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Abstract

Systems immunology is the science of multi-scale quantitative analysis of the immune
system, which is accomplished by combining experimental high-throughput measure-
ments with high-dimensional computational analysis. Within the context of humoral
immunity, B lymphocytes possess a vast and molecularly diverse repertoire of im-
munoglobulins, represented by surface-bound (B-cell receptor, BCR) and secreted

receptors (antibodies), which protect against pathogens.

Recently, rapid advances in high-throughput sequencing have led to a deluge of
immunoglobulin sequence data that require advanced analysis approaches in bioin-
formatics and computational biology. Therefore, the focus of this work has been to
develop and use advanced systems analysis in order to determine the architecture,
diversity, and evolution of antibody repertoires from large-scale sequence data at an

unprecedented level of resolution.

Specifically, network analysis is an important and useful tool for the study of
complex systems like antibody repertoires. The architecture of the antibody repertoire
is defined by the network similarity landscape of its CDR3 sequences, which encode for
antibody identity (clonality) and antigen specificity; this network architecture reflects
the breadth of antigen-binding and correlates to humoral immune protection and func-
tion. However, most networks that have been constructed thus far embody thousands
of antibodies, largely undersampling the millions present in an in vivo system. One of
the major challenges that exists in antibody repertoire analysis is that computational
complexity increases with the scale of large sequence data, often rendering unfeasible
repertoire analysis on a single machine. In order to construct large-scale networks
from high-throughput sequencing data (>100,000 unique antibodies) and uncover the
unknown architecture of antibody repertoires, a novel high-performance computing

platform was established.
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Large-scale network analysis revealed three fundamental principles of antibody
repertoire architecture across murine B-cell development: reproducibility, robustness
and redundancy. Reproducibility of network structure explains clonal expansion and
selection. Robustness ensures a functional immune response even under extensive loss
of clones (50%). Redundancy in mutational pathways suggests that there is a pre-
programmed evolvability in antibody repertoires. Thus, guidelines for a quantitative
network analysis of antibody repertoires were delineated, setting the stage for the
field of network systems immunology, and may guide the construction of synthetic

repertoires for biomedical applications.

Network analysis is crucial to the systems-level understanding and identification of
biological functions on other biomolecular systems as well. Specifically, the structure
and function of proteins is directly related to their sequence. Constructing or analyzing
large-scale networks remains a challenge because of the high-dimensionality space. In
order to enable sequence-based cross-research areas to leverage the network analysis
potential, imNet was implemented as an open-source standard software platform for
the comprehensive generation and rapid analysis of large-scale sequence-similarity
networks. Specifically, a parallelized, map-reduce distributed algorithm generates
large-scale networks from input datasets in text format in the range of millions of
sequences, not attainable previously due to memory constraints and computation time.
Although imNet is primarily designed to handle the scale and depth of the enormous
diversity present in immune repertoires, any sequence network can be constructed.
The largest existing biological networks were thus constructed from different protein
database sources (e.g., entire human proteome comprising n=293,700 peptide sequences;
the entire UniProt database with n=>553,231 sequences; n=14,937 sequences from the
immune epitope database) and high-throughput sequences of antibody (n=6,348,502)
and T cell repertoires from human (n=256,054) and mice (n1=36,889) samples. In ad-

dition, imNet software supports the simulation of both in silico sequences and networks.

While network analysis provides insights regarding the architecture of the sequence
landscape, systems analysis of immune repertoires can be leveraged to detect sequence
signatures within repertoires. Sequence signatures from HIV-1 infected individuals
that had developed broadly neutralizing antibodies, bNAbs, (n=9) compared to HIV-1
bNAb-negative (n=13) and uninfected individuals (n=7) were detected by systems
analysis of antibody repertoire datasets. A reference database was constructed from

known broadly neutralizing antibody sequences (bNAbs-DB) against HIV-1. The
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bNAbs-DB enabled the identification of sequences with bNAb-related characteristics
like somatic hypermutations, CDR3 length, germline frequencies, clonal frequency
distributions, CDR3 similarity relations within repertoires and ultimately, sequence
identity to database bNADb sequences in order to uncover unidimensional repertoire
characteristics associated with bNAD status. Additionally, the bNAbs-DB was used
to train a support vector machine for the detection of bNAb-like sequence features
in repertoires of HIV-1 infected individuals who had developed bNAbs with a high
prediction accuracy (80%). This technique allowed to capture bNAD signatures that
were undetectable at the repertoire level when considering low dimensional data analysis
like the average SHM or CDR3 length.

Although numerous immune repertoire sequencing datasets have been generated
for immune systems analysis, data retrieval is arduous and publicly available data
has not been aggregated into one database, thus hindering data cross-analysis and
benchmarking. Therefore, systimsDB was constructed as a dedicated SQL database of
in-house and publicly available BCR/TCR datasets, which resulted in around 7 billion
sequences. systimsDB is searchable across datasets through a web-interface. Users
can analyze entire annotated immune repertoires or partial sets of sequences. Selected
sub-repertoires are downloadable in tabular output, and results can be graphically
visualized and exported. The standardized preprocessing framework and downstream
analysis in systemsDB ensures consistency in methods and reproducible results, thus

enabling further usability of the database for benchmarking purposes.

In summary, this work shows the development of novel bioinformatics and statistical
methods and captures the high-dimensional complexity of immune repertoires enabling

deep immunological insight into the adaptive immune response.






Riassunto

L’immunologia dei sistemi si fonda sull’analisi multi-scala e quantitativa del sistema
immunitario, che si esegue combinando misurazioni sperimentali ad elevato parallelismo
con le relative analisi computazionali multi-dimensionali. Nel contesto dell’'immunita
umorale, i linfociti B possiedono un ampio repertorio di immunoglobuline, diverse a
livello molecolare, che esistono sotto forma di recettori transmembrana (recettore delle

cellule B, BCR) e secreti (anticorpi), e che proteggono dai patogeni.

RRecentemente, i rapidi sviluppi nel sequenziamento ad elevato parallelismo hanno
portato ad una raccolta estesa di dati di sequenze di immunoglobuline, che necessitano
approcci d’analisi avanzata in bioinformatica e biologia computazionale. Dunque,
questo lavoro si focalizza sullo sviluppo e utilizzo di analisi avanzate di sistemi allo
scopo di determinare I'architettura, la diversita e 1’evoluzione dei repertori di anticorpi;
simili strumenti permettono di processare le informazioni contenute nei grandi dati di

sequenze, ottenendo un livello di risoluzione senza precedenti.

Nello specifico, ’analisi di reti & un mezzo importante e utile nello studio di sistemi
complessi come il repertorio di anticorpi. L’architettura di un repertorio di anticorpi e
definita dallo spazio di similarita di rete delle sue sequenze di CDR3, che codificano
I'identita dell’anticorpo (clonalitd) e la specificita verso ’antigene; quest’architettura
di rete riflette 'estensione della specificita del repertorio verso I'antigene ed e correlata
al ruolo e alla protezione svolta dall'immunita umorale. Tuttavia, la maggior parte
delle reti costruite finora incorpora migliaia di anticorpi, ampiamente sottostimando i
millioni presenti in un sistema in vivo. Una delle piu grandi sfide esistenti nell’analisi
di repertori di anticorpi ¢ dovuta al fatto che la complessita computazionale aumenta
con i gradi dati, rendendo non praticabile ’analisi su un singolo dispositivo. Per
poter costruire reti di larga scala da dati di sequenziamento ad elevato parallelismo
(>100,000 sequenze uniche di anticorpi) e scoprire l’architettura sconosciuta dei repertori

di anticorpi, e stata stabilita una nuova piattaforma computazionale ad alte prestazioni.



L’analisi di reti di larga scala ha rivelato tre principi fondamentali dell’architettura
dei repertori di anticorpi attraverso lo sviluppo delle cellule B nei topi: la ripro-
ducibilita, la robustezza e la ridondanza. La riproducibilita della struttura di rete
spiega ’espansione e la selezione clonale. La robustezza assicura il funzionamento
della risposta immunitaria anche in seguito ad una perdita significativa di cloni (50%).
La ridondanza nei meccanismi mutazionali suggerisce che esiste un’evolvabilita pro-
grammata in anticipo nei repertori di anticorpi. Dunque, si sono quindi stabilite le
line guida per ’analisi quantitativa di reti di anticorpi, ponendo le basi per il campo
dell'immunologia dei sistemi basata sulle reti, che potrebbe guidare la costruzione di

repertori sintetici per applicazioni biomediche.

L’analisi di reti ¢ fondamentale per la comprensione a livello di sistema e 1’ identifi-
cazione di funzioni biologiche anche per altri sistemi biomolecolari. Nello specifico, la
struttura e la funzione delle proteine sono direttamente collegate alla loro sequenza,
ma la costruzione o l'analisi di grandi reti rimane una sfida a causa dello spazio
alto-dimensionale. Allo scopo di consentire alle diverse aree di ricerca centrate sul
sequenziamento di trarre vantaggio dall’analisi di reti, imNet ¢ stato sviluppato come
una piattaforma software standard per la completa costruzione e analisi rapida di
reti di larga scala basate sulla similarita delle sequenze. In particolare, un algoritmo
parallelizzato che usa il map-reduce per la computazione distribuita genera grandi reti
da dati di testo nella gamma di milioni di sequenze, non ottenibili precedentemente
per via dei limiti di memoria e tempo di calcolo. Nonostante imNet sia principalmente
progettato per gestire la mole e la profondita dell’enorme diversita presente nei repertori
immunitari, puo essere utilizzato per la costruzione di qualunque rete di sequenze.
Le piu grandi reti biologiche esistenti sono state infatti costruite da diverse risorse
di banche dati di proteine (ad es. 'intero proteoma umano con n=293,700 sequenze
peptidiche; I'intera banca dati UniProt con n=>553,231 sequenze; n=14,937 sequenze
dalla banca dati degli epitopi) e sequenze ad elevato volume di anticorpi (n=6,348,502)
e repertori di cellule T da campioni umani (n=256,054) e murini (n=36,889). Inoltre,

il software di imNet supporta la simulazione di sequenze e reti in silico.

Mentre 1’analisi di reti permette di comprendere 'architettura spaziale delle se-
quenze, 'analisi dei sistemi puo essere utilizzata per rilevare caratteristiche distintive
nei repertori. I segni distintivi delle sequenze da individui infetti da HIV-1 che hanno
sviluppato anticorpi ampiamente neutralizzanti, bNAbs, (n=9) piuttosto che individui
infetti da HIV-1 bNAb-negativi (n=13) e individui non infetti (n=7) sono stati identifi-



xi

cati tramite analisi dei sistemi di repertori di anticorpi. Una banca dati di riferimento
¢ stata generata da sequenze precedentemente note di anticorpi ampiamente neutraliz-
zanti (bNAbs-DB) contro HIV-1. La bNAbs-DB ha permesso di identificare sequenze
con caratteristiche collegate ai bNAb come ipermutazione somatica, lunghezza dei
CDRS3, la frequenza delle linee germinali, le distribuzioni delle frequenze clonali e, infine,
I'identita alla banca dati di sequenze di bNADbs per poter individuare caratteristiche
unidimensionali del repertorio associato con lo stato di sviluppo dei bNAbs. Inoltre,
la bNADbs-DB ¢ stata utilizzata, con un’alta accuratezza nella previsione (80%), per
addestrare una macchina a vettori di supporto per identificare caratteristiche tipiche
degli bNAbs nelle sequenze dei repertori di individui infetti da HIV-1 che hanno svilup-
pato bNAb. Questo metodo ha reso possibile individuare segni distintivi degli bNAb
che non erano distinguibili a livello di analisi unidimensionali del repertorio come la

valutazione dell’ipermutazione somatica e la lunghezza media dei CDR3.

Nonostante serie di dati da numerosi repertori sequenziati siano state generate per
analizzare il sistema immunitario, il recupero di tali dati e faticoso e i dati pubblica-
mente disponibili non sono raccolti in un’unica banca dati, impedendo cosi 1’analisi
trasversale dei dati e il benchmark. Pertanto, systimsDB ¢ stata costruita come una
banca dati SQL dedicata ai dati prodotti localmente e pubblicamente disponibili di
BCR e TCR, per un totale di circa 7 bilioni di sequenze. systimsDB ¢ consultabile
attraverso un’interfaccia web. Gli utenti possono utilizzare repertori completi annotati
oppure serie parziali di sequenze. I sotto-repertori selezionati sono scaricabili tramite
output tabulare e i risultati possono essere visualizzati in grafici ed esportati. La pi-
attaforma standard di pre-elaborazione dati assicura consistenza nei metodi e risultati
riproducibili, cosi permettendo il successivo utilizzo della banca dati come valore di

riferimento.

Riassumendo, questo lavoro tratta lo sviluppo di nuovi metodi bioinformatici e
statistici e rivela la complessita multi-dimensionale dei repertori immunitari, permet-

tendo di arrivare a una comprensione profonda della risposta immunitaria umorale.
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Chapter 1
Introduction

Immunology is the science of defense and integrity. The immune system protects an
organism from pathogens (bacteria, virus and parasites) and maintains homeostasis
by eliminating toxic or allergenic substances [3]. Specifically, the adaptive arm of
the immune response is complex, characterized by large clonal diversity (each clone
expresses a unique receptor) and antigen-specificity [4]. Systems immunology aims
to investigate the immune response comprehensively by integrating high-throughput
technologies with bioinformatics and computational biology [5-8]. Here we apply
systems and network analysis to answer fundamental questions in immunology and

develop bioinformatic tools to characterize the immune repertoire.

1.1 Adaptive immunity

The main components of the adaptive immune system in mammals are B- and T-
lymphocytes (short: B and T cells) [9]. These immune cells arose approximately 500
million years ago and their main characteristic is their large diversity: each B and
T cell expresses on the surface antigen receptors, each identifying uniquely a clone
(cell lineage) and generated by somatic recombination. Germline gene rearrangements
[10] produce combinatorial diversity to generate a vast repertoire of naive B/T cells,
which have not yet encountered their specific antigen, but represent a vast landscape
of potential binding specificities. Thus, collections of B and T cells constitute diverse
and complex immune repertoires, made of billions of unique clones identified through
their complementarity determining region 3 (CDR3 of B cell receptors and antibodies,
Fig. 1.1, 1.2). CDR3 is the most diverse region of the B/T cell receptors (or antibodies
secreted from differentiated B cells) is the main contributor to antigen-recognition,

thus determining binding [11, 12]. The generating mechanisms of immune repertoires
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contribute to their vast sequence space complexity.

1.1.1 Humoral immune response

B cells constitute the humoral arm of the adaptive immune response in vertebrates
(Fig. 1.1) and confer protection against a plethora of pathogens. Pre-B cells are gener-
ated in the bone marrow, then migrate to the lymph nodes and the spleen as naive B
cells that are here activated by the antigen, thus proliferate and terminally differentiate
into plasma cells homed in the bone marrow, which produce antibodies, the secreted
form of the B cell receptor. The collection of B cell receptors and antibodies constitutes

the antibody repertoire.

Vertebrates

f
X7~ B cells — The humoral arm of
X

the adaptive immune system Antibody repertoire V genes D  Jgenes
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Fig. 1.1 Humoral immunity and the generating mechanisms of its diversity.
B cell receptor repertoire evolution in vertebrates starts from the generation of pre-B
cells in the bone marrow that develop into naive B cells and differentiate into plasma
cells that secrete antibodies. Each B cell receptor and antibody is consituted from
heavy chain with a constant (grey) and a variable region (blue) and a light chain
with a variable (red) and a constant region (grey). The variable region of the heavy
chain is generated from the somatic recombination of V, D and J germline genes, the
subsequent addition and subtraction of nucleotides and somatic hypermutations.
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Antibodies have a heavy and a light chain, each with a variable region that differs
extensively from one antibody to the next. The source of antibody diversity has
been identified to be the VDJ somatic recombination [11]. The variable regions of an
antibody are encoded by randomly selected V, D, J genes from their multiple copies.
Further diversity is introduced by the addition and subtraction of nucleotides at the
joints between the recombined V, D, J genes and somatic hypermutations which are
point mutations into the rearranged V-regions of activated B cells [13]. The diversity

the of antibody repertoires is daunting, and is estimated to be ~10'3 [4].

Variable region = CDR1  CDR2 CDR3
} ! FR1 FR2 FR3 FR4 |
i V region :J region
Junction

Constant region

Fig. 1.2 B cell receptors and antibodies. B cell receptors and antibodies are
made of heavy and light chains, each with a variable (dark colored) and constant
region (light colored). The variable region of the heavy chain (dark blue) results from
VDJ gene somatic recombination, addition and subtraction of nucleotides at the joints
between the gene recombination sites, and somatic hypermutations. After alignment
of to the reference genome V, D, and J genes, the V region, the junction and the J
region are identified in the variable region of the antibody heavy chain. Framework
(FR) and complementarity determining regions (CDR) of the antibody sequence are
annotated according a numbering scheme (e.g., IMGT unique numbering [14]).
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1.2 Sequences of immune repertoires

High-throughput sequencing of antibody repertoires has enabled a systems understand-
ing and quantitative insight into the adaptive immune response [15]. Deep sequencing
data captures the diversity of antibody repertoires, thus enabling a systems-level anal-
ysis of entire repertoires. Therefore, high-throughput sequencing data was analyzed
in order to gain a systems understanding of the structure of antibody repertoires and

detect global signatures at the repertoire level.

1.2.1 Sequenced murine antibody repertoires [1]

The experimental design of the analyzed mouse antibody repertoires assured high tech-
nological and biological coverage of the murine antibody repertoires along development
[1]. The use of an inbred mouse model of 8-10 weeks old female C57BL/6 J mice (n
= 19) housed under specific pathogen-free conditions, guaranteed the analysis of a
fully sequenced genome and a completely annotated immunoglobulin genomic locus
[16]. C57BL/6 mice were stratified into cohorts consisting of untreated (n = 5) or
intraperitoneally prime-boost (after 3 weeks, with identical amounts of antigen in PBS)
immunized mice, using three structurally different alum-precipitated antigens: 100 mg
ovalbumin (OVA, n = 5), 100 mg 4-hydroxy-3-nitro-phenylacetyl conjugated to hen
egg lysozyme (NP-HEL, n = 5), and 4 mg hepatitis B virus surface antigen (HBsAg, n
= 4). Immunized mice were sacrificed 14 days post-secondary immunization; untreated

control mice were sacrificed at corresponding age (Fig. 1.3).

Three key differentiation stages of the B cell development were isolated through
fluorescence-activated cell sorting from two major lymphoid organs, spleen and bone
marrow: pre-B cells (pBCs, ¢ — kit~ C D19t IgM~C D25 PI~, bone marrow), naive fol-
licular B cells (nBCs, C D138~ C D19 IgD2"IgM*CD232tC D21" PI~, spleen), and
long-lived memory plasma cells (PCs, CD138YC D22~ MHCII-CD19" IgM~PI—,

bone marrow).

Amplification of antibody variable heavy chain (VH) libraries was performed using
a forward primers specific to framework region 1, and either IgM- (pBC and nBC) or
IgG- and IgM-specific (PC) reverse primers. Antibody library pools were sequenced on
the Illumina MiSeq platform (2x300 cycles, paired-end). Total RNA sequencing led to

400 million full-length variable heavy chain region (VH) sequences from was performed
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Fig. 1.3 Sequencing the developing antibody repertoire: experimental de-
sign. Experimentally, antibody heavy chain high-throughput sequencing of pre-B cells
(preBC), naive B cells (nBC), and memory plasma cells (PC) from four C57BL/6

mouse cohorts was performed.
(Fig. 1.3). Mean base call quality of all samples was in the range of Phred score 30 [1].

Sequencing data was processed (VDJ alignment, clonotyping) using the MiXCR
software package (clonotype formation by CDR3 region) [17]. For downstream analyses,
functional clonotypes were only retained if they were composed of at least four amino
acids and had a minimal read count of 2 [18, 19]. The VH complementarity determining
region 3 (CDR3) served as an accepted proxy for antibody clonality and specificity
[12, 5]. Furthermore, repertoire sequencing reproducibility of the dataset was confirmed

by technical replicates as described in Greiff et al [1].

1.2.2 Sequenced human antibody repertoires [2]

The data collection design leveraged samples of sequenced human PBMC from different
individuals (total n=29) and constructed three cohorts (Fig. 1.4) and one reference
database in order to detect bNAb-sequence signatures at the repertoire-level (Fig. 1.5).
The organization of data allows to interrogate repertoires of individuals that have
developed bNAbs (HIV-1 bNAb+) and compare them against two different negative
controls (uninfected and HIV-1 bNAb-) and a positive control of bNAbs sequences
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collected in the bNAbs database (bNAbs-DB).

e

Cohortsn =3
Individuals n = 29
Samples n = 83

CDRS3 clones n = 229,789

Fig. 1.4 Sequenced human antibody repertoires: data design. Data was
collected from three cohorts (HIV-1 bNAb+ n=9, HIV-1 bNAb- n=13, and uninfected
n="7) of sequenced human PBMC samples of 29 individuals.

1.3 Systems quantification of immune repertoires

“..as long as the quantitation of the immune response remains elusive, immunology will

remain a phenomenology” — J. K. Jerne [20]

Many discoveries since 1890 have elucidated the adaptive immune system [21].
However, a truly systems perspective and quantification of the large and complex

sequence space B and T cell repertoires has only recently begun to delineate.

High-throughput sequencing of B and T cell repertoires coupled with computational
methods [22, 23] enable the quantification of the adaptive immune response, thus
bringing fundamental insights into health and disease status, vaccine development and

guiding targeted therapeutics [24-28|.

This work allows to (i) capture the architecture of the sequence space of B cell reper-

toires along development, revealing fundamental intrinsic principles through large-scale
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network analysis and (ii) characterize antibody repertoires from a systems prospective,
revealing antigen-specific sequence signatures (Fig. 1.5, 2.3). At last, it proposes
an immune repertoire database (systimsDB) that ensures reproducible results and

allows to use the available data for benchmarking purposes and cross-validation analysis.
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Fig. 1.5 Systems analysis to detect signatures in antibody repertoires. Im-
mune repertoires can be characterized and compared at a systems level with regard to
their a) somatic hypermutations and b) CDR3 lengths, c) clonal expansion through
evenness analysis, d) clonal architecture through network analysis, and e) classified for
antigen-specific like-sequences using machine learning.
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1.3.1 State-of-the-art of bioinformatic and statistical analyses

for sequenced immune repertoires

Chapter 2 reviews the state-of-art of bioinformatic and statistical analyses of se-
quenced immune repertoires, illustrating the challenges and open questions in the field

of systems immunology.

1.3.2 The architecture of the sequence space of immune reper-

toires

The fundamental principles of antibody repertoire architecture are revealed in Chapter

3 by establishing novel large-scale network analysis as described in Chapter 4.

