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Abstract

Complex traits and diseases, such as cancer, are determined by a combination of genetic and
environmental factors, which makes them difficult to study. While genome-wide association studies
(GWAS) have identified thousands of genetic variants associated with complex traits and diseases,
the causal genes, and therefore, the underlying diseases-driving processes remain mostly unknown.
This thesis aims to contribute to close this gap by unravelling the effect of genetic variation on gene

expression, as well as on cellular cancer-like phenotypes.

In the first project, the effects of genetic variation on gene expression were addressed using direct
long-read RNA sequencing. RNA alternative splicing (AS) regulates gene expression, and ultimately
the proteome, by allowing the production of multiple mRNA molecules from a single gene. AS is a
key component of gene regulation because it transforms one RNA molecule into multiple transcripts
with different structures causing variation in gene expression levels. It was shown that many genome-
wide associations for common diseases are affecting splicing processes by mechanisms that are
distinct from the ones affecting gene expression. However, technology limitations made it difficult to
determine the genetic effects on AS events on a genome-wide scale. To date, the majority of studies
have used short-read sequencing technologies, employing proxy procedures to determine the
structure, quantification, and alternative splicing characteristics of transcripts. During the past few
years of the post-genomics era, we have been witnessing the emergence of new technologies
specifically developed to fill these gaps, such as long-read sequencing. Direct RNA long-read
sequencing of 60 Lymphoblastoid cell lines (LCLs) was used to detect annotated and novel transcripts
and to identify genetic variants affecting transcript expression and structure. Previously identified
expression quantitative trait loci (eQTL) effects, i.e. were characterized more closely by the
identification of the transcripts affected by the eQTL among all the ones produced by the same gene.
Moreover, we discovered novel transcripts QTLs (trQTL) not included in the eQTLs previously

reported using short-read sequencing.



In the second project, the effects of genetic variation on cancer-like phenotypes were studied by
designing a population-level study. Historically cancer believed to be linked to somatic driver
mutations but, in recent years, it has become increasingly clear from GWAS that non-coding
regulatory drivers also play a critical role in cancer development and progression. Specifically,
inherited genetic variants (germline variants) might increase the risk of developing cancer. To gain a
deeper understanding of the regulatory germline contribution to cancer genetics, in particular to
identify which target genes are involved, 87 genetically different LCLs were tested to assess
cells’ proliferation, apoptosis, and chemotaxis using functional in-vitro assays. The aim was to
investigate whether specific variants and genes are associated with these three cancer-like
phenotypes, i.e. whether they affected the cell line to proliferate, resist apoptosis, and migrate in
response to chemical stimuli. Despite the relatively small sample size (n = 87), we were able to
identify a significant genetic variant associated with the replication index phenotype and multiple
putative genes mediating this genetic effect. This SNP was already reported as an eQTL affecting
the long intergenic non-coding RNA (lincRNA) LINC00539, which was previously linked with

tumor immune response in lung cancer.

The evidence from GWAS that non-coding genetic variants are associated with splicing,
and ultimately with cancer, underlines the need to focus on filling the gap still present between
variation in the non-coding genome and downstream effects on gene expression. With this thesis, |
attempted to obtain a deeper understanding of the genetic mechanisms linking genetic variants,
splicing and complex traits such as cancer. Integrating genetic information with gene expression
data, generated with the novel long-read sequencing technology, phenotype and functional data,
might open new way of study complex diseases, and provide new avenues for diagnostic

and therapeutic approaches.



Résumé

Les traits complexes et les maladies, comme par exemple le cancer, sont déterminés par une
combinaison de facteurs génétiques et environnementaux qui les rend difficiles a étudier.

Alors que les études GWAS ont identifié des milliers de variantes génétiques associées a des traits et
des maladies, les genes responsables et donc les processus sous-jacents a l'origine de la maladie
restent pour la plupart inconnus. Cette thése vise a fournir une contribution pour combler ces lacunes
en dévoilant l'effet des variations génétiques sur I'expression génique ainsi que sur les phénotypes

cellulaires de type cancéreux.

Au cours du premier projet, nous etudions les effets des variations génétiques sur I’expression des
genes en utilisant le sequencage direct, a longue lecture (long-reads) de I'ARN. Le mécanisme
d'épissage alternatif de I'ARN régule I'expression des génes et enfin du protéome en permettant la
production de plusieurs molécules d’ARN messager a partir d'un seul géne. C'est un élement clé de la
régulation genique car il transforme une molécule d'’ARN en plusieurs transcrits avec différentes
structures causant ainsi une variation des niveaux d'expression des genes. 1l a déja été démontré que,
pour des maladies courantes, de nombreuses associations a I'échelle du génome influencent le
processus d'épissage par des mécanismes distincts de ceux qui agissent sur I'expression des genes.
Cependant, les limites de la technologie ont rendu difficile, pour les chercheurs, la détermination des
effets génétiques sur les événements d'épissage alternatif a I'échelle du génome. Jusqu'a présent, dans
la plupart des études, on a utilisé des technologies de séquencage a courtes séquences (short-reads),
en utilisant des procédures de proxy pour determiner la structure, la quantification et les
caractéristiques d'épissage alternatif des transcrits. Dans I'ere post-génomique, au cours des derniéres
années, nous avons assisté a l'apparition de nouvelles technologies de séquencages spécifiquement
développées pour combler ces manques, comme le séquencage a longue lecture. Dans cette étude,
nous utilisons le séquencage direct d'/ARN a longue lecture de 60 lignées cellulaires lymphoblastoides
(LCL) pour détecter aussi bien les transcrits déja annotés que les nouveaux de méme que pour
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identifier les variantes génétiques affectant I’expression et la structure de ces transcrits. Nous avons
été & méme de caractériser avec précision les effets de eQTL (locus de caracteres quantitatifs)
précédemment identifiés, c.-a-d. identifier les transcrits affectés par ’eQTL parmi tous ceux produits
par le méme gene. De plus, nous avons découvert de nouveaux transcrits QTLs (trQTL) non inclus

dans les eQTLs précédemment décrites avec le séquencage a courte lecture (short-reads).

Dans le deuxieme projet, nous étudions les effets de la variation génétique sur des phénotypes qui
recapitulent des caractéristiques du cancer en concevant une étude au niveau de la population. Le
cancer est généralement décrit comme une maladie liée aux mutations somatiques mais, durant ces
derniéres annees, il est devenu de plus en plus clair, a partir de GWAS, que les facteurs régulateurs
non-codants jouent également un rdle crucial dans le développement et la progression du cancer. Plus
précisément, I’expression des genes impliqués dans le développement de la tumeur peut étre modifiee
par des variantes génétiques héréditaires (variantes germinales) qui augmenteront le risque de
développer un cancer. Afin de mieux comprendre la contribution des variantes germinales pour la
génétique du cancer, et en particulier d’identifier les génes cibles impliqués, nous avons mis en place
trois essais fonctionnels en vitro sur 87 LCL génétiquement différentes pour évaluer la prolifération
des cellules, ’apoptose et la chimiotaxie. Nous avons investigué pour savoir si des variants génétiques
et des genes spécifiques étaient associés a ces trois phénotypes cancéreux et s’ils affectaient la
capacité de prolifération des lignées cellulaire, de résistance a lI'apoptose et de migration en réponse
a des stimuli chimiques. Malgreé la petite taille de la population étudiée (n = 87), nous avons été en
mesure d’identifier une variante génétique associée au phénotype de I’indice de réplication cellulaire
ainsi que de multiples génes putatifs comme médiateurs de cet effet génétique. Les évidences
produites par les GWAS que les variantes génétiques non codantes sont associées a 1’épissage et
finalement a des maladies comme le cancer, soulignent la nécessité de se concentrer sur le
comblement de 1’écart encore présent entre la variation du génome non codant et son effet sur

I’expression des genes.
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Avec cette thése, nous avons tenté de combler cette lacune en intégrant 1’information génétique avec
les données d’expression génétique générées grace a la nouvelle technologie de séquencage a longue
lecture et les données phénotypes afin d’obtenir une compréhension plus approfondie des mécanismes

génétiques reliant les variantes génétiques, 1’épissage et les traits complexes comme le cancer.
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1.  The Human Genome

The human genome contains the instructions for all the cells of an organism to build a functional
human being. The genetic information is stored in the genome in the form of deoxyribonucleic acid
molecules, or DNA, and is inherited from one’s parents, ensuring the passing of the information
through generations. Humans are diploid organisms, meaning each person inherits two copies of the
human genome, one from each parent, and most of the DNA is organized as tightly coiled structure
divided into 23 chromosome pairs. The size of the human genome is ~3.2 billion per haploid genome
[1] and is composed of DNA sequences that are responsible for initiating and regulating the activity
of genes and the production of proteins. Based on the type of information it codes, the human genome
can be divided into coding and non-coding regions. The coding DNA is ~1.2% of the total human
genome and it is composed of genes, i.e. DNA sequences that contain all the information necessary
for the production of proteins. The other ~98.8% of the genome is known as the non-coding genome,
mostly having a regulatory function without coding for any protein. In any individual human, the vast
majority of the genetic sequence in all of the cells is identical; which adapts cells to their role and
environment is differences in the regulation of gene expression, the process of converting DNA

instructions into functional proteins.

