bulk transcripts 

integrated. This incomplete integration suggests that the current approaches may lack 

comprehensive coverage of all single-cell clones, potentially introducing biases in the 

representation of the B cell repertoire. These findings underscore the limitations of the existing 

methods and the need for further refinement to achieve more accurate and complete 

integration of bulk and single-cell datasets. 

 

Fig. 13 Similarity of trees of different construction methods 

Similarity scores are shown of evolutionary trees of clonotype 4 

of sample 1, inferred with seven different construction methods 

as indicated. The similarity scores represent the proportion of 

shared edges (where two identical nodes, representing identical 

sequences, are connected) between pairs of trees. 
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Fig. 14 Number of bulk transcripts before and after annotation with IgBLAST and IMGT reference database 

(A) Total number of spleen-derived bulk transcripts and their isotype per sample before annotation. The numbers on top of the 

bars indicate the total number of bulk transcripts per sample. 

(B) Total number of transcripts for which a single V, a single J, and the CDR3 region could be determined after annotation with 

IgBLAST using the mouse IMGT V, D, J reference germline sequences. 

 

 
Fig. 15 Proportion of bulk transcripts that could be integrated into single-cell clones per method and per sample 

The bar plots show the number of bulk transcripts and their isotypes integrated into single-cell clones across the five samples 

using the six different integration methods (presented in Figure 16). The percentage at the top of each plot indicates the proportion 

of bulk transcripts successfully integrated into single-cell clones for that specific method. 
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Fig. 16 Number of integrated bulk transcripts per single-cell clone across different samples and methods 

The bar plots show the number of bulk transcripts integrated into the single-cell clones for all five samples and all six integration 

approaches. The clones are ordered by clonal index from the single-cell dataset, with the most expanded clones positioned on 

the left of each plot. This visualization enables comparison of the effectiveness of each integration method across different samples, 

highlighting the variability in coverage of single-cell clones. 
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Approximately 0.6% of bulk transcripts show VDJ sequence overlap with single-cell 

seqs 
 

To assess the overlap between sequences from the spleen-derived bulk dataset and the bone 

marrow-derived single-cell dataset, the number of unique CDR3 sequences present in both 

datasets was identified. The analysis revealed that approximately 1.7% of all unique CDR3 

sequences in the bulk dataset were also found in the single-cell dataset, with the number of 

unique shared CDR3 sequences varying between 267 and 790 across samples (Figure 17A). 

Next, the analysis was extended to determine the number of shared VDJ sequences present 

in both datasets. Due to the trimming of the FWR1 regions in the bulk dataset, which was 

necessary because of the choice of sequence adapters, all sequences required uniform 

trimming. To achieve this, the FWR1 regions from the sequences in integration method 1 

across all clones were aligned to establish a consistent trim point, ensuring equal FWR1 

lengths across sequences. Following this standardization, approximately 0.6% of all unique 

trimmed VDJ sequences in the bulk dataset were found to overlap with those in the single-cell 

dataset, with the number of shared VDJ sequences varying between 127 and 480 across 

samples, and IgM transcripts being predominantly represented among the shared sequences 

(Figure 17B). These findings suggest that spleen-derived bulk transcripts exhibit higher 

sequence diversity, and that transcripts from different tissue sources, such as spleen and bone 

marrow, may not extensively overlap. This indicates the compartmentalization of the B cell 

repertoire and the importance of integrating multiple data sources for a more complete 

understanding of BCR diversity and B cell evolution. 

 

 
Fig. 17 Number of shared CDR3 and VDJ regions 

(A) Number of unique shared CDR3 regions per sample, representing CDR3 sequences found in both the bulk and single-cell 

datasets. The numbers on the bars indicate the count of shared CDR3 sequences per sample.  

(B) Number of unique shared trimmed VDJ sequences per sample, with the total count per sample displayed on top of each bar. 
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Almost all single-cell clones have CDR3 regions found in bulk dataset 
 

After determining the proportion of CDR3 sequences from the bulk dataset that were also found 

in the single-cell dataset, the analysis was reversed to see which single-cell clones contained 

CDR3 sequences that were also present in the bulk dataset. The results reveal that almost all 

top-expanded single-cell clones contained shared CDR3 sequences (Figure 18). This 

significant overlap suggests that the most prevalent B cell clones in the bone marrow are also 

well-represented in the spleen-derived bulk dataset. The CDR3 regions are known for their 

high diversity and serve as key indicators of a clone’s specificity. The robust presence of shared 

CDR3 regions in the top-expanded clones across both datasets underscores their importance 

as markers for identifying expanded clones across different tissue sources. 
 