A historical paradigm shift enabled by high-throughput sequencing has led to a
major transition from analyzing individual antibodies to capturing the entire diversity
of antibody repertoires. The big data generated from sequenced repertoires, however,
introduced significant unresolved computational challenges. The large numbers of se-
quences generated from very diverse antibody repertoires (e.g., >10° unique antibodies)
limited the practice of networks in immunology, although Nobel laureate Niels K. Jerne
first proposed to use network theory for the study of the immune system more than
40 years ago [29]. Consequently, to obtain the architecture of antibody repertoires
requires a second paradigm shift — the unification of immunology with informatics [30].

Thus, the architecture of antibody repertoires has remained unknown up-to-date.

The architecture of an antibody repertoire is defined by the network similarity
landscape of its sequences and reflects the spectrum of antigen binding — thereby
determining immunological protection and function. Here, a novel high-performance
computing software to construct for the first time large-scale networks from high-
throughput sequences of entire antibody repertoires was developed: imNet (Chapter
4).

The fundamental principles of reproducibility, robustness and redundancy of an-
tibody repertoire architecture were uncovered. Reproducibility of network structure
explains clonal expansion and selection signatures present in humoral immunity. Ro-
bustness of the architecture ensures a functional immune response even at extensive

deletion of antibodies. Redundancy in mutational pathways provides pre-programmed
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evolvability of antibody responses.

These architectural principles serve as the blueprint for the construction of antibody
repertoires, such as synthetic repertoires simulating natural immune systems, which
can be used for immunotherapeutic and biomedical applications. By setting the stage
for the field of network systems immunology, the attempt with this work is to help

bring to fruition the vision laid out by Jerne.

1.3.3 Detecting sequence signatures with systems analysis

Systems analysis of antibody repertoires was used to detect broadly neutralizing anti-
body (bNAD) signatures in HIV-1 infected individuals that developed bNAbs (HIV-1
bNAb+) versus HIV-1 infected individuals that were negative for bNAbs (HIV-1 bNAb-
) and uninfected individuals as described in Chapter 5. To this end, also a database
of known bNAbs sequences was constructed (bNAbs-DB).

The systems characterization of immune repertoires allows for the detection of
sequences with similar characteristics (CDR3 length, somatic hypermutations, V/J
gene), however these characteristics often are not reflected at the systems level. When
machine learning is applied to the diverse antibody repertoires at the sequence level, it
detects bNADb-like sequences in HIV-1 bNAb+ versus uninfected individuals by using a
trained model on the bNAbs-DB vs. sequences of HIV-1 bNAbD-.

This systems approach can be applied to different datasets in search for antigen-like

specificity or diagnostic-specific sequences in clinics.

1.3.4 A database of immune repertoire sequences

Although the systems analysis of immune repertoire sequences is progressing with the
sequencing technology, immune repertoires have not been aggregated into a database,
thus hindering the reproducible cross-analysis and benchmarking of immune sequences
and repertoires from public data. systimsDB, a collection of B and T cell sequences (~
7.5 billion) as described in Chapter 6, allows for the search, download and analysis of

publicly available sequences of immune repertoires.
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1.4 Articles incorporated in this work

This work incorporates authored and co-authored scientific articles which have been

published or submitted for publication.

e Chapter 1, Section 1.2.1
Greiff V¥ Menzel U*, Miho E, Weber CR, Riedel R, Cook S, Valai A, Lopes
T, Radbruch A, Winkler TH, Reddy ST. “Systems analysis reveals high genetic
and antigen-driven predetermination of antibody repertoires throughout B-cell
development.” Cell Reports, 2017. [1]

o Chapter 2
Greiff V, Miho E, Menzel U, Reddy ST. “Bioinformatic and statistical analysis
of adaptive immune repertoires.” Trends in Immunology, 2015. [5]

o Chapter 3
Miho E*, Greiff V*, Roskar R, Reddy ST. “The fundamental principles of
antibody repertoire architecture revealed by large-scale network analysis.” (in
review). Preprint available on bioRxiv, published online April 5, 2017 (http:
//dx.doi.org/10.1101/124578). [31]

e Chapter 4
Miho E* Roskar R*, Greiff V, Reddy ST. “imNet: software for the generation
and analysis of large-scale sequence networks.” (in submission). [32]

e Chapter 5
Miho E et al. “Detection of sequence signatures of broadly neutralizing anti-
bodies in HIV-1 individuals.” (in submission). [2]
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Miho E, Friedensohn S, Laurenczy B, Fuentes Serna JM, et al. “SystimsDB: a

systems database of immune repertoires.” (in submission). [33]
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e Yermanos A, Greiff V, Krautler N, Menzel U, Dounas A, Miho E, Oxenius
A, Stadler T, Reddy ST. “Comparison of methods for phylogenetic B-cell lin-
eage inference using time-resolved antibody repertoire simulations (AbSim).”
Bioinformatics, 2017. [35]
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A, Huber M. “High-throughput sequencing of human immunoglobulin variable
regions with subtype identification.” PLOS ONE, 2014. [36]
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Chapter 2

Bioinformatic and statistical
analysis of adaptive immune

repertoires

High-throughput sequencing (HTS) of immune repertoires has enabled the quantita-
tive analysis of adaptive immune responses and offers the potential to revolutionize
research in lymphocyte biology, vaccine profiling, and monoclonal antibody engineering.
Advances in sequencing technology coupled to an exponential decline in sequencing
costs have fueled the recent overwhelming interest in immune repertoire sequencing.
This, in turn, has sparked the development of numerous methods for bioinformatic
and statistics-driven interpretation and visualization of immune repertoires. Here,
we review the current literature on bioinformatic and statistical analysis of immune
repertoire HT'S data and discuss underlying assumptions, applicability, and scope.
We further highlight important directions for future research, which could propel im-
mune repertoire HT'S to becoming a standard method for measuring adaptive immune

responses.
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2.1 Trends

o High-throughput immune repertoire sequencing is becoming a core technology

for advancing basic, applied, and clinical immunology.

» Specialized bioinformatic and statistical methods for repertoire diversity and
overlap analysis as well as for performing network and phylogenetic clustering
enable the investigation of immune repertoire expansion, dynamics, architecture

and evolution at an unprecedented level of detail.

o There is a divergence of the underlying assumptions, applicability, and scope of
bioinformatic and statistical methods, thus compromising the consistency of data

analyses within and across studies that need to be addressed in the near future.

2.2 Resolving the complexity of antigen receptor

repertoires

B and T lymphocytes of the adaptive immune system have the ability to recognize
foreign molecules via an immense array of antigen-binding receptors (B cell and T cell
receptors, BCR/TCR) [37]. The diversity of lymphocyte repertoires (short: ‘immune
repertoires’) is a result of genetic recombination and diversification mechanisms. Diver-
sity is first created in the germline via recombination of variable V, (diversity D), and
joining J gene segments [11], which form the antigen-binding variable region. Further
diversification occurs through imprecise junction of these gene segments (addition of P-
and N-nucleotides adjacent to the D segment), somatic hypermutation (SHM, in B
cells), and combination of subunits (T cells) or heavy/light chains (B cells) [4].

Immune repertoire antigen-specificity and diversity is largely dominated by the
junctional site of V (D)J recombination, which is known as the complementarity de-
termining region 3 (CDR3) [12, 38]. The CDR3 has thus served for a long time as a
natural identifier of lymphocyte clonality: B and T cells with an identical CDR3 are
classified as belonging to the same clone. Upon antigen challenge, B cells are activated

and undergo clonal selection and expansion forming a clonal lineage [39].

Immune repertoires are an important target of immunological and clinical research
because they harbor information on both past and ongoing immune responses [4]. HT'S

now enables the quantitative analysis of these highly diverse immune repertoires at
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an unprecedented depth [28, 27, 26] and has already shown tremendous promise for
investigating immune repertoire changes during chronic viral infections (e.g., HIV-1)
[40-42], autoimmune diseases [43-46], and with aging [47, 48]. Continuous advances
in sequencing technology have sparked the development of numerous bioinformatic
and statistical methods which aim to maximize information extraction from immune
repertoire HTS data. We review the current literature on bioinformatic and statistical
analysis of immune repertoires. Specifically, we discuss steps of the HT'S (bioinfor-
matic) workflow which can influence the biological conclusiveness of a study, such
as representative repertoire sampling, data error correction, and sequence germline
annotation, as well as statistical approaches for estimating diversity and visualization

of repertoire selection, architecture, and evolution.

2.3 Sampling and sequencing depth: How deep is
deep enough?

While HTS provides a tremendous amount of depth for analyzing immune repertoires,
biologically meaningful information on repertoire diversity is substantially dependent
on the comprehensive sampling of the cell population studied (biological sampling,
Fig. 2.1 A, see Glossary 2.8, [24]) and on the comprehensive read coverage of DNA
or RNA molecules encoding BCRs and TCRs (technological sampling, Fig. 2.1 A).
The choices of the organism and cell population are key to achieving optimal repertoire
coverage; in humans, the most common source for lymphocytes is the peripheral blood
compartment, which contains only 2.5% (~ 10° B or T cells) of the estimated total
number of cells (& 10') [49-52]. In mice the coverage of immune repertoires is less
problematic because all lymphoid organs are readily accessible, and the number of
lymphocytes (~ 10® B or T cells [53]) lies significantly closer to the current state of
the art in sequencing depth (10* and 107 sequencing reads per sample [46, 54]).

The consequences of insufficient biological sampling have been investigated previ-
ously by Warren and colleagues [55]: they showed that distinct 20 mL blood samples
from the same individual captured only a portion of the TCR peripheral blood reper-
toire (biological undersampling). Furthermore, technological undersampling has been
shown to compromise the detection of ‘public’ clones (clones shared across individuals),
which are a common target in immune repertoire studies [56, 57]. In fact, several

studies indicated that there was a positive correlation between sequencing depth and
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the number of public clones detected [43, 58, 59]. Thus, the biological conclusiveness
of a study benefits from the implementation of biological replicates (test for bio-
logical undersampling [55, 60, 61]) (Fig. 2.1 A) and technical replicates (test for
technological undersampling [18, 62, 15, 19]) (Fig. 2.1 A), which may be performed
once for each cell population analyzed. It is important to note that biological under-
sampling can only be meaningfully addressed if sufficient technological sampling has
been established [18]. Furthermore, species accumulation and rarefaction analyses

may be performed to quantity the extent of (under)samplin 1g. 2. .
y be perfi d to q ify th f( d ) pli g[58, 18, 15, 63] (F'g 21A)

Because the size of the cellular compartments studied differs widely by research
question, universal guidelines for ensuring comprehensive sampling are challenging
to implement. Nevertheless, two general rules to consider are: (i) the number of
sequencing reads should at least exceed the clonal diversity of the sample if complete
read coverage is unattainable, and (ii) the lower the frequency of a clone, the higher the
sequencing depth must be for its accurate capture [62]. While knowing the exact clonal
diversity of a lymphocyte population before HTS is not possible, basic knowledge of
cell numbers and clonal frequency distributions, as well as mathematical modeling [62],
facilitate the estimation of the required sequencing depth. For example, antigen-specific
or clonally expanded populations (e.g., memory B and T cells, plasma cells) [62] will
have a clone-to-cell ratio that is well below 1 [44, 18, 64-67], and thus less sequencing
reads would be required to obtain a good snapshot of the clonal diversity. By contrast,
clonal frequency distributions of naive B and T cells have been shown to be more
uniform [44, 64-68] (i.e., higher clone-to-cell ratios than clonally expanded populations),
requiring a substantially higher number of reads for clonal diversity description. In
the future, as sequencing depth continues to increase, repertoire coverage may become

more comprehensive.

2.4 Bioinformatics tools for preprocessing of im-

mune repertoire data

2.4.1 Combining experimental and computational approaches

for error correction of immune repertoire HTS data

Regardless of the sequencing platform, HTS has not yet reached the level of accuracy

of Sanger sequencing because it suffers from errors introduced during library ampli-



2.4 Bioinformatics tools for preprocessing of immune repertoire data 17

Experimental design for comprehensive sampling Computational methods to assess sampling
Biological sampling Biological and technical replicates
Cellular compartment Sample Replicate 1 Replicate 2
increased
coverage
advised
Species accumulation curve
100 A sufficient coverage
Technological sampling g _____
-5 -
Number of molecules Number of reads S5 L. )
jo 0] I coverage advised
L5 ‘
R\ So
~—"~~—"—_
=== g2 o
oo 0 100
Percentage of cells/reads
Experimental methods for error correction Computational methods for error correction
M<.>Iecu.lar barcodmg High-throughput sequencing Clonotype abundance-based fiItering
using unique molecular
identifiers (UMI) ' Read count
—— :,100 _1I
—_— |80 m—
o 10—
UMI introduction during reverse transcription : 0 E——— :
I — 1 1
_______ —_— —
< Consensus read construction - i— —: - —g 777777777777777 :, -
—— I
€-----=- — R EEEEE R a4
Correction of PCR and 1
sequencing errors
Replicate sequencing Clonotyping
Technical replicates enable the establishment of a reliable detection threshold 06 I
e " T E—
r5% A%  — ? —— E— 100 e————————
! 2% E———— 1.8% ——— ! 6
D 15% e— 1.3% m— ———————— 2 T — —>» 9
: 0.9% S ——— 1.0% ——— : T — 3
| 0.8% e— 0.9% e ————— 1 ——— —
1 0.5% m— 0.6% —— 1 2 I
————————————————————————————————— 4 e w
0.15% 0.1% 1

Fig. 2.1 Experimental and computational design. Considerations for the FEx-
perimental and Computational Design of an Immune Repertoire Study. (A) To
comprehensively describe the population of interest, both biological and technological
sampling deserve consideration. Reliable biological sampling ensures that the sampled
population represents the diversity of the cellular compartment being investigated.
For reliable HTS data it is equally important to calculate more reads than clones,
or, if quantifiable, input molecules (DNA/RNA); this is referred to as technological
sampling. The sufficiency of both biological and technological sampling can be assessed
by clonal overlap analysis (e.g., Venn diagrams). Another typical means to assess
sufficient sampling is by species accumulation /rarefaction curves; a curve that levels
off indicates complete clonal coverage, and incomplete coverage is revealed by a curve
with a positive slope (more cells/reads would reveal more unseen clones

~—



18 Bioinformatic and statistical analysis of adaptive immune repertoires

Fig. 2.1 (B) There exist different methods to account and correct for errors introduced
by PCR and sequencing. Experimental methods comprise the addition of unique
molecular identifiers (UMIs), which allow the construction of consensus reads. Replicate
sequencing can be used to determine reliable detection cutoff. Errors can also be
corrected computationally by heuristic abundance-based filtering of clones present
with only a few reads or by clustering similar sequences based on a defined similarity
threshold (clonotyping).

fication (experimental) or sequencing (HTS, bridge amplification, platform-specific)
[69]. Therefore, both experimental and computational strategies have been devised
to attenuate the impact of errors on biological conclusions. A shared principle of all
error-correction approaches listed below is that they rely (either explicitly or implicitly)
on high read numbers. Thus, high sequencing depth not only ensures comprehensive

sampling but can also increase the accuracy of repertoire measurements.

It is a well-known statistical principle that a given entity converges to its true
(‘expected’) value (law of large numbers) if sampled sufficiently often. This principle is
leveraged by an error- correction approach that is based on unique molecular identifiers
[UMIs, also referred to as unique identifiers (UIDs) or barcodes] (Figure 1B), which
are degenerate nucleotide sequences of high diversity that uniquely tag each DNA
or RNA molecule [60, 70-72]. Leveraging dedicated bioinformatic pipelines [71, 73],
UMI methods in immune repertoire sequencing have been shown to achieve up to
a 100-fold error reduction [60, 71|, thus considerably reducing artificial repertoire
diversity [74]. However, a study by Shugay and colleagues indicated that increased
RNA input (increasing from ng to mg) required a considerable increase in sequencing
depth (10° to 107 sequencing reads) and a switch in sequencing platform (Illumina
MiSeq to HiSeq) to ensure consensus read construction (presence of multiple sequencing
reads with identical UMIs) [71]. Therefore, to effectively use UMI approaches for error
correction, technological over-sampling is needed, which may not always be feasible
for highly-diverse and large cell populations (i.e., naive B and T cells). In addition to
error correction, UMI methods have also been applied to the problem of pairing TCR
/ and TCR b chains [75], and BCR heavy and light chains [76].

Another approach to experimental error correction is the use of technical replicates
which can be used to establish reliable clonal detection cutoffs [61, 18, 19] (Fig. 2.1
B). While these cutoffs exploit the multiplicity of reads per clone as detection confidence

[55], it has been indicated that hotspot PCR or sequencing errors are reproducible
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across technical replicates [71]. In these situations, the only approach for error correc-
tion would be UMI-based [71]. However, it should be noted that UMI-based approaches
can still benefit by using technical replicates to establish sensitivity thresholds of error
correction [77, 78].

There is a vast array of approaches that could be considered as computational error
correction. The simplest would be filtering HT'S datasets (before any V(D)J annotation,
Fig. 2.3) for low-quality reads (e.g., Phred score) using dedicated software packages
such as pRESTO or FastQC [73, 79]. Subsequently, several studies have employed
heuristic clonal abundance cutoffs (e.g., removal of clones with only 1-5 reads, Fig. 2.1
B) [60, 61, 18, 66] to decrease artificial diversity. Warren and colleagues showed that
abundance filtering is superior to strict quality filtering in decreasing artificial diversity
[55]. Furthermore, Bolotin and colleagues demonstrated that aggressive quality filtering
can even lead to loss of a significant portion of the data [80]. In fact, lower-quality
reads may be recovered from paired-end sequencing [81] (the inherently lower-quality 30
ends of sequencing reads gain in confidence via an overlapping region in both forward
and reverse reads) or by merging lower-quality reads with reads of higher quality
and identical or very similar clonal identifiers (clonotyping, see below and Fig. 2.1 B)
(71, 80, 17, 82]. This ensures error correction and maximal data preservation while
removing artificial diversity. Overall, however, it should be noted that clear guidelines
for quality and abundance filtering do not yet exist [83, 84].

2.4.2 Clonotyping: Defining clonality from error-prone high-
throughput sequencing data

The investigation of the complexity of lymphocyte clonality in health and disease
represents the core purpose of the majority of analytical approaches (Fig. 2.2). While
the definition of clonality in a biological sense is widely accepted (all lymphocytes
having the same BCR or TCR belong to the same clone, see above), its translation to

HTS data is challenging owing to the influence of PCR and sequencing errors, and of

SHM.

A common approach is to cluster sequencing reads with high CDR3 homology
(measured by edit string distance) as well as identical CDR3 length and V/J gene

usage, and to refer to these as ‘clonotypes’ [39, 85]. Using publicly-available resources
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Fig. 2.2 Statistical analysis and visualization of high-throughput immune
repertoires. The complexity of immune repertoire data necessitates sequence-
dependent and sequence-derived analysis. Statistical analyses rely predominantly
on clonotyped data and are therefore preceded by a workflow composed of raw data
preprocessing (read filtering, error correction), germline annotation (Tab. 2.2), and
clonotyping. Sequence-dependent approaches (i) visualize convergence of repertoires by
quantifying clonal overlap (Venn diagrams; overlap indices such as Morisita—Horn, not
shown); (ii) display the clonal architecture of repertoires (networks) highlighting denser
(clonal expansion) or sparser regions of the repertoire (each vertex is a clone, the size of
each vertex is proportional to its abundance, red color highlights selected clones); (iii)
reveal dynamics of clones (Circos graphs) shared across samples (sections) by visualizing
their change in frequency (bars); or (iv) retrace clonal evolution (phylogenetic trees)
helping for instance the visualization of the phylogenetic relation of different clonal
lineages (color-coded).
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Fig. 2.2 Sequence-derived approaches consist mainly of (v) diversity (D) profiles (Box
1), which enable the comparison of repertoire diversity and clonal expansion (each line
represents the diversity profile of one repertoire, that in purple being more clonally
expanded). Legend: each color represents one clone.

[71, 17, 86-89]and in-house developed software [90, 91], clustering by CDR3 homol-
ogy at the nucleotide level has been performed in the following ways: (i) inferring
unmutated common ancestors [92, 93|; (ii) absolute edit distance cutoffs in hierarchical
clustering linkage trees [93], allowing a range of mismatches (one [80, 94, 95], three [96]
[71], or five [40]) in sequences within one clonotype; or (iii) clustering by using relative
thresholds (90% [90, 97], 95% [98], 97.25% [42], 100% [67] [41]). At the amino acid
level, clonotypes have been built based on 80-100% CDR3 homology [43, 18, 19, 99, 100].

Clonotyping reduces the influence of PCR and sequencing errors on clonal diversity
estimations but also, in the case of B cells, serves to group clones that belong to
the same clonal lineage. A robust clonotype definition is, therefore, a defining step
in every immune repertoire HT'S study because it has a large impact on biological
conclusions drawn (especially in diversity analyses, Fig. 2.2). Tipton et al. recently
defined clonotypes by experimental validation as sequences with CDR3 (hamming)

nucleotide identity of >85% using replicate sequencing [44].

2.4.3 Annotation of immune repertoire data

Raw sequencing reads require annotation for downstream statistical analysis (Fig. 2.2).
Annotation tools vary widely with regard to the extent of output information, which
can range from the sole identification of the CDR3 to comprehensive information (e.g.,
germline gene usage, framework regions, CDRs, and the extent of SHM, Fig. 2.3). While
annotation speeds differ across several orders of magnitude (minutes to potentially
days, Fig. 2.3), IMGT (International Immunogenetics Information System) has become
the germline and numbering scheme database of choice for the main annotation
platforms (Fig. 2.3). Because annotation accuracy can vary widely across different
platforms [17], the use of simulated V(D)J repertoires [17, 101] may now offer the

potential to help standardize annotation algorithms.

One limitation of germline reference databases is their inherent incompleteness:

recent studies have highlighted the uncertainty regarding the extent of germline poly-
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Fig. 2.3 Characterization of the main annotation platforms.
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morphism in humans [102] and even among widely utilized mouse strains with defined
genetic backgrounds (e.g., BALB/c, C57BL/6) [16].

2.5 Immune repertoire analysis and visualization

2.5.1 Methods for quantifying clonal convergent selection, dy-

namics, architecture, and evolution

The use of Venn diagrams is a classic approach to studying convergence (or overlap) of
repertoires (e.g., quantification of shared antigen-specific [54, 66, 103] or evolutionarily
conserved public clones [59]) (Fig. 2.2). While Venn diagrams merely quantify the clonal
sequence overlap, the Morisita—Horn index [104] (and other overlap indices [105])
quantifies the convergence of both clonal sequences and respective abundance across
samples. The use of Circos graphs represents a recent advance in the visualization
of overlap from complex large datasets [106]; for example, these plots have been used
for studying the dynamics of B cell clonal expansion after influenza vaccination [54],
and visualized the contribution of specific subsets of naive B cells to the compartment
of antibody-secreting cells in autoimmune disease patients [44]. Unfortunately, Venn
diagrams and Circos plots do not scale well with increasing numbers of samples, thus
rendering the visualization of the clonal overlap of more than 10 datasets virtually

impossible.