In this section, I will provide a brief overview of the process of gene expression with a focus on how
gene expression is quantified with high throughput techniques and new technologies. Then | will
explain the genetic variation and how, together with gene expression, this can be used to understand
complex traits and diseases. Furthermore, | will give an overview of how genetic variation is
associated with diseases, with special emphasis on cancer, and describe how the regulation of gene
expression may be a cause of susceptibility to cancer development. Finally, | will outline the aims of

the present thesis.



2. Gene expression

Gene expression is the process in which the information encoded in a gene is transcribed froma DNA
template to a molecule of RNA. This RNA can be “read” and translated into a sequence of amino
acids that constitute a functional molecule called protein, or became a functional non-coding RNA
[2]. The RNA used as a protein template is called messenger RNA (mRNA), and it is transferred into
the cytoplasm before translation. Other RNA molecules, such as transfer RNA (tRNA), ribosomal
RNA (rRNA), microRNA, and long non-coding RNA (IncRNA), can play a role in gene regulation

or have others, not completely understood, functions [3].

2.1 Transcription
Transcription is the first step of gene expression, and it occurs in the nucleus when nascent RNA
molecules are produced by copying the gene’s DNA (Figure 1). It starts by making the DNA more
accessible to transcription factors (TFs), activators and co-activators close to the transcriptional start
site (TSS) of the gene. This allows the recruitment of RNA polymerase Il (RNAPolll), an enzyme
which catalyzes the transcription, in the proximity of the TSS. In the process of elongation of the
RNA molecule, the RNAPolll moves along the gene producing a single strand precursor-messenger
RNA (pre-mRNA) molecule in the direction 5-prime (5°-) to 3-prime (3°-) by copying the DNA
molecule [4, 5]. In the meantime, the pre-mRNA undergoes post-transcriptional modifications such
as the 5’ capping, the 3’ cleavage and polyadenylation that protect the molecule from degradation,

help transport the molecule to the cytoplasm and translation into a protein [4].
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Figure 1. Transmission of information from DNA to proteins. One strand of DNA is transcribed into RNA,
which then undergoes a maturation process involving splicing and the addition of poly-A tails. The generated
MRNA is exported from the nucleus to the cytoplasm where it is translated into proteins. (Created with

BioRender.com).

2.2 Alternative splicing
The pre-mRNA is the first form of RNA created through transcription and it consists of exons, RNA
sequences that encode the protein sequence information, and introns, non-coding sections of RNA
trasncript. During splicing, the pre-mRNA molecules are transformed into mature mRNAs by
removing the introns and ligating the exons together into transcripts [6]. Transcription and splicing
are closely intertwined, occurring almost simultaneously in the nucleus, but splicing can also take
place after transcription is completed and before the pre-mRNA is exported to the cytoplasm [7].
Throughout the mMRNA splicing process, a single gene can generate multiple different transcripts, and
in turn multiple different proteins, by selecting different combinations of exons. This process is

known as alternative splicing [8].



To splice pre-mRNA, two major chemical reactions must occur; firstly the 5' exon must be cleaved
from the intron and secondly, the intron must be removed, and the 5" and 3' exons joined. This process
involves a complex interaction between local acting elements (cis-elements) in the pre-mRNA and
protein-RNA distal acting factors (trans-factor) that bind to the cis-elements. The spliceosome is the
complex of proteins responsible for the splicing of mMRNA and catalyzes the removal of the introns
from pre-mRNA. The spliceosome contains a large number of different proteins such as the small
nuclear ribonucleoproteins (SNRNPs) [9]. Among these snRNPs, the U1, U2, U4, U5, and U6 are
involved in splicing by binding to specific sequences on the pre-mRNA and by recruiting other co-

factors to form the spliceosome (see also Figure 2).

5'SS { Exon 5'SS Intron 3'SS

Figure 2. Multiple proteins interact to constitute the spliceosome to regulate the splicing of pre-mRNA
molecules. The first and last two nucleotides of an intron are the highly conserved sequences GU and AG in the 5’
and 3’ splice sites, respectively (in yellow). The splicing process starts with the recognition of the 5’ splice site (SS)
by the U1 snRNP complex (light green), while the branch site is recognized by the U2 snRNP complex (deep green)
and the U2AF proteins are recognized by the 3’ splice site and polypyrimidine tract (green). Exonic splicing
enhancers (ESESs), exonic splicing silencers (ESSs), intronic splicing enhancers (ISEs), and intronic splicing
silencers (ISSs) are pre-mRNA cis-regulatory motifs that recruit various RNA-binding proteins (e.g., SR and hnRNP
proteins) to regulate alternative splicing. Blue boxes and red boxes represent the spliced and the alternatively spliced
exons, respectively. The dashed grey lines show the three different splicing events that can occur between the three

exons represented in the figure. (Taken from [10]).



Basic splicing events that can produce different transcripts include exon skipping, alternative 5’ and
37 splice sites, intron retention, mutually exclusive exons, and use of alternative first or last exons
[10] (Figure 3). Combinations of these alternative splicing events result in a variety of mRNA
isoforms, RNA molecules that originate from the same locus but have different exon compositions
and lengths. These different isoforms may code for different forms of proteins and therefore exhibit
distinct regulatory functions within the cell [11]. Thus, alternative splicing offers a powerful tool for
eukaryotic organisms to enhance their capability to regulate gene expression. As discussed in Section

4.3, abnormal alternative splicing can play a role in disease development.
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Figure 3. Overview of basic alternative splicing. (A) A pre-mRNA derived from a double-strand DNA shows
four different exons. (B) Basic splicing events. Blue, red, green, and orange boxes represent different exons
undergoing alternative splicing. The two yellow boxes represent part of exons alternative spliced, and the grey boxes

are a part of intron retained in the mRNA isoform (Created with BioRender.com).
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2.3 Translation
After maturation, the mRNA molecule moves to the cytoplasm where the ribosome initiates the
translation process. The mRNA sequence is read and translated from a nucleic acid sequence to a
polypeptide chain of amino acids to synthesize a protein. The genetic code is read in triplets of
nucleotides called codons. Each codon specifies one of 20 amino acids, which are the molecular
building blocks for proteins. The tRNA are molecules that read the codon sequence and ensure that
the correct amino acid is inserted in the polypeptide chain [12]. After the amino acid chain is
generated, a vast diversity of post-translational modifications may happen, with the most common
being attaching different molecules such as lipids (lipidation), carbohydrates (glycosylation),

phosphoryl groups (phosphorylation) to the protein chain [12].

3. Gene expression quantification

DNA sequence is constant across different cells and tissues and are the differences in gene regulation
that allows cells to perform their specific role in a given context. Because of this, it is of interest to
quantify the process of gene expression, i.e., the quantity of mMRNA a particular tissue sample or a
single cell produce within a specific context. Indeed, the ability to accurately quantify how many
MRNA molecules each gene produces at a whole-genome scale has become an essential instrument
in many different biological and clinical applications. Since the initial sequencing of the human

genome, different technologies have emerged to do so.

3.1. Short-read RNA sequencing
Short-read RNA sequencing (RNA-seq) is a Next-Generation Sequencing technology (NGS) widely
used to profile the transcriptome, identifying and quantifying transcripts [13]. RNA-seq offers a
powerful way to analyze global gene expression patterns, capable of identifying novel transcripts and
gene fusions [14-17]. In RNA-seq, a library of complementary DNA (cDNA) fragments is created

with adapters attached to one or both ends of RNA molecules. Every molecule is then sequenced to



generate short fragments from one end (single-end sequencing) or both ends (paired-end sequencing)
[13]. These fragments are called “reads” and have a typical length ranging between 30 and 300 base

pairs (bp), and the technology usually produces 20 — 100 million reads per sample [18].

To quantify the expression of each gene, the short-read sequences can be aligned to a reference
genome or transcriptome (an accepted representation of the human genome sequence) or can be
assembled de novo without a reference. This first step of alignment to a reference sequence is called
mapping, and quantification of gene expression is produced by counting the number of reads that map
to a particular gene. This technology has shown high specificity, sensitivity, and resolution.
Furthermore, RNA-seq has a high degree of agreement with other transcriptomic techniques, such as
quantitative real-time PCR (gPCR), both at absolute and relative levels of gene expression
measurements [19]. Nowadays, the vast majority of methods for RNA-seq analysis were developed
for the established Illumina short-reads sequencing platform [18]. Moreover, short-read sequencing
supports a large range of applications such as (i) quantification of mRNA, rRNA and tRNA,; (ii)
identification of differential gene expression; (iii) detection of splicing events; and (iv) capture of
post-transcriptional modifications, mainly polyadenylation and 5’ capping, among others [20].
Notably, more than 95% of the published RNA-seq data on the Short Read Archive (SRA) was

generated with the Illumina short-read sequencing technology [21].