 
Fig. 18 Single cell clones with shared CDR3 regions 

The height of the bars reflects the number of cells per sample from the bone marrow-derived plasma cells of the single-cell dataset. 

The cells are colored based on whether the single-cell clone contained a CDR3 sequence that was also found in the bulk dataset. 

Different tints of colors are used to distinguish between different clones. The numbers on top of each bar represent the number of 

clones with shared CDR3 sequences relative to the total number of clones in that sample. 
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Bulk transcript and single cell counts with shared sequences show positive correlation 

 

To investigate the congruence of the spleen-derived bulk dataset and the bone marrow-derived 

single cell dataset, the relationship between the number of cells in the single cell dataset and 

the number of transcripts in the bulk dataset with shared CDR3 sequences was examined. The 

number of transcripts from the spleen-derived bulk dataset having a shared CDR3 region was 

positively correlated with the number of cells having the same shared CDR3 region from the 

bone marrow-derived single-cell dataset (Figure 19A). This positive correlation suggests a 

significant overlap between the two datasets, indicating that the most abundant clones in the 

single-cell dataset are also well-represented in the bulk dataset. The analysis was 

subsequently extended to examine the shared VDJ sequences. It was found that IgM 

transcripts also demonstrated a positive correlation with the number of cells having the same 

shared VDJ sequences and the same isotype (Figure 19B). However, a similar correlation was 

not observed for the IgG subisotypes. This finding further supports the congruence between 

the spleen-derived bulk dataset and the bone marrow-derived single-cell dataset.  
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Fig. 19 Relation between number of spleen-derived transcripts and number of bone marrow-derived plasma cells 

(A) Correlation between the number of bone marrow-derived plasma cells and spleen-derived transcripts with shared CDR3 

sequences, with Spearman’s correlation coefficients and p-values for each sample.  

(B) Correlation between the number of bone marrow-derived plasma cells and the number of spleen-derived transcripts with 

shared VDJ sequences, with Spearman’s correlation coefficients and p-values provided for each isotype. 
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Bulk data complements single-cell data, enhancing resolution in B cell clonal evolution 

 

Finally, to assess how the integration of spleen-derived bulk transcripts into clones from bone 

marrow-derived plasma cells affects tree topology, an example tree was constructed using the 

default algorithm on clonotype 4 of sample 1 (Figure 20). It includes 127 cells from the bone 

marrow and 3,700 transcripts from the spleen, resulting in a total of 302 nodes (excluding the 

germline node). Among these, 18 nodes represent sequences that were present in both 

datasets. When examining the tree topology, it is evident that nodes derived from bulk 

transcripts and single cells alternate and are evenly distributed throughout the tree. This even 

distribution and overlap suggest that the integration of bulk transcripts does not disrupt the 

overall structure of the inferred evolutionary pathways. Instead, it complements the single-cell 

data, providing a more comprehensive view of the clonal evolution within the B cell population. 

This indicates that integrating spleen-derived bulk data with bone marrow-derived single-cell 

data can enhance the resolution and accuracy of B cell lineage tracing, leading to more robust 

insights into B cell evolution. 

 

 
Fig. 20 Lineage tree of clonotype 4 from sample 1 comprising single cell data and bulk data 

The lineage tree is constructed with the default construction method and parameter settings and is based on the trimmed VDJ 

chain sequences. Nodes are colored according to their dataset of origin (bone marrow-derived single cells or spleen-derived 

transcripts) and sized based on clonal expansion (number of cells or number of transcripts). 
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Discussion 
 

The primary aim of this project was to develop AntibodyForests, an R package designed to 

facilitate the study of B cell selection and evolution by integrating single-cell sequencing data 

from the 10x Genomics platform. The package successfully imports VDJ and VJ sequence 

data, infers lineage trees for observed clonotypes, and enables downstream analyses that 

provide insights into the evolutionary trajectories of B cell repertoires. These capabilities were 

applied to a dataset from five BALB/c mice immunized with the model antigen ovalbumin, 

focusing on bone marrow-derived plasma cells. A secondary objective was to address the 

issue of undersampling inherent in single-cell sequencing by integrating bulk transcriptomic 

data derived from the spleens of the same mice. Although the integration approaches require 

further refinement to achieve comprehensive coverage of all clones, our findings indicate 

significant congruence between the single-cell and bulk datasets. This congruence is 

evidenced by the presence of shared sequences and a positive correlation between the 

number of cells and the number of transcripts, suggesting that the bulk data effectively 

complement the single-cell data. 