Although clonotyping and clonal lineage reconstruction are widespread in the
literature, the quantification of overlap of entire clonotypes/clonal lineages across
samples remains an unresolved issue of great importance. This is due to mathematical
challenges in determining the overlap of sets (repertoire of clonotypes, clonal lineages),
which are themselves composed of sets (sequences within clonotypes, clonal lineages).
This problem has been partly circumvented by considering either core clonotypes
(most-reliable and abundant sequences within clonotypes) [80] or by considering partial

overlap of clonal lineage members [54].

Large-scale connectivity analysis between and within repertoires on both non-
temporal and temporal scales has been attempted using network [94, 95, 107] and
phylogenetic analyses [42, 44, 108] (Fig. 2.2). Network analysis was used for the visual-

ization of differences in repertoire architecture of individuals of differential immunolog-
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ical status (e.g., healthy and cancer or HIV-attained individuals) by highlighting dense
(highly connected clonally expanded clones) and sparse repertoire regions [64, 94, 95]
(Fig. 2.2). These networks are usually constructed by drawing edges between clones
(termed vertices or nodes) which differ by a given number of amino acid/nucleotide
changes. The size of the vertices may be drawn relative to the abundance of a clone
within the repertoire. This strategy enables one to relate clonal sequence architecture
to clonal frequency distributions, thus further highlighting regions of the repertoire
that have undergone potential disease-specific clonal expansions (Fig. 2.2). Immune
repertoire networks have been visualized through the use of software packages such as
igraph [94, 95, 107] and Gephi [64, 109].

In contrast to networks, phylogenetic analysis allows the reconstruction of clonal
lineage evolution [42, 44, 108, 110] (Fig. 2.2). They have recently been applied for
tracing a lineage of HIV-1 broadly-neutralizing antibodies over the timecourse of 15
years [42]. In addition, phylogenetic clustering was used to determine the pairing of
antibody heavy and light chains from HIV-1 repertoires to discover novel neutralizing
antibody variants [91]. The foundation of all phylogenetic tree construction algorithms
represents a sequence alignment, which is fed into phylogeny (clonal tree) inferral
algorithms such as IgTree [44, 108] or Phylip, the latter of which had been originally
developed for applications in ecology and macroevolution [111-113]. Visualization of
trees is often performed using Dendroscope [42, 114]. To date, neither network nor
phylogenetic methods are well adapted to the complexity of immune repertoire HTS

data, and additional work will be necessary to fully exploit these analytical techniques.

2.5.2 Methods for quantification of clonal Diversity, clonal

expansion, and SHM

Recent studies suggest that, in general, lymphocyte repertoires are quasi-distinct in
clonal composition (see discussion of this phenomenon and associated references in
Greiff et al. [68]). This restricts sequence-dependent comparisons of immune repertoires
across individuals to the comparably small number of public clones, thus disregarding
the wealth of information present in entire immune repertoires. However, the com-
parisons of sequence-derived characteristics, such as diversity, clonal expansion, and

SHM count, can be performed at the whole-repertoire level, thereby complementing
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sequence-dependent analyses [68].

The quantification of clonal expansion and repertoire diversity (Box 1) represents
a major goal in HTS repertoire studies because it yields information on the current
immunological status of a host [54, 68, 94, 115], which is particularly important for
disease and vaccine profiling. The mathematical foundations of biological diversity
assessment were developed decades ago for ecological research [116]. Several dedicated

R packages already exist for diversity index calculations [117-120].

Box 1. Repertoire Diversity Analysis
The diversity (*D) of a repertoire of S clones is usually calculated as follows (Hill
diversity, [121])

11—«

“D = (z ) (21)

fi is the frequency of the ith clone weighted by the parameter . Special cases of this
Diversity function correspond to popular diversity indices in the immune repertoire
field: species richness (a = 0), the exponential Shannon-Weiner (o — 1), the inverse
of the Simpson index (o« — 2), and the Berger—Parker index (o — ). The higher
the value of «, the higher becomes the influence of the higher-abundance clones on
the diversity. Owing to the mathematical properties of the diversity function (Schur
concavity [122]), two repertoires may yield qualitatively different ®D values depending
on the diversity index used (see Figure 1 in Greiff et al. [68]). Diversity profiles,
which are vectors of several diversity indices, have, therefore, been suggested to be
superior to single diversity indices [68] and are increasingly used in repertoire analyses
(68, 118, 123]. Fig. 2.2 shows two diversity profiles of two immune repertoires of
differential clonal expansion. Of note, Chao et al. published recently a rarefaction
framework for the Hill diversity formula [124], and this will enable the estimation of
diversity profiles in the case of undersampled data.

To quantify clonal expansion, diversity can be divided into evenness % and species
richness °D [68, 125]. Evenness ranges between 1 (uniform clonal population, every

clone occurring in the frequency of % and ~ %), in which case one clone completely

dominates the immune repertoire.

Diversity indices are highly dependent on comprehensive and accurate sequencing
[105]. While error correction approaches function to limit overestimation of reper-

toire diversity (see above), comprehensive sampling of repertoires is challenging to
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achieve owing to their heavy-tailed clonal frequency distributions — that is, few highly-
abundant clones and many low-abundance clones [68, 126-128]. The precision of
diversity calculation in case of insufficient sampling can be increased using diversity in-
dex estimators [105, 124, 129]. Furthermore, Laydon and colleagues recently published
a novel rarefaction-based method for estimating total repertoire size [129, 130], which

offers advantages to commonly used estimators of species richness such as [124, 130]
and Good-Turing [105, 131].

Adding to the problems in repertoire diversity analysis, it has been found that
single diversity indices might lead to contradicting qualitative outcomes depending on
the diversity measure used ([122] and Box 1). This could yield qualitatively different
conclusions regarding the clonal expansion status of a given repertoire [68], and would
be especially problematic in the example of clinical lymphoma and immune disorder
monitoring [68, 94, 132, 133]. Several groups [102, 123] including ourselves [68] have
recently published a potential solution to this problem in the form of diversity profiles
(Box 1).

While diversity profiles are suitable for comparative analyses of clonal diversity
and expansion, estimates of total repertoire size remain an unresolved issue. However,
estimates of total repertoire size remain an unresolved issue [55, 130, 134]. Reasons for
this are: (i) so far it has remained a challenge to cover immune repertoires in their
entirety (except for smaller ones such as that of zebrafish [15]); (ii) the discrimination
between rare clones and sequencing errors remains a challenge [55]; and (iii) the absence
of a validated framework for the diversity profile estimation of undersampled immune

repertoire data (Box 1).

SHM is a defining step of clonal selection and expansion during the generation of
the B cell response [11]. Annotation methods in Fig. 2.3 determine SHM counts inde-
pendently of clonal-relatedness by alignment with germline reference databases, while
other approaches assess SHM phylogenetically [108]. For fundamental immunology,
the elucidation of SHM patterns is of high importance for the understanding of how
activation-induced deaminase (AID) targets V(D)J regions [135] . In HIV, high SHM
counts are a hallmark of HIV-specific broadly neutralizing antibodies [136], an out-
standing feature that could be exploited for discovery of novel therapeutic candidates.
The inability, however, to unequivocally separate SHM from PCR and sequencing

error [39], as well as the incompleteness of reference germline databases [102], remain
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fundamental problems in obtaining true absolute SHM counts. Therefore, perform-
ing relative SHM analyses, which quantify the differences of SHM counts between
cell populations of interest, together with appropriate controls (e.g., naive B cells, or

synthetic spike-ins), may be preferable to interpretations based on absolute SHM counts.

2.6 Concluding remarks

The increased application of immune repertoire HTS to research in immunodiagnos-
tics [68, 137], immune response profiling [54, 110, 138, 139], antibody engineering
[42, 140, 141], and lymphocyte development [142; 143] continues to expand the rapidly
developing field of systems immunology. However, a lack of standardization in bioinfor-
matic and statistical analysis renders the comparison of results across studies challenging.
The sensitivity of immune repertoire data analyses would dramatically benefit from
the establishment of standards for HT'S data pre-processing (e.g., quality filtering,
clonotype definition, etc.). Moreover, further development of visualization methods
for these high-dimensional, highly diverse, and interconnected data will improve the

knowledge gained from immune repertoires (see Outstanding Questions).

Systems immunology-driven studies hold the promise of resolving some longstanding
questions in adaptive immunity: (i) what principles drive immune repertoire construc-
tion; (ii) what is the size and extent of variation of the expressed immune repertoire;
and (iii) are immune repertoires complete in the sense that they could recognize
any antigen [134, 144]? Answering these questions will require detailed knowledge
of interindividual germline variance [102], statistical models of repertoire generation
[145-148], and continuous technological advances in DNA sequencing technology and

computational biology.

2.7 Outstanding questions

« How to standardize HTS and the analysis of immune repertoires? An experi-
mental framework mimicking the large diversity of immune repertoires for the
unbiased validation of HTS library preparation methods (PCR, primer bias,
and error correction) is missing. Similarly, a standardized repertoire simulation

framework for validating bioinformatics processing and analysis pipelines remains
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to be developed.

e How to visualize the connectivity of immune repertoires? Network and phy-
logenetic analyses are currently visually and computationally unsuitable for
large datasets (>10 000 sequences; one small HTS dataset usually has >100
000 sequences). In addition, both phylogenetic and network results can vary
substantially in the parameter values used (clonotyping parameters, alignment

method, molecular clock model, substitution model).

« How to analyze antibody repertoire evolution across time-course (longitudinal)
samples? The establishment of a mathematical framework for clonotype/lineage
overlap and phylodynamic network analyses on complex datasets will be necessary

to investigate antibody (immune) repertoire evolution on a large scale.

2.8 Glossary

Biological replicates: HTS of different samples of the same underlying cell popu-
lation (e.g., partitioning of PBMC, peripheral blood mononuclear cells). Biological

replicates are used to assess biological sampling.

Biological sampling: the cell population sampled must be an approximate repre-
sentation of the cellular compartment being investigated to allow meaningful conclusions

to be drawn from the data.

Circos graph: a circular layout plot for the visualization of quantitative and
qualitative relationships in complex and large datasets. In immune repertoire HTS
data, it is used mainly to visualize frequencies of overlapping clones across timeresolved

longitudinal data.

Clonal frequency distribution: for a given immune repertoire, the clonal fre-
quency distribution describes the distribution of the number of sequencing reads (read
abundance) that are allocated to each clonotype (commonly referred to as ‘clone size’).
The underlying power law of clonal frequency distributions is commonly visualized by

plotting the logarithm of clonotype frequency as a function of the logarithm of clonal
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rank.

Clustering of sequences: clustering is the process of grouping a set of similar
sequences (nt/aa sequences defined as strings of characters) in the same group based on
a given sequence identity threshold. Hierarchical clustering is a connectivity algorithm

that forms clusters of sequences based on their string distance.

Morisita—Horn overlap index: this is used to compare species (e.g., clone,
germline genes) sequence and abundance overlap between any two immune repertoires.
It is defined as

_ 250 iy

where S is the number of unique species, and x and y denote the frequency of the

MH

(2.2)

ith species in either repertoire. The MH index ranges between 0 (no overlap) and 1

(complete species overlap and identical species frequencies).

Network: a network is a measurable pattern of relations among subunits. It

represents a graph composed of a set of objects (vertices, nodes) and links (edges).

Numbering schemes: complementarity determining regions and framework re-
gions are identified as amino acid strings by different numbering schemes (i.e., IMGT,
Kabat, Clothia). Numbering schemes define the start and ending positions of BCR
and TCR regions.

Phred score (Q): a measure for quality base calling. It is defined as P = —logyo P,
where P is the base-calling error probability. For example, if () = 30 for a given base,
the probability that the base was called incorrectly is P = 103.

R package: R is a statistical programming environment, and its package system

enables the flexible and constant addition of newly developed statistical approaches.

Reliable clonal detection cutoff: clones in datasets of technical replicates are
ranked in decreasing order of frequency and tested for simultaneous presence in all

replicates to construct a list of reliably detected clones, which together are at least
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for example 90% (cutoff) present in all replicates. The reliable detection cutoff is
valid for all HTS datasets prepared with experimental conditions identical to those of
the technical replicates. Importantly, the meaningful application of reliable detection

cutoffs depends on (near)-complete sample coverage.

Species accumulation and rarefaction analysis: species accumulation curves
display the rate at which new clones are discovered with increasing number of sequenc-
ing reads. By contrast, rarefaction curves are used to estimate the number of clones at

a particular level of sampling.

String distance: measures dissimilarity between any two sequences (e.g., germline
reference sequence and sequencing reads for V(D)J annotation or two CDR3s for
clonotyping) by counting the minimum number of operations required to transform
one string into the other. Levenshtein or edit distance accounts for insertions, deletions

and substitutions.

Technical replicates: replicate sequencing of the same immune repertoire library.
A strict definition would be the resequencing of the same library, whereas a more
lenient definition would consider also molecular replicates (separate library preparation
of the same genetic material) adequate provided that biological replicates have been
performed to exclude biological undersampling. Technical replicates are used to assess

technological sampling.

Technological sampling: ensuring that the number of sequencing reads exceeds

the molecular diversity, or at least, the clonal diversity of the underlying sample.

Unique molecular identifiers (UMIs): pseudo-random sequences of several
degenerate nucleotides (usually 8-12), which are added during library preparation by
reverse transcription or ligation. Sequencing reads with identical UMIs are merged
(consensus read construction) thus increasing the confidence in each base call, and

consequently reducing the extent of PCR and sequencing error.



Chapter 3

The fundamental principles of

antibody repertoire architecture

The antibody repertoire is a vast and diverse collection of B-cell receptors and antibodies
that confer protection against a plethora of pathogens. The architecture of the antibody
repertoire, defined by the network similarity landscape of its sequences, is unknown.
Here, we established a novel high-performance computing platform to construct large-
scale networks from high-throughput sequencing data (>100,000 unique antibodies),
in order to uncover the architecture of antibody repertoires. We identified three
fundamental principles of antibody repertoire architecture across B-cell development:
reproducibility, robustness and redundancy. Reproducibility of network structure
explains clonal expansion and selection. Robustness ensures a functional immune
response even under extensive loss of clones (50%). Redundancy in mutational pathways
suggests that there is a pre-programmed evolvability in antibody repertoires. Our
analysis provides guidelines for a quantitative network analysis of antibody repertoires,
setting the stage for the field of network systems immunology, and may direct the

construction of synthetic repertoires for biomedical applications.

3.1 Introduction

The high diversity of antibody repertoires enables broad and protective humoral im-
munity, thus understanding their system sequence-related properties is essential to the
development of therapeutics and vaccines [149, 150]. The source of antibody diversity
has long been identified to be the V-, (D- in the heavy chains) and J-gene somatic
recombination [10]. Further additions and deletions of nucleotides at the junctions

of the gene segments generate a large collection of antibodies and B-cell receptors,
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which is called the antibody repertoire [4, 15]. Antibody identity (clonality) and
antigen specificity are primarily encoded in a portion of the variable heavy chain, at its
junctional site of recombination, by the highly diverse complementarity determining
region 3 (CDR3) [11]. Therefore, the similarity landscape of CDR3 sequences con-
stitutes the clonal architecture of an antibody repertoire, which reflects the breadth
of antigen-binding and correlates to humoral immune protection and function. How-
ever, the fundamental principles that govern antibody repertoire architecture have

remained unknown, thereby hindering a profound understanding of the immune system.

Recently, different aspects of network analysis have been employed to investigate
antibody repertoires in health and disease. Antibody repertoire networks represent
CDRS3 sequence-nodes connected by similarity-edges [94, 151, 152, 95, 64]. Sequence-
based networks have first been used to show immune responses defined by similarity
between clones, a proxy for clonal expansion [151]. Network connectivity was later also
used to discriminate between diverse repertoires of healthy individuals and clonally
expanded repertoires from individuals with diseases like chronic lymphocytic leukemia
[94] and HIV-1 infection [95]. A predominant part of network analysis has involved
visualization of clusters and the display of clonal composition [94, 151, 152, 95, 64]. Yet,
visualization does not provide quantitative insights into the architecture of antibody
repertoires and is limited to the informative graphical display of a few hundred nodal
clones. It has been shown that the natural antibody repertoire exceeds the informative
visualization threshold by at least three orders of magnitude [37, 153], a limit that
previous research did not explore given the lower biological coverage (10%-—10% unique
clones analyzed). Consequently, computational methods for constructing large-scale
networks with more than 10® nodes have remained underdeveloped in systems im-
munology [30]. Furthermore, only networks expressing clonal similarity relations of 1
nucleotide (nt) or a.a. between sequences have been analyzed so far. Thus, the lack of
quantitative investigation of an (exceedingly) small subset of the antibody repertoire,
with respect to clone numbers and network size, has limited the biological insight into

the repertoire architecture.

To reveal the fundamental principles of antibody repertoire architecture, we im-
plemented a large-scale network analysis platform coupled to high-coverage antibody
repertoire high-throughput sequencing data to answer the following questions: (i) Does
sequence similarity among clones show reproducible signatures across individuals?

(ii) How robust are antibody repertoires to removal of a fraction of clones, given
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their kinetics and rapid turnover? (iii) To what extent is the repertoire architecture

intrinsically redundant? (See Fig. 3.1).

3.2 A high-performance computing platform for the
generation and analysis of large-scale antibody
repertoire networks from high-throughput se-

quencing data

The global landscape of clonal similarities is vast and complex; for example, the size of
the distance matrix of all-against-all sequences is 10 for a representative repertoire
of 10° clones (murine naive B cells). In order to extract the construction principles
of antibody repertoires from the high-dimensional similarity space, we developed a
large-scale network analysis approach, which was based on representing CDR3 clones
as sequence-nodes connected by similarity-edges. Specifically, we developed a compu-
tational platform that leverages the power of distributed cluster computing able to
compute the extremely large distance matrices required for entire repertoires (> 10°
CDR3, Fig. 3.2). Our implementation utilized the Apache Spark [154] distributed com-
puting framework to partition the work among a cluster of machines (Fig. 3.2 B). The
construction of large-scale networks is computationally demanding: the construction of
a large network from 1.6 million nodes (simulated sequences) required 15 minutes if
the calculation was performed simultaneously on 625 computational cores (Fig. 3.2
C). Importantly, computational costs could have been lowered by performing network
analysis on a subsample of the repertoire (e.g., 10%) similar to previous approaches
[94, 151, 152, 95, 64]. However, it has been previously demonstrated that sub-networks
are statistically not representative of entire networks and typical network quantities as
evidence by sampling-sensitive network measures such as degree distribution, between-
ness, assortativity and clustering [155, 156]. Thus, it was imperative to construct and
analyze large-scale networks based on a similarity distance matrix that covers the full

clonal diversity of biological repertoires.

Biological comprehensive sampling of antibody repertoires was ensured by the usage
of high-throughput RNA sequencing data (400 million full-length antibody sequence
reads) from murine B-cell populations, isolated at key stages in humoral development

[153]. Data was analyzed from pre-B cells (pBC), naive B cells (nBC) and memory
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Fig. 3.1 Large-scale network analysis reveals the architecture of antibody
repertoires and its three main principles.
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Fig. 3.1 (A) Large-scale networks (>500’000 nodes) of antibody repertoires were
constructed from the Levenshtein distance (LD, edit string distance) matrix of CDR3
clonal sequences (a.a) using a custom high-performance computing platform (see
Methods 3.8). Networks represent antibody repertoires of similar CDR3 nodes
connected by edges when amino acid CDR3 sequences differ by a predetermined LD.
All clones of a repertoire connected at a given LD form a similarity layer (LD,,). (B)
Deconvolution of the complexity of antibody repertoire architecture was performed
by quantifying (i) its reproducibility through global and clonal (local) properties, (ii)
robustness to clonal deletion and (iii) redundancy across its similarity layers in the
sequence space (Fig. 3.2).

plasma cells (PC) isolated from 19 mice, which were stratified into 1 unimmunized
and 3 immunized cohorts. The experimental design of the data allowed for the as-
sessment of antibody architecture across several important parameters: i) across key
stages of B-cell development, ii) before (pBC, nBC) and after antigen-driven clonal
selection and expansion (PC), (iii) differences in the complexity of the antigen (HBsAg,
OVA and NP-HEL), and (iv) across a scale of different repertoire sizes (102—10°
of unique CDR3 clones). The experimental data provided maximal technological
and high biological coverage [153] allowing to cover the clonal diversity of the anti-

body repertoires, and thus to capture their global similarity landscape and architecture.

For each sample (n=57, from 19 mice and 3 B-cell stages), antibody repertoire
architecture was based on the pairwise sequence similarity of all clones (Levenshtein
distance (LD) matrix, hereafter referred to as similarity layer, Fig. 3.1 A). When two
sequences were similar within a defined threshold, they were connected in the repertoire
network (i.e., similarities of 1 a.a. differences were captured in similarity layer 1 (LD;),

2 a.a. in LD and so on).

3.3 Global patterns of antibody repertoire networks

are reproducible

In order to quantify the extent to which architectural patterns are reproducible across
antibody repertoires, we analyzed the base similarity layer in antibody repertoires
(similarity layer LD;). The base layer of the network organization provides information

regarding the minimal differences (e.g., 1 a.a.) of all antibody sequences that compose
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Fig. 3.2 High-performance computing platform to construct and analyze
large-scale networks from entire antibody repertoires. (A) Data preprocessing,
network construction and model fits to degree distribution (see Methods 3.8, Degree
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are shown for the exemplary network. (B) Software schematics showing the distributed
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(C) Computation time to construct large-scale networks depends on the number of
CDR3 sequences and the number of cores used.
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the repertoire. Solely the base similarity layer, LD;, has previously been analyzed
to describe antibody repertoires as networks [94, 151, 152, 95, 64]. Although reper-
toires varied highly among mice (74-85% clonal variability, (Fig. 3.4 A), we found a
remarkable cross-mouse consistency in patterns of clonal interconnectedness (similarity
of antibody sequences) within each B-cell stage: the number of edges among clones
(Eppc = 230,395, Eype = 1,016,928, Epc = 45), the size of the largest component
(pBC=46%, nBC=58%, PC=10%, Fig. 3.3 A) and cluster composition (Fig. 3.4 B)
varied negligibly across mice (see Methods 3.8, Network analysis). Thus, although
sequences varied substantially between individuals, the overall structure of the network

remained similar.