The common practice of sequencing thousands of human genomes has shown that the genome is
highly complex and contains a variety of long repetitive elements, copy number alterations, and
structural variations that can be relevant to evolution, adaptation, and diseases [22]. However, RNA-
seq using short-read technologies suffers from the inability to sequence long stretches of RNA,
because it requires fragmentation and amplification of cDNA strands before sequencing. These short
sequences are then assembled using computer algorithms that require substantial overlap between
cDNA fragments to aid matching to the reference genome to identify their exact location. This process

is complicated in the case of complex genomes containing repetitive regions, as the produced short-
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read sequences can match multiple regions of the genome, making their exact location uncertain.
Even when using sophisticated bioinformatic algorithms, it is often impossible to map or assemble
short reads originating from regions with repetitive sequences, gene fusion or sequences consisting
of multiple homologous elements within the genome [23, 24]. Thus, sequencing a highly complex
and repetitive genome, such the human, can be challenging with these technologies [25].
Additionally, when multiple mRNA isoforms are generated by alternative splicing at a single locus,
the process of short-read assembly to distinguish different isoforms can be difficult and error-prone,
making it impossible to resolve connectivity between distant exons that are never represented on the

same fragment [26, 27].

3.2. Long-read RNA sequencing
One proposed solution to the difficulties of sequencing complex and repetitive genomes and
identifying mRNA isoforms is long-read sequencing, also called third-generation sequencing. Using
this technology, it is possible to sequence very long DNA/ RNA stretches of the order of 30,000 bp.
In general, long-reads provide superior performance for detecting transcriptomic structure and
isoforms than short-reads, due to their ability to span the entire length of the transcript. This is
important because, as revealed by a recent long-reads profile of the human transcriptome, novel
isoforms of spliced genes can contribute more than 10% of the total number of reads sequenced [28].
When quantifying expression, long-reads allow us to determine the exact splice events which connect

exons, something that is difficult with short-reads [29].

Currently, two long-read technologies dominate the field: PacBio single-molecule real-time
sequencing (PacBio SMRT or PacBio) and Oxford Nanopore Technologies (ONT) sequencing [25],
having different types of chemistry for production of long reads (< 30Kb) and ultra-long reads (>
1Mb) [25], (Figure 4). Both technologies produce reads that can cover the whole span of repetitive
regions of the genome, but present essential differences affecting their read lengths, accuracy, and

throughput [30].



3.2.1. Pacific Biosciences (PacBio)
PacBio permits the real-time measurement of fluorescent nucleotide incorporation during the
elongation of the replicated DNA strand from a non-amplified single-strand template. Thus, in the
process of DNA synthesis, incorporated nucleotides are detected via the accompanying fluorophore
that is released and dispelled when the phosphate chain is cleaved. The PacBio technology generates

reads between 10 — 25 Kb in length, far exceeding the read lengths generated by Illumina [31].

3.2.2. Oxford Nanopore Technology (ONT)
Alternatively, ONT long-read technology is based on sequencing a single linear DNA or RNA
molecule that can be megabases long [32, 33]. In ONT sequencing, double-strand DNA or RNA
molecules are attached to a sequencing adapter that is linked to a motor protein. The mixture is then
loaded into flow cells, where hundreds or thousands of nanopores are embedded into a synthetic
membrane. There, a motor protein separates the double-strand and drives the negative DNA or RNA
strand through the pore, creating a disruption of the ionic current inside the pore as the molecule
passes through. These disruptions to the current are recorded and ‘translated’ into the base sequences
in real-time [33]. Unlike other technologies, with ONT is possible to sequence directly native DNA
or RNA molecules without PCR amplification and retro-transcription commonly required for other
NGS technologies. In addition, read lengths of ONT can outstrip those of PacBio by at least an order
of magnitude, with a typical length of 10 — 100 Kb and the base calls are 87 — 98% on average,

depending on the algorithms used [34, 35].

Overall, and at the time of writing this thesis, ONT was more cost-effective for generating extremely
long reads than PacBio, and also provided the ability to directly sequence DNA and RNA molecules,

enabling the detection of base modifications and novel transcripts.

10



Illumina Oxford Nanopore

Flowcell

AAAAMA
TTTTTE —\\

B g b bl bl b e, 4

AAAAAA s

Intensity

i

i
@2 Or @c @c

Figure 4. Workflows for Illumina, PacBio and ONT technologies. The Illumina workflow (left), following
library preparation, individual cDNA molecules are clustered on a flowcell for sequencing by synthesis with
fluorescently labelled nucleotides. In each sequencing round the DNA strand is elongated and fluorophores can be
detected by imaging, where 50 — 500 bp reads can be obtained. The Pacific Biosciences workflow (middle panel),
molecules are loaded into nano wells on a sequencing chip, where they are bound to immobilized polymerase.
Fluorescently labeled nucleotides are incorporated into the growing strand fluoresce and detected, resulting in reads
of up to 25 kilobases (Kb). The ONT workflow (right panel), the individual nucleic acid molecules are loaded into
a flow cell, where motor proteins are docked to nanopores. RNA strands move through the nanopore due to the

motor protein, causing a change in current that is processed into sequencing reads of 1 — 10 Kb (Taken from [18]).

3.2.3. Limitations of long-read sequencing
Long-read sequencing still presents some limitations compared to short-read sequencing, including
lower accuracy per read [36]. Nanopore technology has a high error rate due to the inability to control
the speed at which DNA/ RNA molecules pass through the pore, introducing systematic errors. In

contrast, sequencing using PacBio produces random errors that can be partially corrected using a
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circular consensus sequencing that forces DNA to pass through the waveguide chip several times.
This technology can generate highly accurate reads of at least 99.8%, similar to short reads platforms
[37, 38]. For short-reads, the error rate can be as low as 0.1%, but platform, chemistry, context,

stringency of filtering, and other factors all influence read accuracy [39].

3.3.  Direct RNA sequencing (dRNA-seq)
ONT can directly sequence native nucleic acid molecules for the detection of natural modifications
in both DNA and RNA [40-43]. For direct-RNA sequencing (IRNA-seq) library preparation, a short
cDNA strand is synthesized and an RNA — cDNA hybrid duplex serves to stabilize the RNA
molecule. However, only the RNA strand passes through the pore during the sequencing process. The
average accuracy for dARNA-seq is normally around 85 — 87% [44], but new bioinformatics tools can
improve accuracy up to 98%, as reported by Oxford Nanopore [45]. As already mentioned, dRNA-
seq avoids steps of PCR amplification and cDNA conversion, which means 6mA (RNA N&-
Methyladenine) modifications can be directly detected [41]. Moreover, dRNA-seq can measure full-
length gene isoforms [46-48]. Table 1 briefly summarizes the main characteristics for short-read
Illumina technologies and dRNA long-read ONT technologies, highlighting the advantages,

disadvantages and main applications of both technologies.

Table 1. Main characteristics of the long-read ONT dRNA-seq technologies compared to Illumina short-reads

SequeRcing Platform Advantages Disadvantages Key applications
technology
Very high throughput: 100 - 1,000 Sample preparation include PCR, | Nearly all RNA-seq methods
times more reads per run then long- reverse transcription and size have been developed for short-
Short-read Ilumina read platform selection add biases red cDNA sequencing
¢DNA Biases and errors well understood Limited isoforms detection and
Huge catalogue of methods and quantification
analysis workflow Limited transcripts discovery
Long-reads up to 20kb, full length Low to medium throughput: Well suited for isoforms and
transcript captured 50,000 to 1 x 106 reads per run fusion transcript discovery,
I‘.mg-read ONT De novo transcriptome analysis Sample preparation and de novo transcriptome, and
Direct RNA Sample preparation without PCR and sequencing bias not well complex transcripts analysis
reverse transcriptions, reduce biases understood for now RNA modification detection
RNA base modification detected Need of high-quality RNA (methylation)
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4. Human genetic variation

Genetic variation is the difference in the DNA sequence between individuals of the same species. The
human genomes of any two individuals are approximately 99.9% identical; and 90% of the DNA
variation at the population level can be attributed to single-nucleotide polymorphisms (SNPs) that are
the variations most commonly observed in populations [49]. Variants that are inherited are known as
germline variants (e.g. present in the sperm or egg), while non-inherited variants that are generated
during the lifespan of an individual are known as somatic variants or somatic mutations [50]. Somatic
mutations that occur in germ cells and germline variants that are passed from parents to their offspring
both affecting population dynamics. In genomics, the presence of two or more variant forms of a
specific DNA sequence among individuals is referred to as a polymorphism. The different versions

of a polymorphism located in the same coordinates of two DNA molecules are called alleles.

One of the main questions arising after the first draft of the human genome was “how does the human
genome vary across individuals?” One early attempt to answer this was the HapMap consortium,
which genotyped individuals from four different human populations (Japanese, Chinese, Yoruba and
individuals with European ancestry) at a set of common SNPs known at the time [49, 51, 52]. With
the development of NGS, it became possible to study not only known SNPs, but the entire genome.
These advances led in 2008 to the 1000 Genomes Project, with the aim to sequence 1000 individuals
from 14 populations from all over the world. The gathered data generated a catalog of human genetic
variation and captured 98% of genetic variants which are common in human populations [53, 54].
The final phase of the 1000 Genomes project characterized 2,504 individuals from 26 populations,
identifying 84.7 million SNPs, 3.6 million short indels (insertion-deletion mutations less than 1Kb in
length), and 60,000 structural variants (larger than indels) [53]. The project concluded that genetic
variants with low frequencies in particular populations were geographically distinct, and different

populations have different profiles of common and rare genetic variation [53].
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These studies provided accessible genotype information, which has been used to study population
genetics and to better understand and characterize the genetic basis of disease. Much of this work was
facilitated by the fact that the samples were collected completely anonymously, meaning that data
and samples could be shared freely, with minimal privacy concerns. Similarly, the GEUVADIS
consortium produced gene expression data which could also be accessed with no restrictions.
GEUVADIS undertook pilot mRNA and small RNA sequencing projects on the data from
lymphoblastoid cell lines (LCLSs) produced from 462 samples collected by the 1000 Genomes project,
from five different populations (CEU — Utah residents (CEPH) with Northern and Western European
ancestry, FIN — Finnish in Finland, GBR — British from England and Scotland, TSI — Toscani in Italy

and YRI — Yoruba in Ibadan, Nigeria) [55].