However, the study has several biological limitations. Firstly, the presented analysis of the 

datasets from the five immunized mice is primarily focused on long-lived plasma cells, which 

originate from the follicular B cell subset and are derived from bone marrow, specifically from 

the femurs and tibias. While follicular B cells represent a significant component of the adaptive 

immune response, they do not encompass the entire spectrum of B cell activity. Other subsets, 

such as non-activated mature B cells, marginal zone B cells, and memory B cells, were not 

included in this study. Memory B cells, in particular, play a crucial role in long-term immunity, 

and their exclusion from the analysis limits our understanding of the full dynamics of B cell 

evolution. Moreover, the integration of spleen-derived transcripts, while improving coverage, 

still captures only a small fraction of the total B cell repertoire. This underrepresentation 

impacts the ability to fully track evolutionary trajectories and identify patterns that may suggest 

deterministic rules governing B cell selection and expansion.  

Secondly, the current mouse model does not account for several factors that significantly 

influence B cell selection and evolution. One such factor is the role of CD4+ helper T cells, 

which are essential for B cell activation and differentiation upon exposure to protein antigens. 

The interaction between B cells and helper T cells is critical for initiating the GC reaction, where 

B cells undergo SHM and class switching. The diversity of T cell receptors (TCRs) and the 

specificity of their interactions with antigen-presenting cells further add complexity to the B cell 

activation process. Since T cell activation precedes and influences B cell activation, the 

repertoire of TCRs indirectly shapes the B cell response. The lack of consideration for these 

interactions in the current study represents a significant approximation of the actual processes 

involved in B cell evolution. Integrating T cell receptor sequencing data would allow the 

exploration of clonal expansion within both TCR and BCR repertoires, potentially uncovering 

correlations that clarify how specific antigenic determinants drive the selection and activation 

of both T and B cell clones.  

The antigen presentation process, particularly the role of MHCII molecules, is another factor 

that influences B cell evolution. B cells must present processed antigen fragments on MHCII 

molecules to engage helper T cells effectively. Different MHC alleles exhibit varying efficiencies 

in antigen presentation, which in turn affects the activation and selection of B cells. The 

variability in MHC alleles across different individuals or strains could lead to different 

evolutionary outcomes in B cell populations, further complicating our understanding of B cell 

selection and expansion. Integrating MHC genotyping data could enable the stratification of B 

cell repertoire analyses based on MHC allele types. This would allow for a more nuanced 
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understanding of how different MHC alleles influence B cell evolution, providing insights into 

the differential immune responses observed across diverse genetic backgrounds. 

The mice used in this study were housed under specific pathogen-free (SPF) conditions, 

which minimizes exposure to known pathogens and reduces background immune responses. 

However, this controlled environment does not reflect the complexity of the immune system in 

more natural settings, where individuals, including humans and animals, are exposed to a wide 

array of antigens over time. In such environments, prior exposures to pathogens or 

vaccinations generate long-lived plasma cells and memory B cells that can influence 

subsequent immune responses. These pre-existing immune cells can respond more rapidly 

and robustly to antigens that share structural similarities with previously encountered 

pathogens, leading to a more complex and dynamic B cell repertoire. The absence of this 

diverse microbial exposure in SPF conditions likely resulted in a less diverse B cell repertoire 

in the study, which introduces a layer of complexity to B cell evolution that is not captured in 

this model. Consequently, the current study may not fully reflect real-life scenarios where the 

B cell repertoire is shaped by a lifetime of antigenic exposure, underscoring the importance of 

understanding how environmental factors shape B cell evolution when translating findings from 

model organisms to humans. 

Additionally, while mice serve as valuable models for studying human immune responses, 

there are notable differences between the two species that must be considered. One such 

difference is the usage of IGK and IGL light chains. Mice tend to have a higher proportion of B 

cells expressing IGK light chain with a ratio of about 90:10, whereas the ratio of IGK to IGL 

light chains in humans is close to 60:40. This difference suggests variations in receptor editing 

during B cell development, which could impact the final B cell repertoire. If more B cells 

undergo recombination at the IGL locus, it could result in greater diversity in the germline usage 

of Ig light chain V and J genes. Moreover, the anatomical differences between mice and 

humans, such as the size and structure of lymphoid organs, and the differences in lifespan, 

likely influence the generation and maintenance of humoral immune responses. These 

species-specific differences are critical to consider when extrapolating findings from mouse 

models to human biology. 

Another significant challenge in this study is the lack of a unified reference database with 

accurate germline sequences specific to BALB/c mice. The initial annotations were performed 

using a reference database for C57BL/6 mice, another commonly used strain in immunological 

research. However, there are known differences between C57BL/6 and BALB/c mice, such as 

the number and type of productive germline alleles per gene cluster [97]. Using a reference 

database that does not fully match the genetic background of the studied mice can lead to 

inaccuracies in the identification of SHMs, which are crucial for studying B cell evolution. This 

mismatch could introduce biases in the analysis, affecting the interpretation of how B cells 

evolve in response to antigenic stimulation. 