However, along B-cell development, PC repertoires were five-fold more disconnected
than pBC and nBC networks (largest component pBC=46%, nBC=58%, PC=10%,
Fig. 3.3 A), and their centrality was concentrated on specific clones compared to the
homogeneously connected clones in pBC and nBC networks (centralization, zpc = 0.05,
density Dpc = 0.01, 2zppc, nBe~o0, Dppe, npe = 0, Fig. 3.4) C). Compared to pBC
networks, nBC were on average 4-5 times larger and showed a higher average degree
(kpc=3, knpo=s, kpc=1, Fig. 3.4 B) although both pre- and naive B-cell repertoires had
identical diameter (dppcnpc = 26, dpc = 6, Fig. 3.3 B), indicating a similar coverage
of the sequence space. We observed that clones in pBC and nBC repertoires connected
to comparable clones in terms of degree (assortativity [157? , 158], ropc = 0.48,
dupc = 0.41), while PC networks were consistently disassortative: their highly con-
nected clones were linked to clones with few connections (rpc = —0.09, Fig. 3.3 B).
The characterization of the global patterns of antibody repertoire networks indicated
that pBC, nBC and PC repertoires were reproducible. pBC and nBC clones cover a
larger diversity space than clones in PC repertoires, where sequence similarity showed

to be centralized and targeted towards certain clones.

3.4 Clonal features of antibody repertoire networks

are reproducible

Antibody repertoire architecture was also reproducible at the level of clonal (local)
features in pBC and nBC networks, which were characterized by a low variability
(coefficient of variation, C'V') across various clonal parameters. The low variability of
clonal parameters in pBC and nBC networks (C'V,pc = 2—28%, CVype = 1—24%) was



38 The fundamental principles of antibody repertoire architecture
A B C CV (%)
Nodes| |Edges[llLargest component 100
6 2 11 17 28 25 BC
= [Ts8% 30 26 26 0.610.48 ] M
10° T 8% o =041 "
= £0.4
a Q =
S. 5 20 i 5 1 13 17 23 24 nsc||
8 10 g £ 0.2 2
N a10 6|98 -0.09 x|
10% 0
10' < E 13 30 PC
u,.
Pre-B cell Naive B cell Plasma cell pBC nBC PC pBC nBC PC
Degree  Transitivity ~Authority ~Closeness Betweenness PageRank
D EI Pre-B cell — Naive B cell — Plasma cell EI Random E 5 Naive B cell F’_Iasma cell
S | 4g0s . ., {immunized)
—~100 am M= == —=g —m= == —mm ==z ——y —=n 0] e
> L : . 2| 107
~ N = 9 1072
% 75 LT =
c ; = 8 107°
[e] T & S
S %0 & & | 10~
— - ©
I 25 - 2|0
E - 5
P - = |LD=1
0 oo - g LD=3
1 =3 =6 =9 =12 5
Levenshtein distance (a.a.) Degree —— Exponential Power law Poisson
F Core (%) G H
OVA  HBsAg —_ L e
° - S
pBC nBC PC X . -
g ST
+0.01 2001  1.18 810 ¢ fF
o < -
S
(@] -
Ke]
5
D)2
o 0
AL .
Pre-B cell Naive B cell Plasma cell

Fig. 3.3 Global and clonal properties of antibody repertoire networks are
reproducible. (A) Network size of antibody repertoires. The y-axis indicates the
absolute number count of CDR3 nodes, CDR3 edges (similarities) and CDR3 clones in
the largest component. The mean percentage of the CDR3s belonging to the largest
component is shown on top of the largest component bar. (B) Global properties,
diameter and assortativity coefficient are shown for pre-B cells (pBC), naive B cells
(nBC) and plasma cells (PC). (C) The mean value of the coefficient of variation for
clonal properties in pBC, nBC and PC repertoires. Wilcoxon test, pypcnpc/pc < 0.05
(see Methods 3.8). (D) Percentage of clones connected to at least one other clone
in the repertoire at LDy, LD<, ..., LD<i1o in pre-B cells, naive B cells, plasma cells
and randomly constructed CDR3 strings. (E) The power-law (orange), exponential
(red) and Poisson (grey) distributions were fit to the cumulative degree distributions of
naive B cell and plasma cell (unimmunized) repertoires of a mouse for similarity layers
LD, 37 (log-log scale). Representative clusters are shown for LD;. (F) Percentage of
CDR3 clones (meants.e.m) that compose the maximal core. Subgraph of the maximal
k-core (red), and k-1 (black), k-2 (dark grey) and k-3 (light grey) cores in a pBC
sample. (G) Percentage overlap of CDR3 germline V-genes in the maximal core of
nBC repertoires. (H) Normalized neighborhood size for orders n=1-—10, 15, 20, 30, 40,
50 across CDR3 clones (similarity layer LD;). Barplots show meants.e.m. (Fig. 3.2).
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Fig. 3.4 Global and clonal (local) network parameters of antibody reper-
toires of pre-B cells (pBC), naive B cells (nBC) and plasma cells (PC).
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Fig. 3.4 (A) Percentage of public clones, shared CDR3 clones between mice in pre-B
cell (pBC), naive B cell (nBC) and plasma cell (PC) repertoires (mean4+s.e.m, mice
n=19). (B—C) Global properties: Cluster analysis shows the average normalized
cluster size and cluster number in the antibody repertoire networks. Average degree,
clustering coefficient, density and (degree) centralization characterize the networks at
the global level (mean+s.e.m, mice n=19). (D) Local properties: authority, PageRank,
eigenvector, closeness and betweenness describe each clone in the network. Average
values are shown for each B cell population, pre-B cells (pBC), naive B cells (nBC)
and plasma cells (PC). Barplots show mean+s.e.m, mice n=19. (E) Pairwise Pearson
correlation (r, mean+s.e.m) of CDR3 degree with CDR3 frequency in pre-B cells (pBC),
naive B cells (nBC) and plasma cells (PC) antibody repertoire networks. (F) Pairwise
Pearson correlation of local properties with CDR3 frequency (median, mice n=19). (G)
Pairwise Pearson correlation of local properties with germline V-gene frequency (mean,
mice n=19). (H) Pairwise Pearson correlation of CDR3 clonal (local) properties with
public (1) vs. non-public (0) CDR3 clones (mean, mice n=19). (I) Percentage of public
clones similar (connected) to at least one other public CDR3 clone sequence by cohort
(mean, mice n=19). (J) Coreness density distribution for the unimmunized cohort of
pre-B cells (pBC), naive B cells (nBC) and plasma cells (PC). The x-axis shows the
k-core (after removing sequentially shells of nodes of degree k-1). Line colors depict
different mice.

in contrast to the higher variability observed in PC repertoires (C'V,pc = 13 — 118%),
Fig. 3.3 C). Specifically, low variability across different individuals was observed in
several average clonal parameters such as degree, transitivity, authority and PageRank,
closeness and betweenness. Variation analysis of the similarity degree indicated that the
average number of similar clones to each of the clones in a repertoire varied marginally
in pBC and nBC (C'Vpcnpe = 5,6%). Transitivity showed that the similarity between
clones both similar to a third CDR3 clone varied only negligibly between individuals
(CVosense = 1,2%). Authority and PageRank showed that the centrality of a CDR3
in the repertoire topology varied respectively C'V,pcnpc = 11% and 25% across indi-
viduals, suggesting that individual repertoires were centered variably around certain
CDR3 clones which were centers of highly connected (similar) clonal regions compared

to less connected regions in the same repertoire network.

Closeness analysis revealed that an analogous number of similarity edges were
required to access every other CDR3 from a given CDR3 clone in antibody repertoire
networks of different individuals, as the similarity of a clone to every other CDR3 clone
in the repertoire varied by C'Vypcnpc = 17% . Betweenness, the “bridge” function of a

clone in sequence similarity, varied slightly across individuals with C'V,pcnpc = 28%,
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suggesting a comparable structure of the similarity route function of CDR3 sequences
in these repertoires. These characteristics reflect the transversal diversity of pBC and
nBC antibody repertoires where the clones cover a larger space and their similarity is

more homogenously distributed at the global repertoire level.

Although a higher variability was detected across PC repertoire networks (Fig. 3.3
C), clonal parameters were specific to B-cell stages (ppacnpc/pc < 0.05): PC clones
possessed higher centrality compared to pBC and nBC (closeness [159], eigenvector
[160], and PageRank [161]), while antigen-inexperienced clones bridged sequence simi-
larity (betweenness [162], Fig. 3.4 D). Furthermore, in contrast to pBC and nBC, PC
network clonal parameters correlated with CDR3 frequency (clonal degree median
TPearson = 0.5D, betweenness rpearson = 0.82) suggesting that clonally expanded CDR3
sequences were structural centers of similar clones (Fig. 3.3 E, F). CDR3 authority
correlated positively with germline V-gene frequency in PC clones (rpearson = 0.39),
denoting the potential role of the V-gene usage in the centralization of these networks
(Fig. 3.3 G). Thus, certain high frequency V-genes predispose clones to be highly

connected and similar to other clones.

3.5 The structure of antibody repertoires is repro-

ducible and depends on the immune status

Network analysis revealed that antibody repertoires were constricted along B-cell
development throughout all similarity layers. At LD, 44-62% of clones were similar
(connected) to at least one other clone in all B-cell stages, revealing a high degeneracy
in clonal generation and selection (Fig. 3.3 D), compared to nearly 0% of connections in
randomly generated CDR3 strings representative of an unbiased repertoire, simulating
an unbiased V(D)J recombination, with random deletions and insertions (see Methods
3.8). This indicated that around half of the antibodies in the repertoires had similar
clones, thus showing a constriction of the biological repertoire compared to its unbiased

random repertoire diversity.

In order to understand if such degeneracy in CDR3 sequence similarity translated
into reproducible repertoire network structures [160], we determined the clonal empir-
ical degree distribution. The degree distribution is a distinctive feature of different

types of networks and it provided an immediate indication of how similarities (degrees)
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between antibody sequences were distributed in repertoires. Analysis of the cumulative
degree distribution revealed that antigen-inexperienced pBC, nBC and unimmunized
PC repertoires were exponentially distributed (LD;), whereas PC repertoires of immu-
nized cohorts were power-law distributed (base similarity layer LDy, Fig. 3.3 E, Fig. 3.5
D, E, F, G). Clusters of connected CDR3 clones showed a typical tree-like structure
for pBC and nBC, and a star-like structure for PC. The structure of the network
suggested an extended and chain-wise sequence similarity of the antibody clones in pBC

and nBC repertoires and targeted expansion of certain clones in PC after immunization.

In order to prove the tree-/star-like hypothesis and further investigate the sequence
similarity space, we performed k-core (Barabdsi and Oltvai, 2004) decomposition
(Fig. 3.3 F, G, H) and neighborhood analysis. The k-core decomposition revealed that
the largest k-cores (after all external shells with k<ky,., were removed, where k is the
degree, i.e. number of similar clones, see Methods) of pBC and nBC (0.04% and 0.06%
of CDR3 clones in k-core, respectively) were 200-fold smaller than those of PC (8.2%,
Fig. 3.3 F). Antigen-inexperienced repertoires were characterized by larger coreness
values (>20), signifying a more layered structure of CDR3 similarity (Fig. 3.4 J, K)
and confirming their tree-like structure. Furthermore, the high convergence of V-genes
at the core-level of antibody repertoire networks (pBC=50%, nBC=70%, PC=1-10%,
Fig. 3.3 G), in contrast with the low exact CDR3 sequence core-overlap (Fig. 3.5 A, B,

C), suggested a genetically determined origin of the structure.

The average CDR3 neighborhood size, which designated the set of similar CDR3
clones along each sequential step of similarity from a certain clone (orders n=1-50),
was order-independent in PC and plateaued at 2% of the network, confirming that PC
clones were connected to one central clone in a star-like similarity structure, reflecting
clonal selection and expansion signatures. Neighborhood size [163], so the number of
similar clones to each clone, increased order-wise in antigen-inexperienced cells up to
34% (Fig. 3.3 H), signifying tree-like similarity structures that enable maximal explo-
ration of sequence space within the genetically predetermined repertoire constriction
space, suggesting that antibody repertoires are evolutionarily wired to respond to

diverse antigenic stimuli.
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Fig. 3.5 (A) Maximal core CDR3 clones overlap in pre-B cells (pBC), naive B cells
(nBC) and plasma cell (PC) repertoire networks. (B) Maximal core germline V-
genes overlap in pre-B cells and plasma cell. (C) Percentage of the largest cliques
(completely connected subgraph, mean+s.e.m, mice n=19) along B-cell development.
(D) Cumulative degree distributions (CDF). Each distribution line (different symbols)
depicts one similarity layer LD1-12. (E) p-values (mean+s.e.m) of the power-law fit for
each cohort. (F) One-sided and two-sided p-values (mean4s.e.m) for the discrimination
between the exponential (one-sided p-value=1, two-sided p-value=0) and the power-law
fits. (G) Graphics of power-law ( v = 2.2), exponential and random network models of
100 nodes. (H) Prediction accuracy (Q?, leave-one-out cross-validated R?, mean+s.e.m)
of selected distant similarity layers LDy 15 from LD;. (I) Prediction accuracy (Q?,
meants.e.m) of all similarity layers (LDy_15) from LD;.

3.6 Antibody repertoires are highly robust systems

We hypothesized that the reproducible architecture of antibody repertoires may have
evolved to be robust to fluctuations in clonal composition. It is known that antibody
repertoires are very dynamic systems characterized by a high turnover rate [164, 165,
110, 96]. Therefore, we investigated the robustness of antibody repertoire architecture
to clonal removal (deletion).

It is has been recently established that individual repertoires have public clones,
which are defined as identical clones present in multiple individuals [56]. While mostly
distinct, antibody repertoires possessed a fraction of public clones (15-26% along B-cell
development, Fig. 3.4 A). Given their regular presence, we determined if public clones
were essential to the maintenance of antibody repertoire architecture. We found that
the highest authority clones were public (Fig. 3.6 A) and up to 74% of private clones
(specific to an individual) were connected to at least one public clone (Fig. 3.3 I).
To quantify the extent to which public clones maintain the architecture of antibody
repertoires, we tested the effect of removing public clones on CDR3 degree distributions.
In pBC and nBC, removal of all public clones transformed their network structure from
exponential to power-law; in contrast, removal of public clones led to no change in PC
network structure, Figure 3B). To assess if such a structural shift was specifically due
to the deletion of public clones, we removed (repeatedly) random subsets of clones
representing a similar fraction of public clones. The structure of antibody repertoires
was robust along B-cell stages at up to 50% removal of random clones. The same
structural shift in repertoire structure caused by the deletion of public clones could
only be replicated by removing 90% of random clones (Fig. 3.6 C). Therefore, public

clones represent pillars that are critical for maintaining the architecture of an antibody
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repertoire, and the robustness of this architecture suggests a functional immunity is

preserved even after extensive (random) loss of antibody clones (or B cells).

3.7 Antibody repertoires are evolutionary redun-
dant

Redundancy is a hallmark of robust systems; for example, redundancy in genes with
the same function is the main mechanism of robustness against mutations in genetic
networks [166]. To investigate the extent of redundancy within antibody networks, we
examined whether their architecture at the base similarity layer (LD;) was manifested
in higher order similarity layers (LD>1). Differences greater than 1 a.a. between anti-
body sequences could represent the potential personal scenarios of antibody repertoire
evolution, a result of successful survival through selective processes. Specifically, if a
clone connected to many other clones in the L D; similarity layer mutates into a similar
clone at a specific a.a. position, this potential clone will be connected to many clones
in the LD, similarity layer. Thus, higher order similarity layers can serve as surrogates
for the evolution of potential antibody repertoires from antigen-inexperienced B-cell

populations.

To quantify the extent of redundancy across similarity layers, we calculated the
prediction accuracy of LD, versus similarity layers LDy 15 using a leave-one-out cross-
validation approach (Fig. 3.6 D, Fig. 3.5 H and I). Specifically, quantitative redundancy
was low in PC (LD; — LD, 3 prediction accuracy was 28% on average); however,
LD, of pBC and nBC predicted CDR3 degree profiles of proximal similarity layers
LDy 3 with 80% accuracy (Fig. 3.6 D and E), thereby indicating a high redundancy in
antibody repertoire architecture. This high redundancy is explained by the structure
of the antibody networks (Fig. 3.3 E-H). Although the distance between proximal
similarity layers (LD; to LD3) seems small (1 — 3 a.a. CDR3 sequence differences), it
represents ~ 20% of potential change in clonal a.a. sequence (99% of CDR3 clones
are 4-20 a.a. long), which is in the range of highly mutated antibodies (e.g., broadly
neutralizing HIV-specific [167]). Therefore, redundancy in the antigen-inexperienced
repertoire is maintained throughout a large sequence space and provides details on the

pre-programmed evolvability [168, 169] of antibody responses.
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Fig. 3.6 The architecture of antibody repertoires is robust and redundant.
(A) CDRS3 clones of an exemplary naive B-cell repertoire have been ordered from
increasing to decreasing frequency (CDR3 rank). Public clones are color-coded in
red. (B) Bootstrapped p-values of the power-law fit are shown for complete antibody
repertoires and after removing public clones. Power law is a good fit to degree
distributions for p-values above the dashed red line (p-value = 0.1). Examples of
exponential (red) and power-law (grey) networks are shown on the top panel. (C) CDR3
clones were removed randomly at 10%, 50% and 90% from each original repertoire (20
times) and the power-law distribution was fit to the cumulative degree distributions
of the remaining CDR3 clones. A p-value=0.1 is indicated as a red dashed line. In
PC samples a fit was not feasible after removal of 90% of CDR3 clones (NA). (D)
Heatmaps indicate the mean prediction accuracy (Q?, leave-one-out cross-validated
R?) of similarity layer LD1 versus similarity layers LDy 5. The scatterplot shows Q?
for LDy vs. LD, for each CDR3 clone. (E) Prediction accuracy (Q?) for LDy vs. LD,
and LD,. Barplots show mean+s.e.m.
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3.8 Methods

3.9 Dataset

The dataset analyzed was produced as described in Greiff et al. [1]. Briefly, murine
B-cell populations of pre-B cells (pBC, IgM, bone marrow), naive follicular B cells (nBC,
IgM, spleen), and memory plasma cells (PC, IgG, bone marrow) were sorted using
fluorescence-activated cell sorting (FACS) from C57BL/6J mice unimmunized (n=5) or
prime-boost immunized with alum-precipitated antigens: nitrophenylacetyl-conjugated
hen egg lysozyme (NP-HEL, n=5), ovalbumin (OVA, n=>5) or Hepatitis B virus surface
antigen (HBsAg, n=4). Following total RNA extraction, full-length antibody variable
heavy chain (VDJ) libraries were generated by a two-step PCR process, as described
previously [19]. Libraries were sequenced using the [llumina MiSeq (2x300bp) platform.
Mean Phred-scores of raw data were > 30. Approximate paired-end reads (full-length
VDJ) were: pBC 5 % 10° reads, nBC 10 x 10° reads and PC 4 x 10° reads.

3.10 Data preprocessing and CDRJ3 clonal analysis

Antibody sequences have been preprocessed and VDJ annotated with MiXCR [17] and
further filtered to retain only those sequences that had CDR3 length > 4 a.a. and
occurred more than once in each CDR3 repertoire data set (Fig. 3.2A). Clones were
defined by 100% a.a. sequence identity of CDR3 regions. CDR3 regions were defined
by MiXCR according to the nomenclature of the Immunogenetics Database (IMGT)
[170].

3.11 Network construction

To construct networks (graphs), a sparse triangle matrix of pairwise Levenshtein
distances (LD) between CDR3s must first be computed. For small samples (up to
100,000 unique CDR3 sequences) such a calculation is relatively quick on a single
computer. However, due to the N? complexity of required calculations, computing the
pairwise matrix for samples of >100,000 unique CDR3 sequences becomes prohibitively
expensive. To perform these computations, we developed software that utilizes the
Apache Spark (http://spark.apache.org/) distributed computing framework to parti-
tion the work among a cluster of many machines (Fig. 3.2B). We chose specifically

Apache Spark because i) its deployment is very flexible with regard to underlying


http://spark.apache.org/

48 The fundamental principles of antibody repertoire architecture

computing infrastructure and ii) for similarity layers LD>1, the networks become
extremely large and difficult to process. In these cases, our package can take advantage
of the Spark GraphFrames distributed graph library [171], which allows scaling to even
larger samples with millions of sequences (Fig. 3.2C). With this approach we were able
to compute the distance matrices for large samples (>100,000 unique CDR3 sequences)
within minutes (Fig. 3.2B,C).

In addition to the computational complexity inherent in creating the distance ma-
trix, the construction of networks for large LD is very computationally and time-wise
costly. We therefore avoided constructing networks altogether for calculating the node
degrees and instead used a map-reduce distributed algorithm. For practical purposes,
the construction of small networks was performed using the Networkx library [172].
For generating and outputting the largest graphs to disk in common network formats,
we used the efficient graph-tool library (https://graph-tool.skewed.de/ [173]). For
manipulating and analyzing the largest networks, our software package took advantage
of the Spark GraphFrames distributed graph library [171].

The software was developed in python (https://www.python.org/) using the Numpy
/ Scipy [174] scientific libraries for matrix and array manipulation and Apache Spark
[154] as the distributed backend. Our software package for antibody repertoires
imNet is described in Chapter 4 and includes tutorials and demos, including scripts to
set up the distributed computation environment on commonly-used compute cluster
infrastructure. The results shown in this work were obtained using 1-625 cores of the

Euler parallel-computing cluster operated by ETH Ziirich.

3.12 Degree distribution fits

Degrees (number of similar CDR3 sequences to a specific CDR3 sequence) were
calculated for each of the similarity layers LD, 15 for each CDR3 sequence in each
sample. CDR3 with zero degrees that were not similar to any other CDR3 in the network
were excluded in order to fit degree distributions. The power-law, exponential and
Poisson distributions were fitted to the empirical degree distributions of the networks,
constructed as described in Network construction, by estimating zp;, (estimated
lower degree threshold by minimizing the Kolmogorov-Smirnoff statistic [175]) and
optimizing model parameters using the poweRlaw [176] package. We first discriminated

if the power-law distribution could describe the best fit to the degree distribution
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by bootstrapping 100 times the power-law p-value obtained from each sample after
estimating x,;,. Following the approach described by Virkar and Clauset [177], a p-
value > 0.1 indicated that the power-law distribution described the degree distribution
(Fig. 3.2A). To determine the degree distribution in cases where the power law was not
the best distribution fit (p-value < 0.1), we compared the exponential and the Poisson
fits. Two-sided p-value ~ 0 indicated that the fitted models could be discriminated,
and one-sided p-value =~ 1 indicated that the first (for example exponential) model was
the best fit for the data [176].

3.13 Robustness of the architecture of antibody

repertoire networks

Public clones were defined as clones shared among subjects in a cohort (Fig. 3.4).
In order to assess the robustness of the architecture of antibody repertoire networks
we removed public clones from each sample-repertoire. As controls, we performed
repeated removal (20 times) of randomly selected clones in the size of public clones.
The p-values for the power-law fit were calculated after 100x bootstrapping for each
repertoire; one-sided and two-sided p-values were used for the comparison between the

exponential and the Poisson fits (see Section 3.12).