A detailed overview on the relevance of LCLs for population-based genetic studies will be given in
Section 6, with a specific focus on its use as in vitro model to mimic cancer features. In particular,
LCLs were also chosen as the experimental model in the two studies presented in the Result section

of this thesis.

4.1.Complex traits and diseases
Complex genetic diseases are those caused by multiple genetic and environmental factors (e.g., diet,
climate, lifestyle), with patterns of inheritance more complex than the single-gene model of
Mendelian diseases [56-58]. To explain how genetic variation contributes to complex traits and
diseases, the “Common Disease/ Common Variants” hypothesis proposed that, at the population
level, the largest contribution to the genetic risk of developing a disease is caused by the effects of
common variants [59]. This model was supported by results from HapMap and 1000 Genomes finding
that most of the genetic differences within a population are driven by common genetic variants

(Minor-allele frequency (MAF) > 5%) [49, 54].
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Genome-Wide Association Studies (GWAS) are used to identify genomic variants that are statistically
associated with a risk of disease or a particular trait [60]. More specifically, GWAS rely on the survey
of the genomes of many people to determine whether there are genetic variants that occur more
frequently in the people with a certain disease or trait (cases in blue in Figure 5) than in those without
the disease or trait (controls in red in Figure 5). Typically, around 10 million SNPs from across the
genome are tested for these differences in frequencies [61]. Manhattan plots, where each dot
represents a different SNP, are commonly used to present GWAS results, with the x-axis being a
chromosomal position and the y-axis the level of significance of the association (-logl0 of the p-

value) (Figure 5B).
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Figure 5. Study design for Genome-Wide Association Studies (GWAS). (A) The study populations where the
genotyping data is extracted involves controls and cases for disease or unselected samples in the case of traits. (B)
GWAS use spaced proxies for association tests across the genome and represented by Manhattan plots where each
dot identifies a different SNP in its genomic position and shows the —logl0 (p-value) for the association between
the SNP and the trait. The threshold for significance is indicated as a dotted line (usually, p-value threshold of 5 x

107%) (Created with BioRender.com).
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4.2.Expression Quantitative Trait Loci

While GWAS identify genetic variants associated with complex traits/ diseases, when these variants
fall in the non-coding region it can be difficult to identify the biological mechanisms by which they
affect disease risk. This is known to occur for 88% of the SNPs associated with whole-organism
phenotype, as they are located in non-coding regions of the genome [62]. A useful approach to
connect GWAS variants with diseases is to study how genetic variants affect molecular cellular
phenotypes, such as gene expression, which in turn could have downstream effects on disease risk.
Gene expression can be viewed as a quantitative trait that is highly heritable, representing a cell’s
state or a cellular phenotype [63]. A better understanding of how genetic variants affect cellular
phenotypes may provide insights into the development of intermediate organ-tissue phenotypes, and
ultimately whole organism phenotypes (Figure 6) [63]. Moreover, it is difficult to dissect the impact
of genetic variants of whole-organism phenotypes when moving from cellular phenotypes because
genetics have a more direct effect on gene expression than on tissue/organ or whole-organism
phenotypes (Figure 6) [63].
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Figure 6. Whole-organism phenotype is a sum of molecular phenotypes affected by all DNA variants. Four
common not linked genetic variants (numbered from 1 to 4) affect cellular, organ-tissue and whole-organism
resulting in seven different normally distributed phenotypes. The white-blue gradient in the normal distribution
histograms reflects the effects of each of the four DNA variants (white and blue). However, the ability to dissect
genetic variants associated with phenotypes decreases as moving from cellular to whole-organism traits making the
distinction blurrier. In the case of a giving disease (dashed pink line), it can be interpreted as the end of the

continuous phenotypic spectrum (Adapted from [63]).

Variants that are associated with gene expression are known as expression quantitative trait loci
(eQTLs) [64]. eQTL studies typically involves measuring gene expression in tissue samples taken
from hundreds or thousands of individuals and testing these expression levels for association with an

individual’s genotype (Figure 7) [64].
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Figure 7. Schematic representation of expression quantitative trait loci (eQTLS). (A) In this illustration a given
SNP of interest (red oval) is in the proximity of gene A (blue square) that codes for the corresponding mRNA
molecules. (B) Box-plot showing the expression of gene A by the genotypes of the individuals and representing the
effect of the eQTL on the expression levels. In this example, the homozygous T allele gives higher gene expression

as the C allele (Created with BioRender.com).

The first eQTL study in humans was carried out in 2004 in LCLs by Morley et al. who showed that
almost one-third of the genes tested had an eQTL [65]. Over the years, a large number of eQTL

studies were performed to uncover the genetic basis of gene expression. The eQTLs were often
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located in regulatory elements of the genome and in promoters near the TSS of the associated gene
[55, 66-75]. Further studies investigated the degree of sharing cis-eQTLs across different tissues,
have found that between 69% — 80% eQTLs were tissue-specific, meaning they show a unique activity
in a particular tissue [67]. Tissue-specific eQTLs were located further away from the TSS of the gene
they were associated as opposed to those found to be shared across tissues. This suggests that genetic
variants in promoters are more likely to exert a shared effect across tissues than genetic variants in
enhancers [67, 76]. To further study how genetic variants affect gene expression and regulation across
human tissues, the Genotype-Tissue Expression (GTEXx) Consortia was established. They described
genetic effects on gene expression in 49 human tissues, finding that almost every gene has at least

one eQTL [77].

eQTL mapping studies became an important tool for the functional interpretation of GWAS results,
providing a way to identify candidate causal genes mediating a GWAS association, and to determine
the type of cell or tissue most likely to be involved in a disease [72, 78]. However, despite these
studies it remains a challenge to identify which genes causally drive disease. An overlap between
eQTL and GWAS signals could be explained by three scenarios: (i) two independent causal SNPs are
in LD with each other (linkage), (ii) one SNP affects the trait through affecting the expression of the
gene (causality), and (iii) a single-causal SNP has an independent effect on gene expression and the
trait (pleiotropy) [79]. It is only in the second case where the causal gene is implicated. Co-
localization tests are designed to distinguish between these three cases [80]. In general, eQTL studies
led to a better understanding of transcriptional regulation of gene expression, and this is beginning to

translate into a deeper comprehension of complex traits and diseases.

4.3. Quantitative trait loci affecting splicing and transcripts
Over the last decade, as a result of transcriptome profiling of large cohorts of genotyped individuals,
genetic variants affecting alternative splicing (AS) have been identified (known as splicing

quantitative trait loci or sQTLs) [55, 77, 81-83]. Researchers have used sQTL analyses in a variety
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of experimental settings to gain insight into the role of splicing plays in mediating GWAS
associations. Traits studied include adipose-related traits, Alzheimer's disease, schizophrenia, and
breast cancer [84]. In particular, it was shown that sQTLs might contribute to complex traits and
diseases and play a similarly important role in disease development as variants from eQTLs [85].
Several studies have examined the effects of genetics on transcriptomic variation in recent years [55,
71, 73, 85-88], but the complexities of reconstructing transcripts from short reads made it difficult to
fully understand the genetic regulation of splicing. In contrast to gene expression levels, which are
most often represented by a single value per gene, alternatively spliced genes can be represented in a
variety of different ways, each of them suited to identify different types of events. The main
phenotypes generally used in sQTL analysis include: (i) exon expression level [71]; (ii) transcripts
ratio, the ratio for each transcript over all possible transcripts [55, 86]; and (iii) percent exon inclusion

(PSI), or how often is a given exon included versus excluded from a gene [73, 87, 88].