When reviewing the software development aspect of this project, AntibodyForests package 

currently focuses on analyzing sequence data to infer evolutionary relationships within B cell 

populations. While this provides valuable insights, it does not capture the full picture of B cell 

evolution, which is also influenced by phenotypic characteristics such as antibody binding 

affinity and specificity. Integrating phenotypic data, such as affinity binding measurements and 

epitope binning results, into the inferred lineage trees could enhance our understanding of how 

B cell clones evolve not just in sequence but also in function. Such integration would allow 

researchers to track the evolution of antibody specificity and affinity across different stages of 

the immune response. However, technical limitations currently restrict the ability to 

phenotypically characterize a large number of plasma cells, limiting the scope of such analyses. 

To address these limitations, recent advances in computational biology, particularly in 

protein language models, offer promising avenues for extending the capabilities of 
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AntibodyForests. These models, which are trained on extensive databases of protein 

sequences, can predict evolutionary likelihoods and even estimate protein structures based 

on sequence data alone. These protein language models have recently been used to predict 

evolutionary plausible mutation for in silico antibody maturation, achieving up to a 16-fold 

improvement in binding affinity, thereby demonstrating their potential in advancing our 

understanding of efficient and productive antibody evolution [98]. By incorporating these in 

silico predictions into the AntibodyForests package, it would be possible to predict key 

phenotypic characteristics, such as binding affinity or specificity, for a broader set of antibodies 

within a repertoire based solely on their sequence. This capability would allow researchers to 

estimate how changes at the genetic level translate into functional outcomes, enabling a more 

comprehensive study of how antibodies evolve in terms of both sequence and function, and 

providing deeper insights into the mechanisms driving B cell evolution. 

While AntibodyForests represents a significant advancement in the analysis tools for B cell 

evolution, the software itself has several limitations that must be acknowledged. One notable 

limitation is that not all models can be directly run within the AntibodyForests package. For 

instance, inferring lineage trees using the IgPhyML tool requires users to generate input files 

through specific functions, which must then be processed via the IgPhyML command line tool. 

This adds complexity to the workflow and may hinder accessibility for users who are less 

familiar with command line operations. Additionally, the various tree inference methods 

implemented in AntibodyForests() function can produce different evolutionary trees, 

reflecting the inherent variability in how these algorithms interpret sequence data. While this 

variability underscores the importance of choosing the appropriate method, it also highlights a 

need for a strategy to integrate these differing outputs into a consensus or summary tree, which 

would provide a more unified view of the inferred evolutionary relationships. 

Moreover, the current repertoire analyses in AntibodyForests are primarily focused on 

sequence-related features, such as germline gene usage and sequence evolution. Although 

evolutionary likelihood scores can be plotted on lineage trees, there remains a lack of robust 

methods to quantify how these scores or predicted structures evolve over time. This limitation 

restricts the package's ability to provide a comprehensive analysis of B cell evolution, 

particularly in terms of how functional characteristics like binding affinity might change as a 

result of SHM. Although some functions are under development to calculate tree topology 

metrics across all clonotypes and visualize these metrics using multidimensional reduction 

algorithms, these methods do not yet account for the individual relationships between nodes 

within the trees. This gap highlights an area where future development could significantly 

enhance the analytical power of AntibodyForests. 

In summary, the development of AntibodyForests represents a significant advancement in 

the study of B cell selection and evolution. The package provides a valuable tool for analyzing 

B cell repertoires, particularly when integrated with bulk sequencing data, offering a more 

complete picture of B cell evolution. However, the study has several limitations, including the 

focus on a specific subset of B cells, the exclusion of important immunological factors such as 

T cell interactions and MHC variability, and the challenges associated with species-specific 

differences and reference biases. Future developments should aim to expand the coverage of 

B cell subsets, integrate phenotypic data, and refine the methods for integrating bulk and 

single-cell data. Additionally, incorporating computational predictions of antibody structure and 

function could provide deeper insights into the evolutionary dynamics of B cell repertoires. 

Addressing these challenges will enhance our understanding of B cell evolution and improve 

our ability to track and predict immune responses in both experimental and real-world settings. 