3.14 Network analysis

Drawing from network theory [178], we translated the concepts of network analy-
sis [?7 ] to antibody repertoires. An antibody repertoire network is an undirected
graph G = (V, E) described as a set of nodes (CDR3 vertices, V') together with a
set of connections (similarity edges, E), representing the adjacency matrix of pair-
0 ... LDy,

wise Levenshtein distances (LD) between CDR3 a.a. sequences A=| , :
LD,, ... LD,,

In the context of antibody repertoires, we let N = |V| and L. = |E|. The order
of a graph N represents the number of its unique CDR3 clones (nodes). The size of
a graph L is the number of its CDR3 similarity connections (edges). The degree k,
that represents the edges connected to a node, describes the count of all similar CDR3
clones to a CDR3 based on LD. Because the degree indicates how active a node is,

it could be interpreted as a measure of how central a CDR3 clone is in the antibody
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repertoire network. In simpler terms, it quantifies the number of CDR3 clones that
are similar to a certain CDR3, and thus the potential development or the evolutionary
routes to this CDR3.

The average degree (k) = Znﬁok = 2L is the average number of similar CDR3 clones.
The degree distribution P(k) = Ni/N, defined as the fraction of nodes with degree
k(Ny) in total nodes, represents the fraction of CDR3 clones that have the same number
of similar CDR3s. The cumulative degree distribution describes the fraction of nodes
with degree greater than or equal to P, = Y37, pr. In Erdés—Rényi (ER) random
graph models, degrees follow a Poisson distribution in the limit of large numbers of

nodes, while degree distributions have an exponential tail in exponential networks [179].

Global characterization [? | described the network as a whole, such as degree distri-
bution, centralization, largest component, diameter, clustering coefficient, assortativity
and coreness. The centralization analysis indicates if the network is homogeneous
(clones are connected in the same way) or is centered around certain nodes (highly
connected clonal regions compared to less connected regions in the same network). The
largest component is the largest cluster of connected CDR3 clones. The diameter (d) is
the maximum distance (shortest path between two nodes) between any pair of CDR3
sequences. The clustering coefficient (C') represents the probability that neighbors of a
node are also connected, which translates in antibody repertoires as the probability
that CDR3 clones similar to a specific CDR3 are also similar among one another.
Network density (D) is the ratio of the number of edges (CDR3 similarities) and the
number of all possible edges in the network. The assortativity coefficient (r) indicates
if nodes in a network connect to nodes with similar characteristics. It is positive
if nodes tend to connect to nodes that are similar to them (i.e. highly connected
CDR3 sequences are similar and connect to highly connected CDR3 sequences), and
negative otherwise. Coreness is a measure of the network’s cohesion and allows one to
understand the global network structure and is useful in comparing complex networks
by analyzing the subsets of CDR3-cores that form layers in the antibody repertoire.
K-core decomposition is a process that is performed by iteratively removing shells
of all vertices of degree less than k (k<Fkmnax) leaving the k-cores of a network (its
connected component). The k-core of a graph is the maximal subgraph in which
each node has at least degree k. We have computed the maximal k-core of antibody

repertoire networks (the innermost core, kyay) and the core distribution along k degrees.
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Clonal (local) characterization of antibody repertoires was performed by analyzing
local properties of the networks [? ]. The importance of CDR3 clones was measured
by calculating the authority [180], eigenvector [161] and PageRank [162] scores of each
node in repertoire networks. In particular, the authority (a) of nodes is defined as
the principal eigenvector of the transpose matrix t(A)*A , where A is the adjacency
matrix of the network. Eigenvector centrality indicates the centrality of a CDR3 clone,
not only dependent on the number of similar CDR3 (number of degree, connections)
but also on the quality of those connections: CDR3-nodes with high eigenvector values
are connected to many other nodes which are, in turn, connected to many others (and
so on). PageRank measures the importance of the similarity between two CDR3 clones
within the network extending beyond the approximation of a CDR3 importance or
quality. Closeness (centrality [160]) (¢) was calculated to measure how many steps
were required to access every other CDR3 from a given CDR3 clone in antibody
repertoire networks. We calculated the normalized closeness by multiplying the raw
closeness by n-1, where n was the number of nodes in the network. Clique analysis
identified maximally-connected subgraphs (a subset of nodes) in which every CDR3
was similar to every other CDR3 sequence and the largest clique was the maximal
completed subgraph which had more nodes than any other clique in the network. The
node betweenness (b) is the number of geodesics (shortest paths) going through a node
and indicates the “bridge” function of a CDR3 sequence. Network properties were

calculated using the igraph [107] R package.

3.15 Quantifying the predictive performance (Q?)

of linear regression models

The predictive performance (Q?) of each linear regression model (Y = X3 + ) was

calculated using leave-one-out cross-validation (LOOCV): Q? = (1 — £EESS) 4 100

where PRESS is the predictive error sum of squares -7 ; (ijfm)z with Y[j} denoting
the prediction of the model when the j-th case is deleted from the training set and
TSS is the total sum of squares >;" 4 (Y;Y)Q [181]. X and Y are CDR3 degree vectors
of repertoires at each LD;_15. LOOCV was performed using the forecast R package
[182]. Cross-validation was used because, in contrast to regular regression analysis, it

enables the quantification of the predictive performance of each regression model.
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3.16 Simulated networks

Networks (nodes V=10% — 10°) were simulated with the ER, exponential and power-
law models using base R [183] and igraph [107]. Random networks were simulated
according to the ER model, exponential networks were simulated setting a probability
of a connection between two nodes p=0.5 and scale-free networks were simulated using
the Barabasi-Albert model [184].

3.17 Graphics

Graphic representations were produced using base R ([183]) and the ggplot2 R pack-
age [185]. Heatmaps were produced using the NMF package [186]. Networks and
network clusters visualization were performed using igraph [107] employing the Fruchter-
man—Reingold force-directed and Kamada—Kawai layout algorithms. Large-scale net-
works (Fig. 3.1A) were visualized using Gephi (version 0.9.1) [109]; node size was scaled
10-100 proportional to the degree of a node and a blue to grey color gradient was
applied to nodes from high to low degrees.

3.18 Statistical significance

Statistical significance was tested using the Wilcoxon rank-sum test. Results were

considered significant for p<0.05.

3.19 Data and software availability

Antibody repertoire sequencing data analyzed is available with ArrayExpress accession
number: E-MTAB-5349. Software is available at https://github.com/rokroskar/imnet.
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Chapter 4

imNet: software for the generation
and analysis of large-scale sequence

networks

Due to advances in high-throughput omics technologies, the generation of large-scale
datasets of biological molecules (DNA, RNA| proteins, metabolites) is now routine.
Network analysis on biomolecular systems is crucial for a systems-level understanding
and identification of biological functions [187].

Specifically, the structure and function of proteins is directly related to their sequence
[188]. For example, adaptive immunity is driven by immune repertoires, where different
antibodies and T cell receptors (TCRs) confer recognition and protection against the
enormous variety of pathogens. Studying the sequence similarities of antibodies and
TCRs through large-scale network analysis would enable the detection of molecules
with similar function, which could be used for diagnostic or medical applications.

However, most biological networks that have been constructed thus far embody
thousands of biomolecules, largely undersampling the millions present in an in vivo
system. Constructing or analyzing large-scale networks remains a challenge because of
the high-dimensionality space: e.g., there are 10° peptides that lead to a space of 10*°
potential similarity relations in the human proteome [189].

Here we report imNet, an open-source software for the comprehensive generation
and rapid analysis of large-scale sequence-similarity networks (Fig. 4.1). We imple-
mented a parallelized algorithm for generating large-scale networks from datasets in
the range of millions of sequences, not attainable previously due to memory constraints
and computation time. Our implementation utilizes the Apache Spark [154] distributed

computing framework to partition the work among a cluster of machines (Fig. 4.1).
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imNet is primarily designed to handle the scale and depth of the enormous diversity
present in immune repertoires. However, any sequence-based network can be con-
structed (e.g., entire human proteome [189]). If a cluster is not available, imNet can
also perform the calculations on a single computer for smaller samples (< 10). imNet
takes as input sequences in text format and outputs either the network in the GraphML
format or a degree vector obtained using a map-reduce distributed algorithm. The

software supports the simulation of in silico sequences and networks.
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Fig. 4.1 imNet data analysis. (A) Construction of large-scale distance matrices from
biological sequences using a high-performance parallel computing approach to partition
the work among a cluster of machines to generate networks. (B) Computational time-
scaling of the performance of imNet according to the number of sequences (strings)
and number of parallel cores (machines). (C) Exemplary applications and downstream
analysis of networks.

The approach that imNet uses to analyze sequences is highly efficient; in a recent
study, we constructed immunology networks from > 10° antibody sequences [31].
The construction of large-scale networks from 10° sequences requires ~ 10'? edit
distance calculations resulting in ~ 300 hours of computation on a modern single-core

machine, whereas imNet performed 1,000 times faster on 600 cores (Fig. 4.1). In
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addition to rapidly constructing large-scale networks, the software computes network
degree distributions and provides a framework for implementing subsequent network
analyses such as density, clustering coefficient, assortativity, authority and betweenness
(Fig. 4.1).

We demonstrated the application of imNet in answering fundamental questions in
antibody repertoire development [31]. In the future imNet may be used for a variety
of applications, such as the design of synthetic immune repertoires or the analysis of
large sequence databases (e.g., cancer genomes).

imNet has been developed as a python library and the source code is available for
download: https://github.com /rokroskar/imnet

4.1 imNet User Manual

4.1.1 System requirements

imNet is written for Python 2.7. It uses the Apache Spark (http://spark.apache.org)
framework for distributed computations.

4.1.2 Source

The source code for the latest version of imNet can be found on GitHub: https:

//github.com/rokroskar/imnet

4.1.3 Installation
1. Using pip

The simplest way to install imNet is with pip:
$ pip install imnet

In addition to installing the imNet python library and its dependencies, this will

also install the imnet-analyze script into your python bin directory.

2. From source
Make sure to have installed all the dependencies — see below.

Clone the repository and install:


https://github.com/rokroskar/imnet
http://spark.apache.org
https://github.com/rokroskar/imnet
https://github.com/rokroskar/imnet

56 imNet: software for the generation and analysis of large-scale sequence networks

$ git clone https://github.com/rokroskar/imnet.git
$ cd imnet

$ python setup.py install

If you make changes to the cython code, you will need cython and a usable C

compiler.

4.1.4 Dependencies

You only need to install dependencies separately if you are installing imNet from source
or want to develop. If you just want to run imNet, install it with pip (see above) that
will install the dependencies automatically.

The following basic python libraries needed by imNet are installable via pip or

conda:

e click
o findspark

¢ python-Levenshtein

e scipy

e networkx
e pandas

e cython (optional)

If your goal is to analyze large samples (> 10,000 strings), distributing the
computation is strongly advised. imNet currently uses the Apache Spark (http:
//spark.apache.org) distributed computation framework. We won’t go into the details
of installing and running spark here; you can download it and unpack the archive
at any location. The minimum requirement is to set the SPARK_HOME environment
variable to point to the directory where you unpacked spark, e.g.

$ export SPARK HOME=/path/to/spark

If you are running spark on a cloud resource, please refer to the official spark
documentation for instructions on how to start up a spark cluster. To allow imNet to

run via spark you will need to provide the spark URL of the ‘spark-master".
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If your resource is an academic HPC (high-performance computing) cluster, we
recommend that you use sparkhpc (https://github.com/rokroskar/sparkhpc) for man-

aging spark clusters. sparkhpc greatly simplifies spawning and managing spark clusters.

4.1.5 Usage

Basic usage

imNet takes as input a list of strings either supplied directly by the user or read from
a file.

1. Command-line
Refer to the command-line help for usage, e.g.

$ imnet-analyze --help

Usage:
$ imnet-analyze [OPTIONS] COMMAND [ARGS]

Options:

--spark-config TEXT Spark configuration directory
--spark-master TEXT Spark master

--kind [graph|degrees|all] Which kind of output to produce
--outdir TEXT Output directory

--min-1d INTEGER Minimum Levenshtein distance

--max-1d INTEGER Maximum Levenshtein distance

--sc-cutoff INTEGER For a number of strings below this cutoff, Spark will not

be used
--spark / --no-spark Whether to use Spark or not

--help Show this message and exit

Commands:
benchmark Run a series of benchmarks for graph

directory Process a directory of string files (e.g., CDR3 sequences)
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file Process an individual file with strings
random Run analysis on a randomly generated set of strings

$ imnet-analyze random --help

Usage:
imnet-analyze random [OPTIONS] Run analysis on a randomly generated set
of strings

2. Run analysis on a randomly generated set of strings for testing
Options:
--nstrings INTEGER Number of strings to generate
--min-length INTEGER Minimum number of characters per string
--max-length INTEGER Maximum number of characters per string

--help Show this message and exit

3. Tutorial

For a tutorial on using the imNet python library, look at the example note-
book: https://github.com /rokroskar/imnet /blob/master/notebooks/example
workflow.ipynb

4. Sample input and output

Several inputs and the corresponding network outputs from running imNet on
sample datasets include the human proteome, B and T cell receptors (human

and mice), epitopes and peptide sequences.

4.2 imNet software description, algorithms and pipeline

overview

The primary function of imNet is the construction of the upper triangle of the symmetric
distance matrix given a set of unique strings. This calculation can either be used to
construct a network graph, or alternatively, output the degree vector for each node

specifying the degree of connectedness at each separation distance.
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4.2.1 Generation of the distance matrix

To calculate the distance between two strings, we use the highly-efficient python-Levenshtein
package (https://pypi.python.org/pypi/python-Levenshtein/). The calculation of a
single pair distance takes a few times 107% seconds, leading to a few hundred hours of
single-core computation time for a sample of 10° sequences.

To reduce the time-to-solution, we implemented an algorithm to compute the
distance matrix in parallel, using the Apache Spark distributed computing framework
to handle the details of the parallelization. The reduction in time-to-solution is
approximately linear with the number of cores used for computation (see Fig. 4.1b).

In addition to implementing the distance matrix calculation, we also implement a
map-reduce algorithm for efficiently calculating the degree distribution directly from
the distributed matrix data.

The all-to-all distance calculation is inherently an O(N?) calculation. If the re-
quested maximum Levenshtein distance is small (< 3) we make use of a Vantage-point
tree algorithm to reduce the maximum number of string comparisons that need to be
made. In the best case, this algorithm has complexity of O(nlogn), which gives a way

to scale the analysis to even larger samples in the future.

4.2.2 Network analysis

Global and local network parameters can be analyzed from the starting network
(Fig. 4.1c). Analysis of the network clustering coefficient, density, assortativity,
authority and betweenness can be performed using igraph functions density(),
transitivity_undirected(), assortativity(), authority_score(), betweenness ()
(http://igraph.org/python/doc/igraph.GraphBase-class.html [107]).

4.2.3 Data and benchmarks

For benchmarking purposes, we generated random strings of 4-20 amino acids from a
normal distribution. We generated networks from 1,600,000 randomly sampled strings
of length 4-20 amino acids (a.a.) and 12-60 nucleotides.

We used input sequences from different protein database sources and high-throughput
sequences of antibody and T cell repertoires from human and mice samples.

Specifically, the exemplary network of mouse antibody repertoire comprised 535,061
sequences [31], while the network from the mouse T cell repertoire was constructed from
36,889 sequences [43]. The network of human antibody repertoire comprised 6,348,502

sequences [190] and T cell repertoire network was generated from 256,054 sequences
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[46]. We constructed an epitope network of 14,937 sequences from the immune epitope
database [191].

Furthermore, we constructed networks of the entire human proteome from 293,700
peptide sequences [189] and from the entire UniProt [192] database using the total of

553,231 protein sequences manually annotated.



Chapter 5

Detection of broadly neutralizing

antibody sequence signatures in
HIV-1

Motivation: A small fraction of HIV-1 infected individuals develops broadly neu-
tralizing antibodies (bNAbs) that respond to a multitude of HIV-1 strains. However,
bNAbs are very different in their sequences, and rare within and across individuals.
High-throughput sequencing of antibody repertoires (Ig-seq) enables a high-resolution
and quantitative description of humoral immune diversity, reporting full-length anti-
body sequences. Therefore, Ig-seq coupled to advanced computational tools can be
used to determine if sequence-associated signatures of bNAbs exist in HIV-1 patients

and identify potential bNADb-like sequences.

Results: Here we report the detection of sequence signatures in antibody reper-
toires from HIV-1 infected individuals that have developed bNAbs compared to HIV-1
bNAb-negative and uninfected individuals. We have compiled a database of bNAbs
sequences that we have used as reference to inquire sequence characteristics and to
train a support vector machine for features of bNAbs sequences. We investigated so-
matic hypermutations, complementarity determining region 3 (CDR3) length, germline
frequencies, clonal frequency distributions, CDR3 similarity relations within repertoires
and ultimately, sequence identity to database bNAbDb sequences in order to uncover
unidimensional repertoire characteristics associated with bNADb status. We report that
we can discriminate with 95% accuracy between bNAbs and sequences of HIV-1 bNAb-
HTS data using machine learning. This technique allowed to capture bNAbs signatures

that were undetectable at the repertoire level when considering low dimensional data
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analysis like the average SHM or CDR3 length. Our results offer a global systems char-
acterization of HIV-1 repertoires compared to uninfected, predict bNAbs-like sequence
features using machine learning, and open the way to the advancement of computational
methods for the de novo prediction of bNAbs sequences from HIV-1 bNAb+ repertoires.

Availability and Implementation: https://github.com/enkelejdamiho/bNAbs-DB

5.1 Introduction

The enormous repertoire of B-cell receptors (10 BCR, antibodies [37] protects against
various pathogens. A small fraction (1%) of individuals chronically infected with human
immunodeficiency virus-1 (HIV-1) develop broadly neutralizing antibodies (bNAbs)
against the virus [193, 194], in spite of its rapid mutation rate and high genomic
variability [195]. Clonally expanded B cells undergo rounds of affinity maturation to
respond to the mutating virus [92, 149, 168] and secrete bNAbs that vary in breadth
and potency against the multitude of HIV-1 strains. bNAbs suppress viraemia in
HIV-1 infection, showing remarkable potential as therapeutics [196, 197] and guides
for vaccine design [198, 199, 149].

The enormous clonal composition of antibody repertoires can now be captured at
high resolution through high-throughput sequencing [27, 5]. Advances in single B-cell
cloning and high-throughput sequencing methods have sustained the characterization
of monoclonal antibodies and BCR repertoires [140, 93, 92], supporting the identifica-
tion of more potent and broader neutralizing antibodies directly from HIV-1 infected
individuals [200-202].

However, bNAbs are rare within and across patients; only around 30 clones of bN-
Abs (= 90 somatic variants), have been identified [40, 98]. Thus, although bNADb have
been reported to display some specific characteristics (e.g., high SHM and long CDR3
[203-205, 149]), it is unknown if these features are reflected at the repertoire level. It
is thus unclear if bNAb-like repertoire characteristics could allow for the detection and
prediction of bNAb status from high-throughput sequencing data. To what extent
unidimensional data like SHM and CDR3 length capture the bNAb status-specific

information of antibody repertoires?
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We characterized sequenced antibody repertoires from HIV-1 infected individuals
that have developed bNAbs and two controls, HIV-1 infected that have not developed
bNAbs (HIV-1 bNAb-) and uninfected individuals, in order to assess if reference-bNAb
sequence characteristics at the repertoire level could reveal bNADb status. We set to
identify repertoire signatures associated with the presence of bNAbs. This aim sustains
the progress to a potentially successive de novo identification of bNAbs sequences from

HTS data.

In order to determine if global analysis of HIV-1 antibody repertoires revealed
the presence of sequence characteristics indicative of the emergence of bNAbs, we
constructed a reference database of bNAbs sequences (bNAbs-DB). bNAbs are char-
acterized by a high number of SHM, elongated CDR3 sequences, and no specific
V-gene germline (although, a few bNAbs displayed restricted IGHV genes [206]). We
investigated the SHM and CDRS3 length according CDR3 frequency. We then set
to analyze the clonal frequency distribution (evenness profiles) and the structure of
CDRS3 similarity relations (networks) in order to investigate clonal-based signatures of
bNAbs in repertoires. In order to investigate potential germline signatures, we analyzed
the V- and J- frequencies. Ultimately, we used sequence identity to bNAbs-DB and
machine learning to detect bNAbD status in HIV-1 bNAb-+ cohorts. We trained SVM
with bNAbs-DB sequences and tested it in HIV-1 bNAbs- individuals; we then used
this model to detect bNAbD status by predicting bNAb-like CDR3 sequences in HIV-1
bNAb+ compared to uninfected individuals.

5.2 Methods

5.2.1 Datasets

We compiled three high-throughput sequencing datasets of antibody repertoires from
HIV-1 bNAb+, HIV-1 bNAb- and HIV-1-uninfected individuals (total number of
individuals n=29, total number of samples n=83). Primers covered all V genes. Read

statistics after preprocessing, as described below, are indicated in Fig. 5.4.

Dataset 1

B-cell repertoire from HIV-1 infected individuals with broadly neutralizing antibodies

(n=9). High-throughput sequencing data of heavy and light chains from African donor
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17 of the TAVI Protocol G cohort (n=1, TAVI donor 17, PGT121 class of antibodies
[207], resulting from sequencing the 5-RACE PCR of B-cell transcripts with Ton
Torrent Personal Genome Machine (PGM), was provided by Prof. Jiang Zhu [208].
Data from eight additional donors characterized as bNAb producers (n=8) that had
broad neutralizing plasma antibodies by previously described criteria from the CHAVI
chronic HIV-1 infection cohort [209] and/or had bNAbs isolated from blood B cells
as described [210, 211] as described by Kepler et al., were provided by Prof. Thomas
Kepler [212].

Dataset 2

HIV-1 infected human donors (n=13). High-throughput sequencing data of heavy
chains from peripheral blood mononuclear cells (PBMCs) of HIV-1 infected donors
(n=8, part of the SPARTAC trial) collected over 2 years, five of whom received anti-
retroviral therapy during the first half of the study period, was downloaded from Hoehn
and colleagues [95], European Nucleotide Archive accession number ERP000572. Data
was downloaded for patients P1 weeks 0, 4, 16, 24, 52, 72, 120 (7 time points), P2
weeks 0, 4, 12, 16, 24, 48, 60, 108 (8 time points), P3 weeks 0, 4, 12, 16, 24, 52, 60, 108
(8 time points), P4 weeks 4, 12, 16, 24, 52, 60, 108 (7 timepoints), P5 weeks 4, 12, 16,
24, 52, 60, 108 (7 time points), P6 weeks 4, 12, 16, 24, 52, 60, 108 (7 time points), P7
weeks 0, 4, 12, 16, 24, 52, 60, 108 (8 time points), P8 weeks 0, 4, 16, 24, 52, 60, 108
(7 time points). Libraries were sequenced by 150 bp paired-ended MiSeq (Illumina)
and read depth of full data had a median of 567,936 reads per patient per time point
(Hoehn et al., 2015). Additional high-throughput sequencing data from PBMC samples
(n=5) of HIV-1 bNAb negative donors was provided by Prof. Thomas Kepler [212].