However, current methods to detect splicing based on short-read data can only identify AS using
sequencing reads that span from one exon to another (e.g., splice junctions) or using computational
reconstructions of possible transcripts. With the advantages of long-read sequencing technologies,
spanning the entire length of a transcript with one single read, a more accurate measurement of
transcript expression can be achieved. From there, single transcript abundance can be used as a
quantitative phenotype to determine the association with SNPs. These transcripts eQTLs (trQTLs)
will add a new piece of information to the complex landscape of gene expression regulation. In
particular, sQTLs are genetic variants which affect a particular splicing event that has an effect on
the exon composition of the generated transcripts. In contrast, trQTLs specifically affect the
expression of a particular transcripts among those produced by AS events. Before the advent of long-
read sequencing technologies, it was not possible to detect trQTLs; if the SNP had an effect on the
most abundant transcripts, then this genetic effect would have been captured by an eQTL analysis but

if a less abundant transcript was affected by the SNP then the effect may be missed using eQTL

19



analysis, an expression phenotype that summarizes all transcripts expression. Figure 8 illustrates two

examples of SQTL and trQTL for the same gene.
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Figure 8. Representation of an eQTL effects on splicing and transcripts. (A) Two alternative splicing events
produce two different mRNA isoforms for the same gene. Different boxes represent different exons. (B) Box-plots
representing the effect of the SQTL on the isoform expression. The SNP is influencing the splicing events that
change the production of the isoforms 1 and 2. In the first example (blue plot) T/T genotype gives the higher
isoforms expression, while C/C the lower; in the second example (orange plot) C/C genotype gives the higher
isoforms expression while T/T the lower. (C) Box-plots representing the effect of the trQTL only on the expression
on the isoforms 1 without any effects on the expression of the isoform 2. In the first example (green plot) T/T
genotype gives the higher isoforms expression, while C/C the lower; in the second example (red plot) the genotype

did not have any effect on the expression of the isoform (Created with BioRender.com).
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5. The genetics of cancer

Cancer is a complex chronic genetic disease in which cells proliferate abnormally and spread in the
body, escaping the immune surveillance [89]. The importance of genetics in cancer development was
suggested by Theodor Boveri in the 19" century after observing chromosomal aberrations in cancer-
dividing cells under the microscope [90]. However, the word cancer refers to hundreds of different
disease types which share similar primary properties, namely abnormal cell proliferation [89]. In
addition, cancer is characterized by a high degree of cellular plasticity and heterogeneity, evolving at

the genetic, phenotypic, and pathological level [91].

5.1.Mutations in cancer
Historically, cancer was seen as a disease caused by the acquisition of somatic mutations in individual
cells. Mutations with detrimental effects are generally eliminated by purifying natural selection, while
those that are beneficial because they increase cell fitness — i.e., the ability to survive and reproduce
— are selected and favored by evolutionary processes (positive selection). The effects of the vast
majority of these beneficial mutations are generally mild and do not have a discernible consequence
on the organism phenotypes affecting cell division, cells death or other cellular phenotypes [90].
However, other mutations may enhance the proliferation or invasive potential of the cells, giving
them the ability to rapidly grow, colonize other tissues, and spread to other sites in the body by
metastasis [90]. These are considered “driver” mutations and affect genes known as “cancer genes”,
resulting in the promotion of tumorigenesis. Other mutations called “passengers” do not act directly
on the tumorigenic process, but instead hitch-hike the driver mutations that were earlier acquired by
the cells [90]. Passenger mutations can be present in cancer genes even if they do not directly promote
tumorigenesis. Genes affected by passengers’ mutations can be of two different types: oncogenes and
tumor-suppressor genes. Oncogenes are genes with the potential to cause cancer. They are highly
activated by mutations (gain of function mutations), giving selective advantages to the cell. Tumor

suppressor genes, on the other hand, are inactivated by mutations (loss of function mutations), giving
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proliferative advantages to mutated cancer cells [92]. In general, the mutational signature between
oncogenes and tumor suppressor genes is different, with recurrent mutations at specific amino acids
for oncogenes, while tumor suppressors show a higher fraction of truncating mutations, that lead to

the production of a shorter version of the protein [93].

For centuries, genetic predisposition has been recognized as an important factor in cancer
development and progression, but this has only recently been the subject of extensive investigation

[94, 95]. The Cancer Genome Atlas (TCGA, http://cancer.sanger.ac.uk/census) is a large study that

has produced a molecular characterization of over 20,000 primary cancer and matched normal
samples, spanning 33 cancer types. The TCGA shows that nearly 1% of human genes harbor
mutations that recur in cancer, most of them are acquired somatically and approximately 20% of these
variants are inherited as germline variation. Germline genetic variants known to drive cancer are
sporadically distributed over the genome and restricted to a small group of genes [96]. Therefore, the
investigation of germline genetic variants has mainly focused on known cancer genes, including
tumor suppressors, DNA repair, oncogenic signaling pathways and cell cycle genes [97]. For
example, individuals with Lynch syndrome who are first-degree relatives of patients diagnosed with
colorectal cancer carry defects that prevent DNA repair which can leads to the accumulation of
somatic mutations resulting in colon cancer [98]. In addition, cancer types such as breast and ovarian
cancers have been directly associated with germline mutations in the breast cancer susceptibility gene
type 1 and type 2 (BRCA1 and BRCA2) [99, 100]. BRCAL/2 are tumor suppressor genes that repair
DNA damage, and when mutated they no longer can prevent malignancies occurring. Women who
carry mutations in these genes have an increased lifetime risk of 84% and 39% of developing breast
and ovarian cancers [99]. BRCA2 mutations are also associated with predisposition to pancreas,
prostate cancer, and melanoma [101-103]. The germline mutations in BRCA1/2 seem to promote
cancer development at younger age, with the cancer being more aggressive and the patient having a

poorer prognosis compared to the sporadic breast cancer due to somatic mutations [99, 104].
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Tumorigenesis is a complex process and a deeper investigation of the interplay between the germline
genomic contribution and somatic mutations may uncover genetic mechanisms responsible for cancer

other than those that are linked to already known genes.

GWAS in cancer have shown that most cancer susceptibility loci, like those for other diseases, are
common variants which individually only moderately affect disease risk and that these variants are
mostly found in non-coding genomic regions (Figure 9) [105, 106]. As a result, genetic susceptibility
to cancer is characterized by unequal levels of risk and prevalence of predisposition alleles, and the
loci identified so far explain only a small portion of the familiar risk of many types of cancer [107].
Germline variants affecting cancer risk can be characterized as those with high penetrance, often
found in rare familial cancer cases, which seem to be directly involved in tumorigenesis [108] and
variants with low penetrance which may modulate the outcomes of other somatic variants with

smaller effects [109].
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susceptibility genes (e.g. TP53, PTEN,

10.0 BRCA1, BRCA2, MLH1 and MSH2)

Uncommon, moderate-penetrance
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CHEK2, BRIP1 and PALB2)
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Figure 9. Genetic architecture of cancer risk. An analysis of the findings of genome-wide association studies
(GWAS) depicts the low relative risks (RRs) associated with common, low-penetrance genetic variants. The RR is
moderate for rare, moderate-penetrance genetic variants (such as ATM) and checkpoint kinase 2 (CHEK2); and
higher for rare, high-penetrance genetic variants (such as pathogenic mutations in BRCAL and BRCAZ2 in hereditary

breast and ovarian cancer) (Taken from [107]).
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6. Lymphoblastoid cell lines as a model for cancer

LCLs are actively proliferating immortalized B-cells, transformed with Epstein-Barr Virus (EBV)
and derived from human resting B-lymphocytes. LCLs provide a nearly unlimited source of
individual’s genetic material as well as other biomolecules; they are easy to keep in culture,
manipulate, and have a stable karyotype, as mentioned before. Since LCL samples collected by the
1000 Genomes Project were derived from anonymous donors, the genotype information could
become publicly available. Over the last decade, LCLs have been extensively used for functional and
molecular studies. In particular, a large number of population genetic studies used LCLs to show how
genetic variation affects basic cellular phenotypes, i.e., to better understand the genetic basis of
disease [54, 63, 67, 110]. In population and family-based studies, LCLs played a key role in providing
the basis for research into rare genetic diseases. Furthermore, as previously mentioned, important
collections of genetically different LCLs generated over the years have proved to be a suitable model
to identify associations between genetic and transcriptomic signatures, as well as phenotypic changes

[111].

Since LCLs are generated through EBV-transformation of primary B-lymphocytes, LCLs are also a
suitable in vitro model to study EBV-associated B-cell lymphomas [112]. EBV immortalizes human
B-cells by pushing the cells to proliferate indefinitely and control their ability to resist apoptosis.
Post-transplantation lymphoproliferative disorder (PTLD) is a group of diseases characterized by
polyclonal lymphoid proliferations or aggressive monoclonal lymphomas [113]. For the majority of
PTLD cases, 60 — 80%, are associated to EBV infection and represent a rare, but well-described,
complication associated to solid organ transplantation. Due to pharmacologic immune suppression in
transplanted patients, EBV-transformed B-lymphocytes can grow in patients with PTLD. The result
is an abnormal growth and spreading of white blood cells; in particular, of B-lymphocytes infected
by EBV, causing complications that can range from benign noncancerous tissue overgrowth due to

the overproduction of the B-cells (hyperplasia) to malignant lymphoma or post-transplant lymphomas

24



(PTLs). PTLD can affect transplant recipients either because of reactivation of dormant EBV or
because the patient becomes infected with the virus for the first-time following transplantation.
PTLDs can form at all stages of the B-lymphocyte differentiation pathway, including some that are
pathogenetically related to other EBV-associated B-cell lymphomas. In addition, 40% of cases of
classic Hodgkin’s lymphoma, one of the two lymphoma categories, can also be associated with EBV.
Classic Hodgkin’s lymphoma is an uncommon cancer marked by the presence of Reed-Sternberg
cells. Reed-Sternberg cells are mature big B-lymphocytes that start overgrowing, becoming larger
with more than one nucleus. These malignant B-cells flow in the lymphatic system, a network of
blood vessels and glands located throughout the body; migrate and accumulate in the lymph nodes
causing the swelling and abnormal growth throughout the body. Finally, the ‘endemic’ Burkitt's
lymphoma is also caused by EBV infection and is most common in African children. Burkitt's
lymphoma is a non-Hodgkin’s B-cells lymphoma, characterized by a mass of small malignant B-cells
fused with non-neoplastic macrophages. Burkitt's lymphoma is fast-growing and highly aggressive,
containing one of the three chromosomal translocations (i.e. t(8:14), t(2:8), 1(8:22)), causing the
dysregulation of the c-Myc oncogene responsible for changes in proliferation, differentiation,

metabolism, and apoptosis of cancer cells [114].