  



  

37 
 

Materials and methods 
 

Data acquisition 
 

The data used in this project were provided by the Sai Reddy Lab at the Laboratory for Systems 

and Synthetic Immunology of ETH Zurich. The datasets utilized for B cell repertoire analysis 

were derived from previous studies conducted by Neumeier et al. (2022) and Khan et al. (2016) 

[77][94]. These datasets comprised single-cell B cell sequencing data from bone marrow-

derived plasma cells of BALB/c mice and bulk transcriptomic data from spleen-derived RNA of 

the same mice. The single-cell sequencing data was processed with CellRanger version 7.1.0 

and annotated with the mouse C57BL/6 V(D)J reference GRCm38_alts_ensembl-7.0.0. The 

bulk sequencing data was processed by importing it into CLC Genomics Workbench 7, where 

a custom pipeline was used to correct for sequencing errors and PCR amplification bias 

through molecular amplification fingerprinting, which is freely available via the “MAF” static 

repository (https://sissource.ethz.ch/sis/maf_scripts).  

 

Computational environment 
 

The development, testing, and implementation of functions for the AntibodyForests package 

were conducted using R version 4.3.2 within the RStudio environment (version 

2024.04.01+748). 

 

High-performance computing 
 

The computationally intensive scripts, particularly those involving large-scale data processing 

and phylogenetic tree construction, were executed on the High Performance Computing (HPC) 

facility of the University Medical Center Utrecht (UMCU). This facility is part of the Utrecht 

Bioinformatics Center (UBC) and provides the necessary computational resources to handle 

the extensive datasets and complex analyses required for this project. 

 

IgBLAST and IgPhyML installation and configuration 

 

IgPhyML and IgBLAST were installed on the HPC within a Conda environment created with 

Python 3.9, which included essential dependencies such as Autoconf, Automake, Change-O, 

Alakazam, and an OpenMP-enabled C compiler. IgPhyML was cloned and compiled with 

OpenMP support, following instructions from the official IgPhyML documentation website [99]. 

IgBLAST version 1.22.0 was downloaded, extracted, and configured within the environment. 

Additionally, a collection of scripts from the Immcantation repository was employed to 

download the IMGT reference sequences and build the IgBLAST database, by following the 

guidelines from the official Change-O documentation website [100]. 

 

Data analysis and figure plotting 
 

All data visualizations were performed in the R environment. The clonal expansion profiles 

were created with the VDJ_plot_clonal_expansion() function; the germline gene usage 

heatmaps were generated with the VDJ_plot_gene_usage() function; the Venn diagrams 

depicting the number of public sequences were plotted with the VDJ_plot_public_seqs() 

function; and lineage trees were visualized with the AntibodyForests_plot() function. All 

other plots were generated using ggplot2 (v3.5.1). Plots without panel labels were assembled 

with ggpubr (v0.6.0), while plots with panel labels were arranged in Microsoft Powerpoint 

(Version 2407, build 178030.20138). The code used to generate these figures is available in 

the supplementary materials (S3: R Markdown report).  

https://sissource.ethz.ch/sis/maf_scripts
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Supplementary 
 

S1: AntibodyForests vignette 
 

For a thorough understanding of the AntibodyForests package, including a comprehensive 

overview of its functions, available parameters, and practical applications, please refer to the 

official package vignette. This document provides in-depth discussions, examples, and best 

practices for utilizing the package in BCR repertoire analyses. 
 

https://1drv.ms/u/s!Ahif4RX6I-EniLYRPffLzQBDpHLDSQ?e=9fxcgY  

 

S2: Functions of AntibodyForests 
 

The AntibodyForests package includes a collection of custom functions tailored for the analysis 

and visualization of antibody sequence data. The complete set of functions is available for 

download through the link provided below, with each function provided as an individual R script. 

Each script is thoroughly documented to clarify its workflow, ensuring that users can easily 

understand and apply the functions in their analyses. 
 

https://1drv.ms/f/s!Ahif4RX6I-Enh5gJpUkBxgONMRQ1iQ?e=4PjTwi 

 

S3: R Markdown report for data analysis and figure creation 
 

The R Markdown report used to generate the figures presented in this thesis is available for 

reference. This report contains the complete codebase employed for data analysis, 

visualization, and figure creation, ensuring transparency and reproducibility of the results. 
 

https://1drv.ms/u/s!Ahif4RX6I-EniMlPPbhNqx7VYw4j2w?e=5n02WV   

https://1drv.ms/u/s!Ahif4RX6I-EniLYRPffLzQBDpHLDSQ?e=9fxcgY
https://1drv.ms/f/s!Ahif4RX6I-Enh5gJpUkBxgONMRQ1iQ?e=4PjTwi
https://1drv.ms/u/s!Ahif4RX6I-EniMlPPbhNqx7VYw4j2w?e=5n02WV
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