Dataset 3

B cell repertoire of uninfected human donors (n=7). B-cell heavy and light chains
sequenced the 5’-RACE PCR of B-cell transcripts with Ion Torrent Personal Genome
Machine from HIV-1-uninfected individuals (n=2) were provided by Prof. Jiang Zhu
[208]. Sequences of antibody repertoires from five HIV-1-uninfected individuals were
published by Bashford-Rogers and colleagues [94]. Heavy chains (IGH) were amplified
from PBMCs isolated from healthy volunteers (n=5). High-throughput sequencing
was performed on the VH gene using Roche 454. The raw data was downloaded from

European Nucleotide Archive accession number ERP002120.
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5.2.2 Broadly neutralizing antibody database against HIV-1

We constructed a bNAbs database (bNAbs-DB, https://github.com/enkelejdamiho/
bNAbs-DB) by collecting sequences of bNAbs from on-line databases like bNAber
[213] (http://www.bnaber.org/), GenBank, Los Alamos HIV Molecular Immunology
(http://www.hiv.lanl.gov/), Abysis (http://bioinf.org.uk/abysis/), scientific literature
and personal communications. The sequences were IMGT annotated [214]. The
database encompasses 90 bNAbs (Tab. 5.2), which belong to 10 families according to
their binding site (Tab. 5.1). To avoid bias towards bNAbs with numerous variants
which most likely have a similar number of SHM and CDR3 lengths, we selected the
most broadly neutralizing and potent representatives within each group of similar

monoclonal antibodies in each clonal family (indicated in bold in Tab. 5.1).


https://github.com/enkelejdamiho/bNAbs-DB
https://github.com/enkelejdamiho/bNAbs-DB
http://www.bnaber.org/
http://www.hiv.lanl.gov/
http://bioinf.org.uk/abysis/
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Binding site bNAbs family
gp120 adjacent to CD4BS HJ16
gpl120 CD4BS 12A12, 12A21

3BNC117, 3BNC62, 3BNC60, 3BBNC55

8ANC131, 8ANC134, 8ANC195

b12

CH98

CH103, CH104, CH106

VRC-CH30, VRC-CH31, VRC-CH32, VRC-CH33, VRC-CH34

VRC-PGO04, VRC-PG04b

VRC-PG20, VRCO01, VRC02, VRC03, VRC06, VRC06b, NIH45-46,
VRC23, VRC23b

1NC9

gpl120 V1-V2 CHO1, CH02, CHO03, CH04

PG9, PG16

PGC14

VRC26.01, VRC26.02, VRC26.03, VRC26.04, VRC26.05, VRC26.06,
VRC26.07, VRC26.08, VRC26.09, VRC26.10, VRC26.11, VRC26.12

gpl120 V1-V2, quaternary structure PGT141, PGT142, PGT143, PGT144, PGT145

gpl120 V3 10-1074

2G12

447-52D

PGT121, PGT122, PGT123

PGTI125, PGT126, PGT127, PGT128, PGT130, PGT131, VRC24

PGT135, PGT136, PGT137

HGN194

2219, 2557, 2558

gpl60 3BC176, 3BC315
gp4l 5H_I1-BMV-D5
gp4l MPER 10E8, TH6
2F5
4E10
Z13
m66, m66.6
gpdl NHR HK?20
gp41-gpl120 quartenary interface PGT151, PGT152
35022

Table 5.1 bNAbs clonal lineages contained in the bNAbs-DB. The most
broadly neutralizing and potent representatives within each bNAbs clonal family are
indicated in bold.
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bNAb SHM (a.a.) CDRS3 length (a.a.) V gene D gene J gene Reference

10-1074 20 26 IGHV4-59 IGHD3-3 IGHJ6 Mouquet et al., PNAS, 2012
10E8 27 22 IGHV3-15 IGHD3-3 IGHJ1 Huang et al., Nature, 2012
7TH6 27 22 IGHV3-15 IGHD3-3 IGHJ1 Huang et al., Nature, 2012
12A12 34 15 IGHV1-2 IGHD4-17 IGHJ2 Scheid et al., Science, 2011
12A21 31 15 IGHV1-2 IGHD5-12 IGHJ2 Scheid et al., Science, 2011
2F5 14 24 IGHV2-5 ND IGHJ6 Buchacher et al., AIDS, 1994
2G12 31 16 IGHV3-21 IGHD1-26 IGHJ3 Buchacher et al., AIDS, 1994
3BC176 34 21 IGHV1-2 IGHD5-12 IGHJ3 Klein et al., JEM, 2012
3BC315 24 21 IGHV1-2 IGHD5-12 IGHJ3 Klein et al., JEM, 2012
3BNC117 34 12 IGHV1-2 IGHD6-25 IGHJ2 Scheid et al., Science, 2011
3BNC62 36 12 IGHV1-2 IGHD4-17 IGHJ2 Scheid et al., Science, 2011
3BNC60 38 12 IGHV1-2 IGHDS3-3 IGHJ2 Scheid et al., Science, 2011
3BNC55 33 12 IGHV1-2 IGHD6-25 IGHJ2 Scheid et al., Science, 2011
447-52D 10 21 IGHV3-15 ND IGHJ6 Buchbinder et al., AIDS, 1992
4E10 18 20 IGHV1-69 IGHD6-19 IGHJ4 Buchacher et al., AIDS, 1994
5H_I11-BMV-D5 6 12 IGHV1-69 IGHD1-14 IGHJ4 Miller et al., PNAS, 2005
8ANC131 38 18 IGHV1-46 IGHD3-16 IGHJ6 Scheid et al., Science, 2011
8ANC134 37 18 IGHV1-46 IGHD3-16 IGHJ6 Scheid et al., Science, 2011
8ANC195 41 22 IGHV1-3 IGHD3-3 IGHJ4 Scheid et al., Science, 2011

b12 23 20 IGHV1-18 IGHD1-1 IGHJ6 Burton et al., PNAS, 1991
CHO1 28 26 IGHV3-20 IGHD3-10 IGHJ2 Bonsignori et al., J.Virol., 2011
CHO02 22 26 IGHV3-20 IGHD3-10 IGHJ2 Bonsignori et al., J.Virol., 2011
CHO3 22 26 IGHV3-20 IGHD3-10 IGHJ2 Bonsignori et al., J.Virol., 2011
CHO04 23 26 IGHV3-20 IGHD3-10 IGHJ2 Bonsignori et al., J.Virol., 2011
CH98 39 50 IGHV3-30 IGHD1-IR1 IGHJ4 Bonsignori, J. Clin. Invest., 2014
CH103 21 15 IGHV4-31 IGHD6-13 IGHJ1 Liao et al., Nature, 2013
NIH45-46 40 18 IGHV1-2 IGHD1-26 IGHJ2 Scheid et al., Science, 2011
PG9 19 30 IGHV3-33 IGHD1-1 IGHJ6 Walker et al., Science, 2009
PG16 21 30 IGHV3-33 IGHDS3-3 IGHJ6 Walker et al., Science, 2009
PGT121 23 26 IGHV4-59 IGHD3-3 IGHJ6 Walker et al., Nature, 2011
PGT122 25 26 IGHV4-61 IGHD3-3 IGHJ6 Walker et al., Nature, 2011
PGT123 28 26 IGHV4-59 IGHD3-3 IGHJ6 Walker et al., Nature, 2011
PGT125 27 21 IGHV4-38 IGHD3-16 IGHJ5 Walker et al., Nature, 2011
PGT126 23 21 IGHV4-38 IGHD3-16 IGHJ5 Walker et al., Nature, 2011
PGT127 25 21 IGHV4-39 IGHD3-16 IGHJ5 Walker et al., Nature, 2011
PGT128 29 21 IGHV4-39 IGHD3-10 IGHJ5 Walker et al., Nature, 2011
PGT130 29 21 IGHV4-39 IGHD3-10 IGHJ5 Walker et al., Nature, 2011
PGT131 29 21 IGHV4-39 IGHD3-10 IGHJ5 Walker et al., Nature, 2011
PGT135 29 20 IGHV4-39 IGHD3-9 IGHJ5 Walker et al., Nature, 2011
PGT136 28 20 IGHV4-39 IGHD2-8 IGHJ5 Walker et al., Nature, 2011
PGT137 33 20 IGHV4-39 IGHD2-15 IGHIJ5 Walker et al., Nature, 2011
PGT141 27 34 IGHV1-8 IGHD4-17 IGHJ6 Walker et al., Nature, 2011
PGT142 29 34 IGHV1-8 IGHD4-17 IGHJ6 Walker et al., Nature, 2011
PGT143 27 34 IGHV1-8 IGHD4-17 IGHJ6 Walker et al., Nature, 2011
PGT144 30 34 IGHV1-8 IGHD4-17 IGHJ6 Walker et al., Nature, 2011
PGT145 27 33 IGHV1-8 IGHD4-17 IGHJ3 Walker et al., Nature, 2011
PGT151 27 28 IGHV3-30 IGHD3-10 IGHJ6 Falkowska et al., Immunity, 2014
PGT152 28 28 IGHV3-30 IGHDS3-3 IGHJ6 Falkowska et al., Immunity, 2014
VRC-CH30 37 15 IGHV1-2 IGHD3-16 IGHJ4 Wau et al., Science, 2011
VRC-CH31 37 15 IGHV1-2 IGHD5-12 IGHJ1 Wu et al., Science, 2011
VRC-CH32 36 15 IGHV1-2 IGHD6-13 IGHJ4 ‘Wu et al., Science, 2011
VRC-CH33 36 15 IGHV1-2 IGHD3-10 IGHJ4 Wu et al., Science, 2011
VRC-CH34 36 15 IGHV1-2 IGHD6-19 IGHJ4 Wu et al., Science, 2011
VRC-PG04 42 16 IGHV1-2 IGHD2-8 IGHJ2 Wu et al., Science, 2011
VRC-PG04b 42 16 IGHV1-2 IGHD2-15 IGHJ2 Wu et al., Science, 2011
VRC-PG20 36 15 IGHV1-2 IGHD3-10 IGHJ1 Zhou et al., Immunity, 2013
VRCO01 41 14 IGHV1-2 IGHD2-21 IGHJ2 Wu et al., Science, 2010
VRCO02 39 14 IGHV1-2 IGHD5-12 IGHJ2 Wu et al., Science, 2010
VRCO03 39 16 IGHV1-2 IGHD2-21 IGHJ1 Wu et al., Science, 2010
VRC23 30 14 IGHV1-2 IGHD2-15 IGHJ2 Georgiev et al., Science, 2013
VRC23b 32 14 IGHV1-2 IGHD2-21 IGHJ1 Georgiev et al., Science, 2013
VRC24 29 26 IGHV4-4 IGHD3-22 IGHJ5 Georgiev et al., Science, 2013
HK20 14 15 IGHV1-69 IGHD6-6 IGHJ3 Corti et al., PlosONE, 2010
HJ16 45 21 IGHV3-30 IGHD3-3 IGHJ2 Corti et al., PlosONE, 2010
HGN194 14 11 IGHV5-51 IGHD4-17 IGHJ4 Corti et al., PlosONE, 2010
Z13 23 19 IGHV4-59 IGHD2-15 IGHJ6 Zwick et al., J. Virol., 2001
m66 9 23 IGHV5-51 IGHD3-10 IGHJ6 Zhu et al., J. Virol., 2011
m66.6 9 13 IGHV5-51 IGHD3-10 IGHJ4 Zhu et al., J. Virol., 2011
INC9 36 21 IGHV1-46 IGHD5-24 IGHJ4 Scheid et al., Science, 2011
2219 16 17 IGHV5-51 IGHD4-17 IGHJ3 Gorny et al., J. Virol., 2002
2557 23 17 IGHV5-51 IGHD3-22 IGHJ3 Gorny et al., J. Virol., 2004
2558 16 16 IGHV5-51 IGHD1-26 IGHJ4 Gorny et al., J. Virol., 2004
35022 34 16 IGHV1-18 IGHD5-24 IGHJ4 Gorny et al., Mol. Immunol., 2009
PGC14 22 15 IGHV1-69 IGHD3-10 IGHJ5 Gorny et al., Mol. Immunol., 2009
VRCO06 47 17 IGHV1-2 IGHD2-21 IGHIJ5 Gorny et al., Mol. Immunol., 2009
VRCO06b 41 17 IGHV1-2 IGHD4-17 IGHJ1 Walker et al., Science, 2009
VRC26.01 16 37 IGHV3-30 IGHD3-9 IGHJ3 Li et al., J. Virol., 2012
VRC26.02 16 37 IGHV3-30 IGHD3-3 IGHJ3 Li et al., J. Virol., 2012
VRC26.03 14 37 IGHV3-30 IGHD3-3 IGHJ3 Doria-Rose et al., Nature, 2014
VRC26.04 14 37 IGHV3-30 IGHD3-3 IGHJ3 Doria-Rose et al., Nature, 2014
VRC26.05 19 37 IGHV3-30 IGHDS3-3 IGHJ3 Doria-Rose et al., Nature, 2014
VRC26.06 17 38 IGHV3-30 IGHDS3-3 IGHJ3 Doria-Rose et al., Nature, 2014
VRC26.07 18 37 IGHV3-30 IGHDS3-3 IGHJ3 Doria-Rose et al., Nature, 2014
VRC26.08 16 39 IGHV3-30 IGHDS3-3 IGHJ3 Doria-Rose et al., Nature, 2014
VRC26.09 22 39 IGHV3-30 IGHDS3-3 IGHJ3 Doria-Rose et al., Nature, 2014
VRC26.10 17 37 IGHV3-30 IGHD3-3 IGHJ3 Doria-Rose et al., Nature, 2014
VRC26.11 22 37 IGHV3-30 IGHD3-3 IGHJ3 Doria-Rose et al., Nature, 2014
VRC26.12 21 37 IGHV3-30 IGHD3-3 IGHJ3 Doria-Rose et al., Nature, 2014
CH104 21 15 IGHV4-31 IGHD6-13 IGHJ1 Doria-Rose et al., Nature, 2014
CH106 22 15 IGHV4-31 IGHD6-13 IGHJ1 Doria-Rose et al., Nature, 2014

Table 5.2 Database of bNAbs: bNAbs-DB. Characteristics of the heavy chains
from somatic variants (n=90) are reported. SHM, Somatic Hypermutations.
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5.2.3 Human immunoglobulin germlines

Human immunoglobulin heavy and light chain V, D, and J germline genes were
downloaded from IMGT/GENE-DB [215].

5.2.4 Data annotation and preprocessing

Forward and reverse reads were paired using PANDAseq where applicable [81]. Data
was submitted to IMGT/HighV-QUEST for annotation [214]. Annotated full-length
VDJ sequences were pre-processed in downstream analyses by retaining (i) productive
sequences (IMGT-defined), (ii) CDR3 of a minimal length of 3 a.a. and (iii) minimal
abundance of 2 CDR3, where the same CDR3 sequence was present at least twice in
the dataset and singletons were excluded. For all analyses, CDR3 abundances were

calculated based on exact amino acid sequences (100% identity).

5.2.5 Networks

Networks were constructed from the Levenshtein distance (edit distance) matrix calcu-
lated of all-against-all CDR3 a.a. sequences in each repertoire [31]. The Levenshtein
distance that measured insertions, deletions and substitutions was calculated with
the stringDist function of Biostrings package in R. Each node of the network repre-
sents a CDR3 clone and each edge (link) connects CDR3 sequences that are 1 edit
distance away (1 a.a. different). Networks construction, analysis and visualization was

performed using the igraph R package [107].

5.2.6 Germline V/J gene analysis

V and J gene frequencies in antibody repertoires were calculated for each donor class
(HIV-1 bNAb+, HIV-1 bNAb- and uninfected) and the bNAb database. The number
of V-gene germlines was calculated from each donor class. In addition, the number
of V-gene germlines represented in an antibody repertoire was calculated from each
donor sample and time-point, where repertoires from different time-points of HIV-1
infection were included. Identity to the bNAbs and to the germline is calculated as the
percentage of identity between V regions (a.a.) of sequences after calculation of the

Levenshtein (edit) distance.
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5.2.7 Evenness profiles

It was previously shown that evenness profiles can be used to capture a repertoire’s
state of clonal expansion [68]. Evenness profiles were calculated in a range of a = 0 to
a = 10 with a step size of 0.2 as previously described by Greiff and colleagues. Briefly,
clonal diversity was defined as *D(f) = (X7, ff‘)ﬁ , where f is the clonal frequency
distribution with f; being the frequency of each clone and n the total number of clones
[121, 216, 217]. The a-values represent weights, which means as « increases, higher
frequency clones are weighted more. The a-parameterized Diversity creates for a given
array of alpha values a diversity index profile (short: diversity profile or a—>) Evenness
describes the extent to which a given species frequency vector is distané)ed from the
uniform distribution species frequency vector and is defined as (“E): *D = SR % *°E
where SR is the species richness (SR =“=° D), the number of unique clones in a

repertoire dataset.

5.2.8 Hierarchical clustering

We clustered Evenness profiles [68] on their Pearson correlation matrix. Each tile in the
heatmap represents a pairwise Pearson correlation coefficient between Evenness profiles
of two given samples. Hierarchical clustering of the Pearson correlation matrix was
performed using the standard UPGMA (unweighted pair group method with algorithm
mean) clustering algorithm and was visualized as heatmap using the aheatmap ()
function from the NMF R package [186].

5.2.9 Sequence-based support vector machine analysis

We discriminated bNAb-like versus non-bNAb-like CDR3 clones based on CDR3 se-
quence using the KeBABS R package [218, 153]. Briefly, KeBABS enables kernel-based
analysis of biological sequences using a position-independent gappy pair kernel that
divides sequences into features of length £ with gaps up to length m. For example, the
sequence CARTA is decomposed by the gappy pair kernel with parameters k = 1 and
m = 2 into monomers with gaps of zero to two amino acids in between: CA, C.R, C..T,
AR, AT, A.. A RT, R.A and TA [218].

We first calculated the balanced accuracy of the three classes of sequences versus
each other: HIV-1 bNAb+, HIV-1 bNAb- and uninfected. We then built a support
vector machine (SVM) model from equilibrating the input sequences for the classes.

We trained the classifier by setting 80% of sequences as a training dataset and 20% of
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the sequences as a test dataset. After searching the parameter space for the optimal
model by nested cross-validation, parameters were set to k=1, m=2,C =1 (C is
the cost for the misclassification of a sequence). Thus, the feature space used by the

gappy pair kernel for a.a. sequences is 20%* x (m + 1) = 1.2 x 10%.

Prediction accuracy of class discrimination was quantified by calculating the bal-
anced accuracy (0.5 * (Specificity + Sensitivity)), where specificity was defined as
TN/(TN+FP) and sensitivity as TP/ (TP + FN) with TP, TN, FP, FN being true

positive, true negative, false positive and false negative, respectively.

5.2.10 VDJ sequence alignment with blastp

Full bNAbs VDJ sequences were set as a reference database and sequences from samples
were aligned to the reference database using protein-protein BLAST (BLASTP 2.2.31+).
The fasta file from full VDJ a.a. sequences of HIV-1-infected donor sample was set as
query and bNAbs VDJ full a.a. fasta file was set as db. The output top-aligned hits

were analyzed.

5.2.11 Determination of statistical significance

Significance was tested using the Wilcoxon rank-sum test if not indicated otherwise.

Tests were regarded as significant if p < 0.05.

5.3 Results

5.3.1 Construction of a bNAbs database and characterization

of broadly neutralizing antibody sequences

In order to uncover features of bNAbs from high-throughput sequences of antibody
repertoires, we compiled a database of 90 bNAbD sequences (Tab. 5.1, 5.2). Somatic
variants have been grouped according their HIV-1 binding sites in 10 families and 34
bNAD most potent clonal representatives (Tab. 5.1). The database was characterized
for bNAD features of somatic hypermutations (SHM), CDR3 length, V/J germline gene
usage and CDR3 similarity.

Many bNAbs develop an extremely large number of SHM, likely the result of co-
evolution in response to persistent and rapidly mutating HIV-1 [204]. Extensive SHM,
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germline divergence (% a.a.). Epitope specificity is indicated by the color-code; somatic
variants are indicated by dots, potent representatives of the group by triangles. (B)
CDR3 length (a.a.) and somatic hypermutations (SHM) of each bNAD variant in the
database. Median values are indicated by the dashed horizontal line for representa-
and J-gene germlines in the database. (D) CDR3 a.a. similarity network of bNAbs
color-coded by the binding site shows that a few bNAbs variants connect in similarity
clusters, where similarity-linked bNAbs differ by 1 a.a. in the CDR3 sequence (e.g.

tive bNAbs and solid line for all bNAbs variants in database. (C) Frequency of V-
bNAbs binding to gp120 site, blue cluster).

Fig. 5.1 Characterization of the bNAbs sequence database.
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insertions and deletions are critical for broad neutralization and breadth [136, 93, 42].
Thus, we characterized the divergence from V-gene germline (% a.a.) of all variants of
bNADs sequences in our database (Fig. 5.1a, b). In order to avoid bias towards bNAbs
with numerous variants which most likely have a similar number of SHM and CDR3
lengths (e.g., VCR26 has 12 variants), we have selected the most broadly neutralizing
and potent representatives within each group of similar monoclonal antibodies in each
clonal family, which are indicated in bold in Tab. 5.1. The selected bNAbD representa-
tives showed a median divergence of 26% a.a. from germline compared to the 28% of all
variants. The most divergent were bNAbs specific for the CD4 binding site depicted in
blue. Although some bNAbs, e.g., bNADbs specific for the gp41 binding site, presented
a large range of divergence from V-gene germline (10-35%), potent representatives did
not feature as the most V-gene germline-divergent within the group. Selected bNAb
representatives, as well as bNAbD variants in the database have a median of 27 a.a.
SHM (min = 6, max = 45/47 a.a., Fig. 5.1b, Fig. 5.2a). CD4-binding-site (CD4BS)
bNAbs directed against gp120 epitopes were the most somatically hypermutated with
a median of 36 a.a. changes (Fig. 5.2b).