7. Cancer-like phenotypes

In 2000, Hanahan and Weinberg suggested that six crucial alterations in the physiology of cancer
cells collectively develop into malignant growth: (i) limitless replication potential, (ii) self-
sufficiency in growth signals, (iii) non-sensitivity to growth-inhibitory (anti-growth) signals, (iv)
evasion of programmed cell death (apoptosis), (v) tissue invasion and metastasis (vi) sustained
angiogenesis [89] (Figure 10). These phenotypic abnormalities were called the six hallmarks of
cancer, and in each of these physiologic changes occurring during tumor development, a new
capability is acquired to breach the anticancer defenses hardwired into cells and tissues. These six

hallmarks are shared by most, perhaps all, types of human tumors. Unfortunately, some of these
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cancer-like phenotypes are not easy to recapitulate in vitro. However, functional assays for cell
proliferation, cell apoptosis and cell chemotaxis allow the detection and measurement of these cancer
features in the lab. In particular, an in vitro proliferation assay can assess the self-sufficiency in
growth signals, the insensitivity to inhibitory-growth signals and the limitless replication potential.
In vitro, apoptosis assays measure the evasion or resistance to apoptosis. Finally, in vitro chemotaxis
assays measure the migration of cells in response to stimuli, which could partially recapitulate tissue

invasion and metastasis (Figure 10).

Angiogenesis Proliferation

Inducing

angiogenesis Sustained proliferative

signalling

Chemotaxis

Activating invasion
and metastasis

Enabling replicative
immortality

Resisting cell death Evading growth

SUppressors

Apoptosis

Figure 10. Hallmarks of cancer. This illustration summarizes the six hallmark capabilities of cancer proposed by
Hanahan, organizing principles for understanding neoplastic disease complexity. The cancer capabilities include (i)
sustained proliferation signals, (ii) ability of replicative immortality and (iii) evasion of growth suppressors leading
to abnormal Proliferation (blue), (iv) resistance to cell death interfering with Apoptosis (red); (v) active invasion
and metastasis defined as Chemotaxis (magenta); finally, (vi) promotion of the vascularization of the solid tumors,

Angiogenesis (grey) (Adapted from [89]).
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7.1.Proliferation
Proliferation is the ability of a cell to sustain growth and survival, and it represents one of the most
fundamental characteristics of cancer cells [89]. Healthy cells carefully regulate the production and
release of growth factors and signals to ensure proper cellular homeostasis and to preserve the normal
tissue function and structure. In contrast, cancer cells dysregulate those signals and maintain and
promote proliferative signals through a wide range of mechanisms that are not yet completely
understood. These mechanisms include (i) the self-production of ligands for growth factors and the
expression of surface/ intracellular/ nuclear receptors to respond to the proliferation factors from
stromal cells outside the tumor [115, 116]. (ii) The constitutive activation of different gene pathways
that promote cellular survival. These two processes are particularly well-regulated by cancer cells to
ensure a high proliferation and survival rate, while at the same time avoiding cell senescence and

apoptosis.

7.2.Apoptosis
Apoptosis is programmed cell death occurring during embryogenesis, development and ageing to
maintain cellular homeostasis in tissues. Apoptosis also plays a role in eliminating damaged cells and
can be induced by a wide range of stimuli that can be used as cancer prevention mechanisms [117].
Besides the increased proliferative abilities of cancer cells and the sustaining cell growth, malignant
cells often evade cellular programs that induce death or negatively regulate cell proliferation [89].
There are two major circuits of apoptosis regulation: (i) the extrinsic apoptosis program that involves
for example the Fas ligand/Fas (also called CD95L/CD95), a member of the tumor necrosis factor
death receptor subfamily, and (ii) the intrinsic apoptotic program of intracellular origin [118]. Both
circuits result in the activation of the caspase 8 and 9 pathways, which initiates a cascade of
proteolytic activity and results in apoptosis where the cells are dissembled, consumed, and
phagocyted. Apoptosis is currently considered a process involving multiple signaling pathways that

affect different cellular phenotypes [118] For example, the intrinsic apoptosis is a mitochondria-
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dependent pathway that can be initiated by signals such as growth factor withdrawal, DNA damage,
endoplasmic reticulum stress, reactive oxygen species overload and replication stress [119]. In vitro,
the intrinsic apoptosis pathway leads to a complete breakdown of the plasma membrane and the gain
of a necrotic morphology of the apoptotic cells. Alternately, the extrinsic apoptosis is a programmed
cell death pathway activated by external or internal events of cells. Extrinsic apoptosis is triggered by
the perturbations of the extracellular microenvironment [120] and is mostly driven by cellular
receptors such as (i) death receptors, activated by the binding of the cognate ligand(s), and (ii)

dependence receptors, activated when the level of their ligand drops below a certain threshold [121].

7.3. Chemotaxis
Cellular migration is the cellular ability to move from one place to another, usually triggered in
response to an attractant such as chemokines and growth factors among others [122]. Chemotaxis is
the process in which invasion, migration and dissemination of cells is directed by a gradient of
chemokines or other stimuli, and is an important property of living cells [123]. In conditions such as
cancer, the migration of malignant cells far from the primary lesion site could result in their metastatic
dissemination [124]. The initiation of the metastatic process involves chemotaxis, where a complex
network of chemokines signals stimulates the cancer cells to move [125]. On the other hand,
chemokines also regulate other cancer-related processes, such as tumor cell proliferation and survival,
angiogenesis, immune evasion, senescence and metastatic progression [126-128]. More than 20
chemokines and chemokines receptors are linked to chemotaxis in cancer [126]. Because of this, and
the complexity of the tumor microenvironment, it is still difficult to measure precisely chemotaxis in
vivo. However, in vitro systems are a useful tool to evaluate the ability of different cell lines to migrate

towards chemoattractant/ chemokines.

The study of these cancer-like phenotypes in the context of cancer genetics could provide the suitable
framework to dissect the impact of genetic variants on complex traits and diseases, i.e., cancer. Long-

read dRNA-seq provides further insights of these regulatory mechanisms.
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Scope of the thesis

During the last 20 years, the use of next-generation sequencing technologies provided a great amount
of information to analyze the role of human genetic variants in gene regulation and complex diseases,
such as cancer. Yet, a variety of fundamental questions remain unanswered including the precise
mechanism by which non-coding genetic variants affect gene expression in complex phenotypes in
humans and what are the characteristics of these effects. This thesis aims to shed light on these
questions by studying how gene expression plays a role in mediating the effect of genetic variants on

phenotypes.

For such, the following specific aims (SA) were defined:

SALl: To produce population-based direct long-read RNA sequencing data using 60 genetically
different LCLs to evaluate the contribution of genetic variants in altering gene expression, transcript
expression, and splicing events. Particularly, to increase the ability to detect and quantify complex
transcripts and alternative splicing events across the genome and that the previous short-read

technology missed.

SA2: To generate population-based cancer-like in vitro phenotypes using 87 genetically different
LCLs to understand the link between genetic variants, changes in gene expression and alteration in
cancer-like phenotypes. The ultimate goal is to identify putative genes that could predict cancer-like

phenotypes.
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Gene expression profiling with direct long-read RNA sequencing uncovers

functional variation affecting transcripts production.
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Abstract

Expression quantitative trait loci (eQTLs) studies have uncovered thousands of genetic effects acting
on gene expression. However, our knowledge of the impact of genetic variants on gene expression is
limited by the short-read RNA-seq technologies currently used, as these do not characterize
transcripts in their full-length form and do not allow us to explore genetic effects on splicing and
isoforms production. To directly measure the impact of genetic variation on transcript abundance, we
produced long-read native poly(A) RNA-seq data using the Oxford Nanopore Technologies (ONT)
platform for 60 genetically different lymphoblastoid cell lines (LCLs) from the 1000
Genomes/GEUVADIS project. We identified 11,154 protein-coding genes and IncRNAs expressed
in at least 50% of the samples, in close agreement with published gene expression quantifications of
the same samples based on Illumina short-read sequencing (pairwise sample correlation 0.61 - 0.79).
We identified 48,539 transcripts, of which 39% were already annotated based on GENCODE version
19. While 35% of these annotated transcripts were expressed in all of the 60 LCL samples, this was
only true for 7% of unannotated transcripts. A genome-wide QTL analysis on the 14,447 annotated
transcripts expressed in at least 50% of samples identified 72 transcript QTLs (trQTLs; FDR 5%) of
which 71 were not identified as eQTLs from the larger published larger Illumina dataset (317
samples). Using our own gene-level quantifications from long-read data, we detected 45 eQTLs of
which 12 were also trQTLs. We observed that genes with eQTLs had a significantly lower number
of annotated transcripts than genes with trQTLs (Wilcoxon test p-value = 5.23e-05), suggesting that
genetic effects on genes with higher transcript diversity were missed using gene-level gquantifications.
Overall, we were able to identify new trQTLs based on a small number of samples, whose effect on
expression was missed when using short-read technology. Hence, we could show that by using long-
read data to analyze transcriptomes, we are one step closer to understand the key role of genetic
variants on transcription expression and splicing, which many also improve the characterization of

disease-associated variants.
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Introduction

Splicing, a key feature of gene regulation is the molecular mechanism that produces a diversity of
MRNA molecules from a single gene [1]. The mechanisms that regulate splicing events play a central
role in gene expression regulation; by selecting different combinations of exons, an alternative
splicing process can produce multiple transcripts, and consequently multiple proteins [1-3]. However,
our knowledge about how an individual's genetic background may affect the splicing process is
limited. A main reason is that most studies use short-read sequencing technologies to identify genetic
effects acting on gene-level expression phenotype (eQTLs) that summarize all the molecules
produced by a gene, independently of their structure. To study transcript structure, transcript
expression and alternative splicing, the use of short-read RNA sequencing requires the development
of incomplete in silico proxy phenotypes [4-7]. Moreover, short-read sequencing approaches still
need to rely on cDNA conversion, PCR amplification and post-sequencing transcripts reconstruction,
all steps which potentially introduce biases affecting transcript quantifications and the prediction of
their structures. Therefore, these gene-level phenotypes are not suitable to identify genetic effects on
specific transcript abundances or structure. Using long-read sequencing, it is now possible to analyze
transcripts in their native form, reconstruct their precise structures [8, 9], identify novel transcripts
[10, 11] and study the allele-specific effects on transcript abundance and structure [12, 13]. Moreover,
it allows us to perform quantitative trait loci (QTL) analysis for transcripts (trQTL) and splicing
(sQTL) and can be used to identify genetic variants affecting the expression of specific transcripts
and the splicing processes that define their structure [12, 14]. In particular, trQTLs identify the effect
of genetic variants on transcript abundance while sQTLs detect the effect of genetic variants on

splicing events, two highly interconnected phenotypes.

Many genome-wide association signals for common diseases are enriched in genetic variants that
drive changes in gene expression and splicing [6, 8]. Analyses in multiple human tissues have shown

that sQTLs can have a similar, or possibly even bigger, impact on GWAS traits than eQTLs [15-17].
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However, before the advent of long-read sequencing technologies, it was difficult to perform high-

throughput trQTLs analyses and explore the role of specific transcripts in disease risk.

Here, we explored the advantages of direct long-read RNA sequencing of transcripts in their native
form in a population of 60 lymphoblastoid cell lines (LCLs), using a genetically diverse population
of cells. We investigated (i) the distribution of annotated and novel isoforms across the population;
(ii) the effect of genetic variants on directly measured transcript abundance, while (iii) characterizing
some of the mechanisms by which eQTLs discovered using short-read technology affect gene and

transcript expression.
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Material and Methods
LCL samples

The 60 LCLs were from the 1000 Genomes Project cohort with European ancestry and from unrelated
individuals [18]. All the samples are part of the NHGRI sample repository for human genetic research.
All LCLs came from the Coriell Institute for medical research (Camden, New Jersey, USA). LCLs
were grown under identical conditions in RPMI 1640 media supplemented with 1% penicillin-
streptomycin, 1% L-glutamine and 10% fetal bovine serum (FBS). LCLs were cultured for at least 3
to 4 weeks until their exponential growth phase and had a total concentration of at least 4 x 10" LCLs
and a constant high viability (~98%). All cells were tested for mycoplasma contamination (Lonza,

MycoAlert mycoplasma detection kit) before being used for the following steps.

RNA extraction, library preparation, and sequencing

From 4 x 10" mycoplasma-free LCLs we obtained total RNA using Trizol Reagent (Invitrogen). Cells
were washed twice with 1 x phosphate buffered saline (Invitrogen) to remove all the media and 1ml
of Trizol was added per 5-10 x 106 cells in each sample, incubated for 5min at room temperature (RT)
and transferred to Eppendorf tubes. The rest of the protocol followed the manufacturer’s guidelines
with the addition of 200ul of chloroform for every ml of Trizol for the phase separation followed by
mixing and centrifuging for 15min at 2000 x g at 4°C. The phase containing RNA was recovered and
transferred in new Eppendorf tubes for RNA precipitation with 500ul of isopropanol every 1ml of
Trizol and incubation at RT for 15min followed by centrifugation 20min at 2000 x g at 4°C. After
RNA precipitation, 70% ethanol was used to wash the pellet and centrifuged 5min at 2000 x g at 4°C,
supernatant was discarded, and the RNA pellet was air dried for 5 -10min. The pellet was solubilized

in 20ul of 0.5% SDS in RNase-free water. No DNAse treatment was applied.

The total RNA was quantified using Qubit Fluorometer 2.0 with the Qubit RNA Broad Range (BR)
Assay kit according to the manufacturer’s instructions (Thermo Fisher) and Nanodrop to exclude the

presence of alcohol and protein contaminants that could interfere with the sequencing, keeping RNA
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samples with a ratio OD 2601280 Of at least 1.9 and ratio OD 2601230 > 1.5. Agilent Bioanalyzer RNA
6000 Nano Kit (Agilent) was used to assess the quality and integrity of RNA. Only samples with
RNA Integrity Number (RIN) >8.9 were used for the following steps. The total RNA was then poly-
A" tailed before the library preparation using the Dynabeads™ mRNA Purification Kit (Thermo
Fisher). The poly-A" tailed capture step was repeated re-using the same Dynabeads, which increased
the enrichment of poly-A™ tailed RNA and improved the consequent elimination for ribosomal RNA.
The final quantification of poly-A* tailed RNA was performed by the TapeStation with High
Sensitivity RNA ScreenTape (Agilent) to ensure the quasi-total elimination of the 28S and 16S

ribosomal peaks.

For the library preparation we used 500ng poly-A* tailed RNA in a total volume of 9ul and followed
the all the steps of the ONT protocol for the Direct RNA Sequencing Kit (updated version 27/12/2019
nanoporetech.com, cat# SQK-RNAO002). The quantification of the library RNA was performed using
the Qubit fluorometer DNA HS assay (Thermo Fisher) - recovery aim of ~200ng. Then, before
loading the RNA into the FLOW-MIN106D flow cell, the numbers of pores and properly primed
pores were checked according to the manufacturer’s instructions. Finally, the sequencing was carried
on for 72h on the GridlON Mk1 sequencing device (ONT) that allows sequencing of a maximum of

five samples in each run, one per flowcell.

Pre-processing of RNA sequencing data

Base-calling was performed using the Guppy software (from ONT, version 3.2.10) in the high
accuracy mode. Guppy used the fast5 files generated by the ONT Device Control software
(MinKNOW), embedded in the GridlON sequencing device, as input to (i) generate a fastq file for
each fast5 file containing the base-called sequences; (ii) create base-called fast5 files. (iii) classify
fastg and fast5 files into pass / fail folders according to the average quality score of each read (above
7.0); and (iv) make summary files for every flow cell sequenced. We applied the specific options

suggested in the Direct RNA sequencing protocol taking into consideration the reversed direction of

37



the sequencing (3'—5’), the presence of uracil instead of thymine, and an optimized strategy for

trimming the adapter’s raw signal. We used only the passing reads for the following analysis.

Mapping sequences. We concatenated the fastq files obtained from base-calling into a single fastq
file. These fastq files were then mapped to the reference human genome GRCh37
(hg19_chr_only_and_herpes.fa) using minimap 2 v2.12 [19]. The calling was performed in a splicing-
aware manner with the following options: minimap2 -a -x splice -k14 -uf (-a -x splice: splice
alignment mode; -uf: force minimap2 to consider the forward transcript strand only; -k14: small k-
mer to increase sensitivity to the first or the last exons). Alignment files from minimap2 were

converted to bam format, sorted and indexed using samtools v1.6 [20].

Data quality control (QC). We applied Nanoplot (version 1.33.0) [21] to produce QC graphs
displaying multiple aspects of sequencing raw data; while NanoStat (versionl1.4.0) was used to obtain
a statistical data summary [21]. The pycoQC tool [22] (version2.5.2) served to generate an interactive
QC report from base caller’s datasets. Specifically, pycoQC uses the sequencing summary file

generated by Guppy and the bam / sam file to generate a pre / post-alignment QC report.

Gene quantification

We used featureCounts to provide the gene-level counts (from Subread v1.6.0) to the genome
alignments using exons as the feature type [23]. We used the -L argument of featureCounts to enable
the long-read mode with a minimum overlap of 10 bases (--minOverlap 10) and we used GENCODE
v19 as the reference annotation [24]. We converted counts to RPKM (Reads Per Kilobase of

transcript, per Million mapped reads) using the rpkm function of the edgeR package [25].

RNA-seq data and genotype data from external datasets
Curated short-read Illumina RNA-seq data and genotype data of 60 LCLs were used as described in
Delaneau et al. [26]. Briefly, gene expression was quantified using QTLtools [27] with GENCODE

v19 [24] as the reference gene annotation. Genes were filtered to retain only protein-coding genes

38



and long non-coding RNAs (IncRNAs) expressed in more than 90% of the samples. The gene
expression was quantified using RPKM units for the gene expression quantification in the ONT
dataset. The genotype data for these samples, available from either the 1000 Genomes project or the
[llumina Human OMNI 2.5M SNP array, were filtered using standard procedures to remove low-
quality SNPs. Moreover, the resulting genotype matrix of 317 individuals and 9,255,024 variants was
imputed from the 1000 Genomes phase 3 reference panel [18], and poorly imputed variants were

removed [26].