Furthermore, some bNAbs have very long complementarity determining regions
3 (CDR3), likely due to the fact that very long CDR3s enable them to traverse the
structurally complex HIV-1 envelope proteins that are heavily shielded by glycans
[219]. The median of CDR3 a.a. sequences was 21 a.a. in all bNAD variants and 20
a.a. in representatives (min = 11 a.a., max = 50 a.a., Fig. 5.1b, 5.2¢). Indeed, bNAbs
targeting the variable regions 1 and 2 (V1/V2) of HIV-1 gp120 envelope glycoprotein
protected by extraordinary sequence diversity and N-linked glycosylation, were the the
longest (>30 a.a.) among bNAbs (Fig. 5.2b).

Although it has been reported that some bNAbD specificities are restricted to cer-
tain germlines, HIV-specific bNAbs do not appear to privilege a determinate IGHV
[220]. bNAbs variants showed a more prevalent frequency of IGHV1-2, IGHV3-30 and
IGHV4-39; IGHJ2, IGHJ3, and IGHJ6 were the most frequent J-gene germlines in the
database (Fig. 5.1c).

Nevertheless, bNAbs have very different sequences (Fig. 5.1a) as shown by the wide
range of the germline V region divergence even within bNAbs binding the same site,
and the disconnected network of bNAbs (similar bNAbs that differ only by 1 a.a. in
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their CDR3 are connected, Fig. 5.1d).

5.3.2 Global antibody repertoire analysis of SHM and CDR3
length in HIV-1 bNAb-, bNAb+ and uninfected indi-

viduals

bNAbs are characterized by a high number of SHM, elongated CDR3 sequences, and no
specific V-gene germline usage (although, of note that the VRC01 and 8ANC131-class
of bNAbs displayed IGHV genes restricted to IGHV1-2 and IGHV1-46 [206, 205]. We
investigated the SHM and CDR3 length according to CDR3 frequency for each class of
individuals (Fig. 5.3a).

More sequences with higher SHM than found in the reference bNAbs (>27 a.a. SHM)
were present in HIV-1 bNAb+ (n=436, 0.3%) compared to HIV-1 bNAb- (n=386) and
uninfected repertoires (n=170). However, the higher absolute number of hypermutated
clones did not translate into a distinctive SHM signature at the repertoire level that
could differentiate for bNAbD status (0.3% hypermutated sequences in HIV-1 bNAb+,
0.4% in HIV-1 bNAb-, versus 1.8% in uninfected repertoires), and differences in average
SHM in the repertoires were not significant (Fig. 5.3b). Longer CDR3 (above median
length of bNAbs, 21 a.a.) sequences were eight fold more present in both HIV-1 bNAb+
(n=6,148) and HIV-1 bNAb- (n=6,266) repertoires compared to the uninfected and
one clone (n=793) when absolute numbers were considered. However, long CDR3
sequences were constituted only 4.7% of HIV-1 bNAb+ repertoires compared to 6.9%
in HIV-1 bNAb-, and 8.3% in uninfected repertoires, thus not allowing to discriminate
bNAD status. Interestingly, sequences that respected the combination of SHM and
CDR3 length parameters above bNAbs reference (>21 a.a. long and >27 a.a. SHM)
were found only in HIV-1 bNAb+ (n=35, 0.03%) and uninfected individuals (n=19,
0.2%).

While CDR3 length distribution was comparable in the three categories of reper-
toires (Fig. 5.3a, top panel), SHM distribution showed that repertoires from uninfected
individuals showed higher densities of clones in the range of 15-20 a.a. mutations
compared to HIV-1 bNAb+ /- repertoires (Fig. 5.3a, right panel). The analysis of SHM
and CDR3 length showed that while bNAb+/- repertoires contain more clones above
the bNADb database reference, average SHM and CDR3 lengths of repertoires do not
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serve as indication of bNAbD status. Of note that CDR3 sequences showed comparable

a.a. frequencies (Fig. 5.4).

5.3.3 While V/J germline analysis does not discriminate bIN-
Abs status, V region similarity to known bNADbs is
higher in HIV-1 bNAb+ repertoires

Although bNAbs recognize HIV-1 through their CDR3, the VRCO01-class and the
8ANC131-class of bNAbs have shown to bind CD4BS mainly through CDR2 (lo-
cated entirely in the V region) and displayed IGHV genes restricted to IGHV1-2 and
IGHV1-46 [206, 205]. Therefore, we compared V- and J-gene germline species richness
and frequencies among classes in order to determine whether these could discriminate
samples by bNAD status.

In total 49 different V-genes were present in the HIV-1 bNAb+ repertoires’ class, 51
in HIV-1 bNAb- donors and 49 in uninfected (Fig. 5.5a). Interestingly, the differences in
the number of V-gene germlines were significant between HIV-1 bNAb+ (mean+s.e.m
= 43.64+0.4) and HIV-1 bNAb- (mean+s.e.m = 36.3+0.6) individuals, but these were
not significant compared to uninfected donors (meants.e.m = 35.1+4.8, Fig. 5.5b).

HIV-1 bNADb-/+ and uninfected individuals showed similar V-gene frequencies,
and HIV-1 bNAbs+ and HIV-1 bNAbs- individuals used V-genes independently of
bNAD status (Tpearson = 0.95, Fig. 3a). Their V-gene frequencies correlated less with
uninfected individuals (respectively, Tpearson = 0.88, 0.84, Fig. 3a). Correlation of
J-gene usage was high across all three donor categories (7pearson = 0.98-0.99, Fig. 5.3a)

and all 6 J-genes were present.

In order to investigate whether the difference in the number of V-gene germlines
represented in repertoires translated to a distinctive fingerprint in V-region similarity to
bNAbs for HIV-1 bNAb+ donors compared to controls (HIV-1 bNAb- and uninfected),
we calculated the sequence similarity to bNAbs and divergence from germline (Fig.
3c). Indeed, twice as much sequences with a V region above 90% a.a. similarity to
bNAbD V regions were detected in the HIV-1 bNAb+ class (n=2,602; 0.02%) compared
to HIV-1 bNAb- (n=919; 0.01%) and uninfected donors (n=101; 0.01%). V region
identity to bNAbs could discern the class of repertoires. When the whole VDJ region
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Fig. 5.5 (A) V-gene frequencies and Pearson correlation (r) of HIV-1 infected indi-
viduals that have developed bNAbs, that have not developed bNAbs and uninfected
donors. (B) Number of V-gene germlines represented in antibody repertoires. Dots
represent single repertoire samples (n==83). (C) V region identity to bNAbs and V
region divergence from germline shows that HIV-1-infected individuals show V regions
that are more divergent from germline. Respectively, 3 and 25 fold more sequences

are > 90% similar to bNAbs in HIV-1 bNAb+ then in HIV-1 bNAb+ and uninfected
individuals.

was considered, identity to bNAb was not a discriminating characteristic for bNAb
status (Fig. 5.6b). Although a general tendency towards a higher density of sequences
more diverging from germline was detected in HIV-1 infected individuals, this germline
divergence did not seem to be distinctive for bNAb-status. Furthermore, the combina-

tions frequencies of V-J germline genes were similar in the 3 classes of donors (Fig. 5.6¢).

5.3.4 HIV-1-bNAb+ individuals show similar clonal expan-
sion, and repertoire architecture differs between HIV-1

infected and uninfected individuals

The repertoire’s state of clonal expansion, described by evenness profiles, can be used
for detection of immunological status [68]. Therefore, evenness profiles from each
donor and time point were calculated as described by Greiff et al. (Fig. 5.7a, see
Methods) and subjected to hierarchical clustering. Briefly, evenness profiles describe
the extent to which a given species frequency vector is distanced from the uniform
distribution species frequency vector. Hierarchical clustering led to three big clusters
in one of which 10 of the 12 HIV-1 bNAb+ samples were located. Thus, HIV-1 bNAb+
individuals showed similar dynamics of clonal expansion. However, clonal expansion
was not sufficient to discriminate between HIV-1 bNAb- and HIV-1 bNAb+ samples.

Network CDR3 sequence similarity describe the architecture of an antibody reper-
toire [31]. In order to determine whether repertoire architecture differed among classes,
we constructed networks from the Levenshtein distance matrix of all-against-all CDR3
sequence similarity comparisons for each sample (n=_83, see Methods, Fig. 5.7b). Reper-
toire architecture as quantified by the network clustering coefficient was discriminative
of HIV-1 infected and uninfected individuals but did not differentiate between HIV-1
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Fig. 5.6 J-gene frequency, V-J combinations and VDJ sequence identity to
database bNAbs. (A) J-gene germline frequencies in HIV-1 bNAb+, HIV-1 bNAb-,
and uninfected classes. (B) VDJ a.a. similarity to DB bNAbs and divergence from
germline. Sequences have been aligned using Blastp. (C) Quantification of V-J gene

combinations.
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the number of unique clones in a repertoire dataset. (B) CDR3 similarity networks
were constructed from the Levenshtein distance matrix of all-against-all CDR3 a.a.
sequences. Exemplary networks from representative individuals. (C) Clustering coeffi-
cient of CDR3 similarity networks (n=15). Box plot indicates medians.e.m. Differences
between HIV-1 and uninfected individuals are significant (p<0.05).
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bNAb- and HIV-1 bNAb+ (Fig. 5.7¢).

5.3.5 Machine learning predicts bNAb-DB sequences from
HIV-1 bNAb- with 95% accuracy

Some specificities like high SHM, long CDR3, and restriction to certain germlines are
present amongst bNAbs but not necessarily required for broad neutralizing activity.
Additionally, bNAb sequences have been reported to be rare. These factors render it
challenging to relate bNAD sequences to a whole-repertoire signature. Machine learning,
and in particular support vector machines (SVM), have emerged as a best practice
for the classification of biological sequences [221]. In order to determine whether the
bNAb-DB and HIV-1 bNAD- individuals differed on the repertoire sequence level, we
leveraged sequence-based SVM analysis [218, 153]. We built the model from all the
bNAbs-DB sequences and used HIV-1 bNAbs- sequences as a negative control. Because
of the different size between the bNAbs-DB and HIV-1 bNAbs- sequences, we split
the HIV-1 bNAbs- sequences into chunks of the same size of bNAbs-DB and used
80% of the sequences as a training dataset and 20% as a test dataset. Sequences in
the bNAbs-DB versus HIV-1 bNADb- individuals were predicted with 95% accuracy
(random is 50%, Fig. 5.8b). Briefly, in order to predict sequences based on features we
used kernel-based analysis of biological sequences using a position-independent gappy
pair kernel that divided sequences into features separated by gaps [218] and quantified
prediction accuracy of class discrimination by calculating the balanced accuracy (BACC
= 0.5 * (Specificity + Sensitivity)).

Sequences in the three classes of individuals (HIV-1 bNAb+, bNAb- and uninfected)
were diverse, and only a few sequences were shared across individuals (0.002-0.117%,
Fig. 5.4). Although there is a high overall sequence diversity among the different
classes, we used machine learning to detect intrinsic sequence features that go beyond
sequence similarity, thus allowing to detect sequences with similar features although
distant in their absolute a.a. homology. In order to investigate if features of sequencing
data were distinctive of the class, we investigated the sequences from each class and
compared them to each other (Fig. 5.8a). The classes could not be predicted at the
repertoire level (Figure Fig. 5.8a).
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Given the substantial immunogenomic differences between bNAb-DB and HIV-1
bNAD-, we used the constructed SVM model to search for bNAb-like CDR3 sequences
in the repertoires of HIV-1 bNAb+ individuals. We built SVM models based on
equally-sized chunks of HIV- bNAb- and bNAb-DB sequences, and we applied these
SVM models to the entire set of uninfected and HIV-1 bNAbs+ sequences. In these
individuals, we determined that 22% out of all CDR3 were bNAb-like, which was a
significantly higher percentage compared to the uninfected cohort (17%, Fig. 5.8b).

5.3.6 Discussion

Broadly neutralizing antibodies are potential therapeutics and guides to vaccine de-
sign [222, 198, 168, 149]. However, methods for the discovery of broadly neutralizing
antibodies are laborious and inefficient, with around 30 bNAbs discovered over the last
30 years [223, 199]. Advances in HTS technologies have made it possible to interrogate
in large-scale antibody sequences from HIV-1 individuals [27], thus harnessing the

potential of computational methods for de novo discovery of bNAbs [90].

We constructed a database of 90 bNAbs sequences (https://github.com/enkelejdamiho/
bNADbs-DB) in order to gather the full VDJ sequences of known bNAbs and charac-
terize them (Tab. 5.1, 5.2). The bNAbs-DB was built drawing sequences from all
available sources like bNAber [213], GenBank, Los Alamos HIV Molecular Immunology
(http://www.hiv.lanl.gov/), Abysis (http://bioinf.org.uk/abysis/), scientific literature
and personal communications. In addition to its advantage in comprehensiveness of
sequences, bNAbs-DB allows a coherent and standard analysis of all bNAbs features
(Fig. 5.1).

While persistence and continuation of SHM in contribution to lineage divergence
in bNAD evolution has been confirmed to be a determining factor of the breadth and
potency of bNAbs [42], our results indicate that the SHM of bNAb sequences is not
reflected at the global level of the antibody repertoire. Nevertheless, bNAb+ individ-
uals present more sequences that are largely mutated (up to 50% SHM) compared
to controls. bNAb-+ repertoires showed also more sequences with longer CDR3 than
the average length of bNAbs-DB, however they were not discriminated by the average
CDR3 length of their clones (Fig. 5.3).


https://github.com/enkelejdamiho/bNAbs-DB
https://github.com/enkelejdamiho/bNAbs-DB
http://www.hiv.lanl.gov/
http://bioinf.org.uk/abysis/
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Fig. 5.8 The frequency of bINAb-like CDR3s in HIV-1 bNAb+ is signifi-
cantly higher compared to HIV-1-uninfected individuals. (A) Balanced ac-
curacy of sequence-based SVM model comparing sequences from three classes of
repertoires: HIV-1 bNAb+, HIV-1 bNAb- and uninfected among each-other. Balanced
accuracy is the mean of specificity and sensitivity (random classifier: 50%). (B) The
ROC curve of SVM model shows the true positive rate against the false positive rate.
Balanced accuracy (median+ts.e.m. = 954+0.2%) of sequence-based SVM model (see
Methods) classifying sequences in the bNAbs database (bNAbs-DB) vs. sequences
from HIV-1 bNADb- samples. The HIV-1 bNAD- class was divided into chunks of the
size of the bNAbs-DB prior to running the sequence-based SVM across all chunks
(Training data: 80%, Test data: 20%). (B) Percentage of bNAb-like CDR3s in test
datasets of HIV-1 bNAb+ (median+ts.e.m.=224+0.9%) and uninfected individuals (me-
diants.e.m.= 17+0.9%). SVM models built for each chunk in (B) were applied to both
uninfected and HIV-1 bNAb+ donors as test data in order enumerate bNAb-like CDR3s
(displayed as percentage among all CDR3s per class). The SVM models each contribute
to the variation observed. Significance was computed using Wilcoxon rank-sum test.
Differences were significant (p < 1079).
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Although a recent study of germline profiles showed no significant differences in
germline IGHV repertoires between individuals who develop and who do not develop
bNADs ([220]), somatic variants of a specific bNAD lineage use unique germlines [42].
Our results showed no detectable differences in germline frequency, but significant dif-
ferences in the numbers of germlines present between HIV-1 and uninfected individuals
(Fig. 5.5). Nevertheless, these differences were not significant regarding bNAb status.
On the other hand, the percentage of V region identity to bNAbs-DB sequences was
3-25 fold higher in bNAb+ repertoires compared to the other two control classes (HIV-1
bNAb- and uninfected), suggesting an application of this method to detect bNAD status.

Evenness profiles based on clonal frequency distributions have been previously
applied to detect immunological status [68] and described a repertoire’s state of clonal
expansion. Evenness profiles of bNAb+ individuals showed the highest similarity
out of the three classes, however it did not discern all bNAb+ and bNAb- reper-
toires. While repertoire architecture differed between HIV-1 and uninfected classes of
individuals, it did not differentiate between HIV-1 bNAb+ and bNAbD- classes (Fig. 5.7).

Antibody repertoire sequencing datasets have steadily increased over the past few
years to 10° sequences/sample [27, 5, 190]. Meanwhile, machine learning has been
applied progressively to analyze large and complex sequencing data sets [221, 224].
We leveraged HTS of antibody repertoires in order to identify bNAb features through
supervised machine learning: we set to determine if the sequences from HIV-1 bNAb+
versus uninfected donors’ class were distinct. Comparing repertoires based on charac-
teristics of bNAbs (e.g., SHM, CDR3 length) could not discriminate between bNAb+-/-
class. The support vector machine (SVM) model was build using the bNAbs-DB as a
positive control and HIV-1 bNAbs- as a negative control. Although antibody repertoire
sequences from uninfected individuals could be used as a negative control, it is not
known if uninfected individuals have developed bNAbs. When sequence-features at the
repertoire level of the three classes of HIV-1 bNAb+, bNAb- and uninfected repertoires
were compared using the SVM model, these classes could not be discriminated based
on the sequence features retrieved by the model. Nevertheless, the selection of features
based on known bNAbs sequences (bNAbs-DB) allowed to discriminate sequences of the
bNAbs-DB versus HIV-1 bNAb- sequences with 95% prediction accuracy. Significantly
more bNAb-like sequences were found in HIV-1 bNAb+ repertoires by applying the
model to discriminate between HIV-1 bNAb+ repertoires compared to uninfected

controls (5.8). Although there is a large variance because of the difference in the
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number of sequences between HIV-1 bNAbs+ and bNAbs-DB, this variance can be
lowered by increasing the bNAbs database and by adding bNAbs to different binding
sites. The variance of bNAb-like sequence frequencies is independent of BACC, which
indicates that the bNAbs traing database size needs to be increased. Our results show
how SVM can be applied to detect bNAbs-like sequence signatures and although there
is a large variance, the difference between uninfected and HIV-1 bNAbs+ classes is

significant.

This work suggests that low-dimensional features such as SHM, CDR3 length,
germline gene usage, etc. are insufficient to detect bNAb-status differences at the
repertoire level. High-dimensional methods are needed to detect shifts in repertoire
architecture and composition. Because new and more potent bNAbs could be different
in sequence from known bNAbs, but still retaining intrinsic sequence features, methods
like V region identity to bNAbs-DB may prove not optimal for de novo bNAb discovery.
Machine learning captures high-dimensional sequence features, allowing for a less bi-
ased selection of bNAb-like sequences and allows to detect bNAb-like sequences in the
bNAbs-DB versus HIV-1 bNAb- with 95% accuracy. Additionally, better experimental
data is needed: higher coverage, sorted populations, and less errors [5] in order to

increase biological conclusiveness of high-throughput large-scale studies.

Construction of a bigger bNAbs-DB might be advantageous for an in-depth analysis
of the differences in sequence composition between bNAb-like and non-bNAb-like CDR3
sequences in order to engineer in silico bNAb-like CDR3 sequences in the future. The
construction of a catalog of bNAb sequences, all potentially with slightly different
therapeutic function, and synthetic bNAb-biased repertoire libraries to screen for more
affinity matured and potent bNAbs, might be a near future. In addition to bNAb-like
sequence detection against HIV-1, this work can support the research of other broadly

neutralizing antibodies e.g., against influenza [54] and dengue [138].

5.3.7 Conclusions

Our results show that bNAb-like sequences can be predicted from high-throughput
antibody repertoire sequencing data. While sequences within the bNAbs’ reference
range of SHM and CDR3 length can be detected at higher numbers in HIV-1 bNAb+
repertoires than in controls (HIV-1 bNAb- and uninfected), these characteristics are
not reflected at the repertoire level. Thus, bNADb status could not be predicted by
the average SHM or CDR3 length in a repertoire. Although a few bNAbs use specific
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germlines, V and J germline frequencies were highly correlated in HIV-1 bNAb+,
HIV-1 bNADb- and uninfected cohorts and did not assist the discrimination of bNAb
status. While sequence identity to bNAbs-DB detected a larger fraction of sequences
with bNAbs characteristics in bNAb+ cohorts, by applying machine learning we could
predict bNAb-like sequences in bNAbs-DB versus HIV-1 bNAb- with 95% prediction
accuracy and detect significantly more bNAb-like sequences in HIV-1 bNAb+ than in
uninfected repertoires. Systems analysis may thus advance the information quality and

knowledge from large-scale data, supporting the future de novo discovery of bNAbs.






Chapter 6

SystimsDB: a database of immune

repertoires

6.1 Abstract

Immune repertoires are large and diverse collections of B and T cell receptors, each
clone defined by the CDR3 region which is responsible for antigen binding. High-
throughput sequencing has enabled the detection, deposition and analysis of millions
of sequences from immune repertoires. However, immune sequences have not been
aggregated into a database, thus hindering the cross-analysis and benchmarking of
immune sequences and repertoires from public data. Therefore, we constructed an
immune repertoire database (systimsDB) to incorporate the collection of 80 public
datasets of 7,592 publicly available sequencing samples from 5 different species resulting
in a total of ~ 6.5 billion sequences, and 142 sequencing sample resulting in &~ 0.2 billion
sequences generated in-house. Sequences have been VDJ annotated in systimsDB, thus
providing immediate usability for downstream analysis. Specifically, we provide users
with the options of searching, exporting results and analyzing entire annotated immune
repertoires and partial sets of sequences according to user-defined selection criteria. The

database is available as a web server at https://www.systimsdb.ethz.ch /index.html.

6.2 Introduction

Immune repertoires are collections of B-cell receptors (BCR, antibody) and T-cell
receptors (TCR). BCRs and TCRs are formed by two chains of similar domains: heavy
and light chains in B cells and and chains in T cells. Naive B or T cells are generated
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through the somatic recombination of Variable (V), Diversity (D), and Joining (J)
gene segments, and further addition of nucleotides at the junctions, which encode the
variable domains of the chains. Clonality and antigen-binding is mainly determined by
the complementarity determining region 3 (CDR3) in the variable domains. Further
somatic hypermutations add to the diversity in the case of BCR repertoires. Thus,
because of the underlying mechanism of their generation, immune repertoires are

characterized by an enormous diversity in their CDR3 clonal sequences (Fig. 6.1).

High-throughput sequencing has enabled the detection, deposition and analysis
of millions of BCR and TCR sequences [27, 26, 225, 68], capturing the diversity of
natural immune repertoires in order to answer fundamental immunological questions
[31] and investigate immune repertoires as biomarkers [226-228]. Furthermore, in
the last decade, the biopharma industry has extensively sequenced synthetic immune
systems (e.g., antibody display libraries) for the discovery of therapeutic antibodies
with improved affinity, specificity and stability [229-232]. Thus, there is a large amount

of natural and synthetic immune repertoire sequencing data.

Here we provide systimsDB as a collection raw sequences generated in-house
and downloaded from repositories through accession numbers indicated in the liter-
ature [233, 94, 234-236, 132, 48, 237, 152, 238, 16, 239-244, 190, 245-248, 118, 249,
95, 250, 251, 54, 252, 110, 253, 142, 254-257, 92, 64, 258, 43, 259-264, 138, 265—
267, 133, 268, 36, 269, 93, 270, 271, 97, 272, 44, 273-276, 60, 277-279, 41, 99, 280, 55,
15, 281, 40, 42, 282, 283, 206, 98, 91, 90, 147]. In addition, we provide a ready-to-use
set of clones that have been annotated with a standardized bioinformatic pipeline and
sample analyses that can serve as a control to immune repertoire sequencing data. The
web server supports a user-friendly search function, selection of processed CDR3 clones,

download of data of interest and repertoire analysis across clones and datasets.

6.3 Material and methods

6.3.1 Data collection

We have compiled systimsDB from BCR repertoire sequences generated in-house and
from public data of BCR/TCR immune repertoires. Accession codes were identified from

peer-reviewed scientific publications from literature search and on-line sources of refer-
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Fig. 6.1 systimsDB. Publicly available immune repertoire sequences are collected
and sequentially VDJ annotated using parallel computing. systimsDB is populated
with CDR3 clones and is searchable. The database is searchable at a sequence level
and at a dataset level. Selected results can be downloaded. Post-processing analysis
can be performed or downloaded for a dataset.
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ence for public available datasets (http://b-t.cr/t/publicly-available-airr-seq-data-sets/
317). Sample Accession numbers were used to identify codes of sequencing runs from
the NCBI Sequence Read Archive (SRA, https://www.ncbi.nlm.nih.gov/sra/). Raw
reads from publicly available datasets were downloaded from the SRA, European
Nucleotide Archive (ENA, http://www.ebi.ac.uk/ena), the database of Genotypes
and Phenotypes (dbGaP, https://www.ncbi.nlm.nih.gov/gap), the public functional
genomics data repository Gene Expression Omnibus (GEQO), and collected in fastq files
using the EMBL-EBI FTP server (ftp://ftp.sra.ebi.ac.uk). Public data was retrieved
through literature and was annotated with BCR/TCR information, species, antigen
(or infection/disease/vaccination status) and cell populations specifications where ap-

plicable.

6.3.2 Data annotation

Raw reads downloaded from the source were annotated using MiXCR version 2.1.5 [17].
B and T cell clones were assembled based on CDR3 a.a. sequence and were exported

filter out of frame sequences, and sequences containing stop codons.

6.3.3 Database design

Three base data structures were used to store the data in the SQL database (Fig. 6.2):

1. Dataset table that contains the Dataset ID, Sample name, Species, Strain, Cell
Type (Naive B cell, Plasmacell, etc), Antigen (OVA, HIV-1, etc), Chain (IGH,
IGK, TRA, etc), Status (confidential /public).

2. Clone table that contains the clone ID, Dataset ID, Read 1D, Isotype, CDR3
AA, CDR3 NT, V gene, D gene, J gene, SHM AA, SHM NT, CDR3 Length,
Functionality (true/false), CDR3 Frequency.

3. Status table that contains Dataset ID, Info (indicates the stage of the analysis:
e.g., fetching data, assembling clones), Type (begin/end), Timestamp (time when

data was processed and included in database).

The dataset table is populated with all the information about the datasets stored
in-house, as well as from the public datasets. To each dataset is assigned/extracted a

Dataset ID and were preprocessed with MiXCR [17] parallel-wise using Snakemake
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[284] on the ETH computational cluster (Euler). Additionally, a status table is updated
with information on the progress of the processing. The output of the preprocessing is

exported as clones and inserted into the sequence table.

Config. file
used by

data set info
& meta-data

Config. file

copy R

launches job arr;j%\JOB ARRAY
fastQ

Oﬁenﬁlﬁ%m = My M

pyBIS L T I Pipeline
Data set table Snake-

es - o - - - -
popult updates status » . ” uELES
Status table

insert into database

Master script

initializes

1
:
1
Database .
1
1
1
1

openBIS
pyBIS

-

Fig. 6.2 Database design. Database is structured in Dataset table, Status table and
Sequence table. The Sequence table is populated after CDR3 are annotated. (Euler:
ETH computational cluster; openBIS: ETH raw sequences storage).

6.3.4 Database construction

systimsDB was constructed by collecting of raw sequences generated in-house and
downloading from repositories through accession numbers as indicated in the lit-
erature. Publicly available datasets were downloaded using the accession numbers
(http://b-t.cr/t/publicly-available-airr-seq-data-sets/317). The database was populated
by indexing clones and extracting the CDR3 a.a. sequence, the CDR3 nt sequence,
somatic hypermutations (a.a.), CDR3 length, CDR3 frequency and count. For each
CDR3 clone, alleles (e.g., *00) were removed from the best aligned V gene, D gene,

and J gene and the isotype information was retained in the database.

6.3.5 Web application

SystemsDB application has been developed using a standard web technology stack and

following a standard three-tier architecture:
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o Tier 1, Database: SystemsDB data is stored in a standard SQL database.

o Tier 2, Backend: Data is then queried by the backend, on this case the backend
is written using a Python framework and a JSON-RPC 2.0 API exposes the
query functionality. The backend returns the results as standard JSON objects
that can be used by any application.

o Tier 3, Frontend: A single-page web application is served by an Apache web
server, this application has been developed using standard HTML5 and JavaScript
technologies and communicates with the backend using the JSON-RPC 2.0 API.

This architecture will allow creating further applications reusing the same backend
and JSON-RPC 2.0 API when further research or collaborations requires it.

6.3.6 Data analysis

On-the-fly and standard analyses are provided. Analysis of selected clones is performed
on-the-fly for CDR3 length, SHM, and V/J gene frequencies. Standard analysis across
datasets like the percentage of public clones (shared CDR3s in different datasets) and
network analysis (Miho et al., 2017) has been performed a priori and is provided as

requested.

6.4 Results

6.4.1 Raw datasets

systimsDB (Fig. 6.1) was constructed from 142 in-house generated sequencing exper-
iments resulted in ~ 0.2 billion reads (n1=260,529,741) and it is to incorporate 80
public datasets with a total of 7,592 sequencing experiments resulting in ~ 6.5 billion
reads (n>6,462,738,099) from 5 species: Homo sapiens (n= 65), Mus musculus (n=13),
Macaca mulatta n=(2), Danio rerio (n=2) and Oryctolagus cuniculus (n=1), of which
58 BCR and 23 TCR datasets.

6.4.2 Preprocessing

Clones were assembled on CDR3 given the importance of this region in the variable
domain to determine clonality and antigen-binding [11, 12]. systimsDB has approx-
imately 3 billion CDR3 clones. The standardized preprocessing framework ensured

reproducibility of the results.
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6.4.3 Web application

The web application is publicly accessible and allows a non-expert user to search the
database specifying predetermined filters. Results are shown in a tabular format and
columns to be shown can be selected or hidden. Finally, the user can decide to export
the results as a tab-separated text file (TSV). This format allows data to be easily
loaded in standard spreadsheet applications for further analysis or imported in other

databases.

6.4.4 Analysis

Analysis of CDR3 length, SHM, and V/J gene frequencies, public clones and diversity
networks is provided for each dataset. Further analysis comparing selected CDR3

clones according to the input provided by the user is performed on-the-fly.

6.5 Discussion

The determination of immune repertoires using high-throughput sequencing has become
a crucial tool to understand the immune response, in library preparation and screening,
and in clinical practice [27, 26, 226, 229]. The immuno-sequences deluge has created
in-house and global unmet needs in terms of data management, storage and analysis.
Up-to-date, no database exists and there is not one standard framework for immune
repertoire sequencing data. systimsDB, is a database of immune repertoire sequences.
It supports the search of CDR3 sequences and characteristics across datasets through
a web server, and uses a standardized framework to analyze publicly available immune

repertoire data.

With sequencing experiments becoming faster and cost-effective, research labora-
tories and biopharmaceutical industries are expected to produce increasing volumes
of data and only part of this data will be deposited in public repositories. By using
the systimsDB structure, research groups and private companies can introduce stan-
dardization, limit redundancy of stored data, establish reproducibility in downstream
preprocessing and analysis, and increase the reusability and the cross-validation of the
data.

Publicly available data from immune repertoires data has revealed to be arduous to

access because of the intricate retrieval process (through single scientific articles and
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the data accession codes) and the necessary computational skills. Although several
bioinformatic tools have been developed to analyze and visualize immune repertoires [5]
in order to make this data more accessible to the laboratory immunologist, the access
and use public data (e.g., for benchmarking purposes or as an in silico control) has been
limited to a few (2-3) datasets exploited principally by computational immunologists
[68].

Furthermore, if to be used, the data necessitates de novo bioinformatic processing
and analysis. While accession numbers are now almost regularly stated in literature,
the correspondent metadata often suffers from dynamic modification of the experiments
and a lack of standardization in reporting experiment and protocol related information.
Often, data correspondence to the samples is not self-evident and further computa-
tional manipulation or personal contact with the authors of the original publication
is necessary. Additionally, raw data are preprocessed with a variety of bioinformatic
frameworks, giving rise to a potentially large variation in the analysis results of clones
as preprocessed with the different methods. Thus, there is a gap between the generation
(deposition) of large amounts of immune repertoire sequencing data, its retrieval and

downstream management and analysis.

systimsDB is a specialized database of preprocessed immune repertoire sequencing
data (TCR, BCR), that is searchable through a web-interface and allows for the
download of selected sub-repertoires in tabular output. The available downstream

analysis in systemsDB ensures consistency of methods and reproducibility of results.



Chapter 7

Conclusion

7.1 Relevance of this work

A systems view of the immune systems was first proposed by Nobel laureate Niels K.
Jerne more than 40 years ago [29]. Jerne anticipated the transition of immunological
research to a systems prospective: “Though the search for mechanisms at sub-cellular,
cellular and inter-cellular levels will of course continue, |...] emphasis will shift to a
structural analysis of the entire immune system.” Nevertheless, systems immunology
has developed as a field only recently. Overall, it represents the study of the immune
system from a comprehensive and holistic perspective, through integrated mathematical
and computational approaches. Specifically, systems analysis of the adaptive immune
responses, such as B and T cell repertoires, leverages information-rich data obtained
from high-throughput sequencing in order to detect and relate structure and function

in complex immune repertoires [24, 27, 25, 225, 5, 285].

Thus, a system-level survey of the adaptive responses has been enabled by the rapid
recent advances in high-throughput sequencing technologies, which have resulted in
massive amounts of data. The immunosequencing data deluge has introduced significant
unresolved computational challenges. Therefore, the transition to a systems analysis of
B-cell and T-cell receptor repertoires has implied the unification of immunology with
informatics [30]. The development of computational tools and analysis for scalable
repertoire data analytics has become a necessity, and so far has frequently constituted
the bottleneck to immunological insights at the authentic repertoire-level. For example,
the millions of sequences representing an antibody repertoire have limited the practice
of network analysis in immunology and the fundamental architecture of the antibody

repertoire, defined by the network similarity landscape of its sequences which reflects
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the spectrum of antigen binding thereby determining immunological protection and
function, has long remained unknown. In addition to the indispensable computational
advances and the development of scalable tools in order to perform the analysis of
large-scale data, new integrative approaches have become necessary to synthesize and

transform data into biological insights.

The systems immunology computational tools and analyses developed in this work
enable novel insights on the structure and function of antibody repertoires, and gener-

ation of new hypothesis (Fig. 2.2, Chapter 2). Specifically:

o Chapter 3: The novel large-scale network analysis and statistical framework
revealed the clonal architecture of antibody repertoires from a systems prospective
and the structural function of public clones (B-cell receptors that are shared among
different individuals). Jerne proposed “the possibility of viewing the immune system as
a formal network [...]” [29]. This work brings to fruition his vision and opens the way
to the science of network systems immunology, where nodes can be cells of an immune

repertoire, or extend to represent antibodies and antigens in the same network.

o Chapter 4: An open-source novel computational tool, imNet, was developed to
construct unprecedentedly large-scale antibody repertoire networks. It enables the
deconstruction of the antibody repertoire architecture in entire antibody repertoires of
millions of sequences by generating the networks, and thus empowering the development
of novel statistical analyses (as shown in Chapter 3). imNet allows to extend the
application of network analysis to all sequence-based fields of medical research, from
microbiology and virology to proteomics, enabling the generation of new hypothesis
and hypothesis testing. Furthermore, imNet is cross-disciplinary, being also useful in

social and business sciences for the construction of large-scale string-based networks.

o Chapter 5: Systems analyses (i.e., global sequence characterization, germline
gene frequency analysis, evenness profiles of B cell expansion, network analysis, and
sequence-based support vector machine learning) were applied to human datasets
from uninfected and HIV-1 infected individuals that had or had not developed broadly
neutralizing antibodies (bNAbs). The reference open-source database of bNAbs (bNAbs-
DB) constructed in order to detect bNAb-specific signatures at a repertoire level and
can be analyzed to extract analysis-based other parameters, like the frequency of

positioned-based amino acids. The compilation of diverse systems methods allowed
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not only to compare repertoires in health and disease, but also to detect components
within the disease category like the presence of bNAb-like sequences in HIV-1 infection.
The collection of various types of systems analyses enabled relating to the power of

the different methods in gaining immunological insights at the antibody repertoire level.

o Chapter 6: Considering the existing challenges in generating and collecting
immunosequencing data of antibody repertoires (Chapter 3, 5), systimsDB was con-
structed to enable faster future research of immune repertoires. systimsDB, a database
of complementarity determining regions 3 (CDR3) clones from sequenced B and T
cell repertoires, enables the immediate testing of new hypothesis building from this
large-scale existing data and a posteriori integration of systems analyses within and

across datasets.

In summary, (i) imNet constructs large-scale networks from biological sequences,
(ii) large-scale network analysis reveals that the architecture of antibody repertoires
is reproducible, robust and redundant, (iii) machine learning enables the detection of
signatures of broadly neutralizing antibodies in HIV-1 individuals, and (iv) systimsDB

provides access to systematically annotated immune repertoires.

7.2 Perspective

Systems and network analysis developed and applied here to the antibody repertoire
are powerful approaches to answer basic immunology questions and to investigate

potential applications in diagnostics, vaccine design and antibody discovery.

7.2.1 Systematically annotated immune repertoire data for

benchmarking and repurposing

One immediate application of systimsDB database is to search, filter and subset the
database in order to benchmark new data comparing their analysis to the statistics
from database samples and experiments (Fig. 7.1). For example, the clonal expansion
of B cells in disease is reflected in their uneven profiles [68], where a few clones are very
expanded and dominate the repertoire (e.g., HIV-1 infected individuals). In comparison,
B cell clonal expansion profiles in health are uniform and clonal frequencies are evenly

distributed. systimsDB datasets and samples can serve to benchmark new data, and
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compare clonal expansion profiles to different healthy individuals, and individuals with
diseases (HIV-1 infection, Myasthenia Gravis, etc) or after vaccination. In this regard,
systimsDB can represent a first reference and could provide initial cues on the immune

repertoires analyzed.

Another example of the future use of the database is as a reference to disease/health
associated clones. It is known that sequence-similar immune clones present similar
sequence-binding properties. systimsDB presents not only a collection of datasets, but

also a collection of clones which can be correlated with the health or disease status.

On the other hand, systimsDB opens new research questions. The standard anno-
tation of all datasets reduces preprocessing and analysis bias, and renders the datasets
comparable. Thus, machine learning can be applied to classify clones in health or
diseases and to detect new features. Another possibility is to detect features of clones
specific to a particular sequencing platform, thus providing future ways to predict and

correct for platform-specific sequencing errors.

Clonal relations in different species can be further researched in the future. This
would bring a further understanding to evolution of clonal differences from a systems-
species prospective. Additionally, understanding and characterizing clonal sequence
differences, for example between mice and humans, would be useful in clinical re-
search where the development of monoclonal antibodies has developed from murine, to
chimeric, humanized and human only sequences because of the dangerous side-effects

that non-human monoclonals can exert.

systimsDB provides a basis for new hypothesis generation and enables answering
to questions such as: (i) What are the clonal features and signatures of health and
disease? How do we compare the network repertoire architecture across individuals
beyond condensed network indices, thus without losing information? (iii) What are the
cross-species relations of immune clones and repertoires? In prospective, a collection of

individual data can support personalized diagnostics and therapeutics.

7.2.2 Fundamental immunology

In this work, novel analysis tools have been developed (imNet) for high-dimensional

data and they have been applied to immunology. In particular, large-scale data provides
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a means to uncover fundamental principles of the adaptive response, to monitor and
probe entire immune repertoires and their specificities. Some fundamental research
questions can be answered with the novel systems and network approaches developed
here. For example, it is yet unknown what is the architecture and the principles of the
T cell repertoire. Although there are studies that represent clusters of related T cells
sequences as networks [249, 286], these are constructed on hundreds to thousands of T
cells, representing partial repertoires of 2-3 orders of magnitude lower to the number
of clones that would robustly represent a repertoire as shown in this work. Thus, the
global similarity landscape of the T cell repertoires and their architecture remains
unknown. Furthermore, studies regarding the tumor-infiltrating T cell repertoire have
become more and more important, as understanding the relations between cancer
antigens and adaptive immunity has become critical in discovering and developing
effective therapeutics [287]. The methods developed in this work can be of immediate
use in understanding the similarity landscape and architecture of T cell repertoires
in tumors, thus identifying structurally critical clones or characteristic tumor-specific
clonal and network motifs. Because the population of infiltrating T cells has been shown
to maintain a surprising large fraction of public clonotypes [287], knowing that public
clones are pillars of the architecture of B cell repertoires, the potential structural role

of public T cells in the tumor environment could be elucidate by future network studies.

Fig. 7.2 Hypothesis of the architecture of the human antibody repertoire.
Is the naive B cell repertoire evenly distributed? Is the structure of the antibody
repertoire star-like?

The direct follow-up of this study, making use also of the public datasets available,
can answer the question regarding the architecture of B cell repertoires in humans

(Fig. 7.2). At this stage, it is imperative to inquire if human antibody repertoires have
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the same structure as mouse repertoires. Is the tree-like structure of naive cells and
the star-like structure of antigen-experienced compartments evolutionary conserved
in different species? What are the advantages beyond robustness and redundancy to
function of these structures? These and similar questions can be answered by leveraging

large-scale network construction and applying networks analysis developed here.

Another fundamental immunological question that has not been resolved yet is:
Does the antibody (immune) repertoire organize in epitope-specific clusters? Are these
clusters reflected in the global architecture of antibody repertoires? Although antigen-
and epitope-specificity is one of the major questions in immunology, network analysis
and the sequence-space relations and combinations of antibodies and epitopes have
not been investigated yet. This work enables the investigation of the adaptive immune
response side of the virus-host interaction and can characterize, for the first time, the
epitope-specific and virus-specific antibody repertoires from a sequence perspective.
This study opens the possibility to study the dynamics of the immune response at
an unprecedented detail and allows for further investigation of the prediction of a

personalized immune response based on the knowledge of epitope-specific repertoires.

Given a potential experimental pipeline using ([8, 288]|, Fig. 7.3 A), the following
research questions could be addressed using the framework of the network analysis

described here:

« What fraction of the epitope-specific antibody repertoire is shared (within a
virus)? (Fig. 7.2 A, B)

» How do different virus-specific antibody repertoires relate? (Fig. 7.2 B)

» Do specific repertoires converge in a population? Can we predict specificity and
its potential? (Fig. 7.2 C)

7.2.3 Applied Immunology

Antibodies have become therapeutics of choice. There was a recent 100% increase
(from 26 mAbs in early 2010 to 52 mAbs in early 2017) in the number of mAbs in
Phase 3 clinical studies. And with over 230 mAbs currently in Phase II clinical studies,
the commercial mAb therapeutics pipeline should continue to support a steady flow of

mAbs from Phase II into Phase III, as those in Phase III advance to regulatory review
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Fig. 7.3 Perspective characterization of epitope-specific antibody struc-
tures. (A) Briefly, the potential experimental design for a new study to investigate
epitope/antigen-specificity: 1) isolation of antigen-specific B cells, ii) high-throughput
sequencing of the variable region of single B-cell receptors and iii) expression of the
antigen-specific antibody repertoire in a plug-and-(dis)play hybridoma platform [8]
in order to secrete the epitope-specific antibodies which will serve as known samples
for iv) epitope screening on VirScan [288]. (B,C,D) Systems methods and high-
performance computing tools can determine i) the epitope-specific binding profile of
each antibody and the cumulative binding profile of the specific antibody repertoire,
constructing a framework to detect epitope immuno-dominance, ii) to characterize the
epitope/virus/viriome-specific antibody repertoire and iii) to interrogate the correla-
tion of peptide and antibody repertoire network diversity, structure and properties in
order to quantify the degree of convergence of these repertoires in the population and
determine if specific-repertoires are predictable or can be predicted from the potential
repertoire.
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and to the market [289].

This increased interest in antibody therapeutics, have given rise to innovative
experimental tools in antibody discovery. Over the last 15 years, powerful combina-
torial technologies have allowed for the development of in vitro immune repertoires
and selection methodologies that can be used to derive antibodies without the need
for direct immunization of a living host but by generating antibody diversity from
synthetic V genes or cloned from B cells. These synthetic libraries provide information
regarding the total number of diverse clones but not not the structure of this diversity

and how it is distributed within a library.

1. Design 2. Synthetic 3. Library
Library Display Q‘ .§

Construction

67

Therapeutic antibodies from 1986

52

In late-stage clinical studies

o

1 1 — - Therapeutic
nreviewin2016 e - Diagnosis
Drug discovery and vaccine development - Research

Fig. 7.4 Synthetic repertoires simulating natural repertoires.Synthetic reper-
toires can be constructed on the basis of the principles of antibody repertoires, thus
simulating natural antibody repertoires.

o Can the principles of the architecture of antibody repertoires serve as a blueprint
for the construction of synthetic antibody repertoires that simulate humoral immunity

for monoclonal antibody discovery and vaccine development?

e The three fundamental principles of the architecture of antibody repertoires
uncovered here through network analysis may serve as a blueprint for the construction
of synthetic antibody repertoires, which may be used to simulate natural humoral

immunity for monoclonal antibody drug discovery and vaccine development.

o In conclusion, network and systems analysis are powerful and adaptive computa-
tional tools that can be further leveraged in fundamental and applied immunological

research.
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Appendix A

List of Abbreviations

Ab Antibody

BACC Balanced accuracy
BCR B-cell receptor

bNAbDb Broadly neutralizing antibody

CDR Complementarity determining region

CV Coeflicient of variation
DB Database
D Diversity

FR Framework

HIV Human Immunodeficiency Virus

Ig Immunoglobulin

Ig-seq Immunoglobulin sequencing

J Joining
LOOCYV Leave-one-out cross-validation

nBC Naive B cell
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List of Abbreviations

NGS Next-generation sequencing

pPC Pre-B cell

PC Plasmacell

SHM Somatic hypermutations

SVM Support vector machine
TCR T-cell receptor

V Variable
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