Gene expression correlation between Illumina and ONT

Pair-wise gene expression Spearman correlations were computed between Illumina short-reads and
direct long-read RNA sequencing ONT from the same 60 LCLs samples using the rcorr function in
the corrplot R package [28]. Both gene expression datasets included protein-coding genes and

INcCRNASs expressed in at least 50% of their samples, which were found in both sets (n = 11,542).

Transcripts detection and characterization
To identify transcripts from the native RNA sequences we used FLAIR v1.5

(https://github.com/BrooksLabUCSC/flair). For the analysis, bam files obtained using the minimap2

aligner were converted to bed format using the bam2bed12.py script provided with FLAIR. FLAIR-
correct was used to correct the splice-site boundaries of reads. It corrected misaligned splice sites
using genome annotations from GENCODE v19 and GRCh37 as the reference genome. Next, the
FLAIR-collapse command processed the corrected reads, generating a first-pass transcripts set. To
do this, FLAIR-collapse grouped reads on their splice junction chains and only kept transcripts
supported by at least 10 reads and mapping quality >10. At this step, the first-round alignments were
split by chromosome due to computational limitations. FLAIR-quantify was used to determine
transcript levels in all samples where reads aligned to annotated transcripts (GENCODE v19).
Transcripts with intron chains not matching any transcripts in the reference annotation (GENCODE

v19) were defined as ‘novel isoforms’. The 36,782 transcripts not aligning with any gene in the
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GENCODE v19 annotation were excluded from the following analyses. Reads were normalized using
a transcripts per million (TPM) normalization. Moreover, mitochondrial transcripts as well as

transcripts expressed with less than five TPMs in at least one sample were excluded.

Molecular quantitative trait loci

For each molecular phenotype, gene abundances and transcripts abundances, we identify QTLs using
the QTLtools software package (version 1.3.1) [27]. Shortly, all genetic variants within +/— 1Mb of
the transcription start site were associated with the phenotypes, and the best-associated SNP (i.e.,
with the smallest nominal p-value) was retained. After that, the nominal p-values were adjusted for
the number of variants being tested using 1,000 permutations. This is implemented in the cis mode
of the QTLtools software package [27]. Multiple testing correction across phenotypes was done using
the gvalue package in R (version 2.18.0) [29] to identify all significant phenotype-variant pairs at 5%
False Discovery Rate (FDR). For gene-eQTL analysis, we tested genes expressed in at least 50% of
the samples (n = 13,997). For the transcripts-eQTL analysis, we tested annotated transcripts expressed
in at least 50% of the samples (n = 14,447) which corresponded to 9,364 unique genes. For transcript-
eQTL analysis, we used the option -grp to correct and account for multiple phenotypes (transcripts)
per gene. This option performs a permutation pass at the gene group level across all phenotype-SNP
pairs per gene to discover gene-level trQTLs.

All QTL analyses included the following covariates: sex, the first three principal components (PCs)

from genotypes, and three PCs from expression (genes or transcripts).

IHlumina eQTL recapitulation in ONT dataset

The eQTLs already identified using 317 samples from the Illumina RNA-seq data described in
Delaneau et al. [26] were used. From these 7,658 significant eQTLs in the Illumina dataset, only
4,169 involved genes and transcripts expressed in at least 50% of the samples that were kept as part
of the ONT dataset. To detect how many of the significant short-reads eQTL were also detected in

long-read native RNA-seq, we extracted the p-values from the same phenotype-SNP pair associations
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and calculated n1 using the g-value package in R [29]. The g-value estimation for false discovery rate

control R package (version 2.18.0) used a A = 0.05 and FDR = 0.05.
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Results

General RNA data characteristics

Total RNA was isolated from LCLs of 60 unrelated individuals with European ancestry from the
1000 Genome Project cohort [18]. Samples were sequenced on the GridlON ONT platform using the
direct RNA sequencing protocol following the experimental workflow represented in Figure 1A.
After mapping our data to the Reference Genome GRCh37, we measured both, gene abundance and
transcript abundance according to the workflow illustrated in Figures 1B. The sequence average was
1.87 x 10° nucleotide bases, generating a yield from 1 to 2.5 million raw reads per sample (median =
1.7 x 10°% (Figure 2A). The median read length distributions were similar among the samples,
ranging from 700bp to 900bp (median = 822.5bp) (Figure 2B) with a median read quality between
9.5 and 10.6 PHRED-like score (median = 10.1) (Figure 2C); corresponding to a minimum and a
maximum read accuracy of 88% and 91%, respectively (median = 90%) (Figure 2C). The percentage
of high-quality raw reads aligning to Reference Genome GRCh37 had a median of 96.3% and a
spearman correlation of 0.98 (Figure 2D). Thus, we detected 11,929 protein-coding genes or

INcCRNASs expressed in at least 50% of the samples.

Gene expression: a comparison with short-read RNA-seq

For all the 60 LCL samples of the current work, we downloaded gene quantifications based on
Illumina short-read RNA-seq data from previous studies [18, 29]. We compared gene expression
quantifications from short and long-read on 11,542 protein-coding genes and INcCRNAs expressed in
50% of the samples that were also detected in with short-read RNA-seq technology [26] (Figure 3A).
A pair-wise correlation between samples had a median Spearman correlation between 0.61 and 0.79
(p-value < 2 x 1028) (Figure 3B, light blue). In addition, 3,170 protein-coding and INcRNA genes
were detected only using short-read data. These genes undetected by ONT were low expressed with
a median expression of 0.426 RPKM (Figure 3C), being 11 times less expressed than the median
RPKM expression of the total number of protein-coding and IncRNA genes detected in Illumina

(Wilcoxon test p-value < 2.2e-16). We also found that highly expressed genes quantified with long-
42



read ONT data correlated better with short-read RNA-seq data. These differences suggest a reduced
sensitivity of dRNA-seq ONT for capturing low expressed genes compared to short-read Illumina

technology, suggesting that direct ONT RNA sequencing requires a larger yield.

Identification of annotated transcripts and discovery of novel transcripts

Using FLAIR [30], we detected a total of 48,539 transcripts across 14,962 genes supported by at least
10 reads and with a mapping quality >10 and five TPM in at least one sample. Among these, 61.9%
were novel transcripts (n = 30,041) while 38.1% were already annotated (n = 18,498), underlying the
ability of long-read direct RNA sequencing to identify a larger proportion of novel transcripts. We
observed that 35% of annotated isoforms, but only 7% of novel ones, were expressed in all the 60
LCLs (Figure 4 A-B). The evaluated genes had on average 1.6 isoforms. However, 2% of expressed

genes had more than 10 novel transcripts and more than 5 annotated transcripts (Figure 4 C-D).

eQTLs and trQTLs discovery

We performed a genome-wide eQTL analysis of long-read native RNA-seq data in cis for the 13,996
protein-coding and INcCRNA genes expressed in at least 50% of the samples (see Material and
Methods for details). We discovered 45 significant eQTLs (FDR 5%), a considerably lower number
compared to the 536 eQTLs that were discovered using 60 short-read Illumina RNA-seq LCL samples
[26]. This result suggests that the low gene coverage of our long-read data (1.7 million reads per
sample) is a limitation for eQTL discovery. However, long-read native RNA-seq data also allows us
to identify genetic variants affecting transcript abundance. We performed a genome-wide QTL
analysis on 14,447 annotated transcripts from 9,364 unigque genes that were expressed in at least 50%
of the samples, detecting 72 trQTLs (FDR 5%). The vast majority of the trQTLs were from protein-
coding genes (75%), and only 47% of trQTLs affected the most expressed transcripts per gene.
Transcripts with significant trQTLs had between 3 and 144 annotated exons, with a mean of 29 exons.
Among the genes with a trQTL, we observed two examples with no eQTLs identified with the ONT
dataset, but both cases having a significant eQTL in the Illumina short-read dataset different to the

43



trQTLs in ONT meaning that a different SNP is mediating the genetic effect on gene expression
compared to transcript expression. These genes were BCL2A1 and EIF5A, being in the Illumina
dataset under the genetic effect of the SNP rs2163005 (p-value = 3.37891e%") and rs28636077 (p-
value = 7.999¢°8), respectively. The BCL2A1 gene encodes a member of the BCL-2 protein family.
This family of proteins acts as an anti- and pro-apoptotic regulator involved in a wide range of cellular
functions, including embryonic development, homeostasis, and tumorigenesis. BCL2A1 gene has
three exons and generates two known transcripts, both detected in ONT dataset (Figure 5A). The
SNP rs8025803 was also identified as a trQTL (p-value = 1.08601e%°) in the ONT dataset affecting
the expression of the less expressed transcript (ENST00000335661.6, green in Figure 5B). While the
association between the SNP rs8025803 and the other transcript (ENST00000267953.3) was not
significant (p-value = 0.98, blue in Figure 5B). Our second example is the EIF5A gene, which codes
for a protein involved in the translation elongation process and has an important function at the level
of mRNA turnover. The gene has eight exons, and six annotated transcripts in our dataset (Figure
5C). The SNP rs4796398 is a trQTL affecting the expression of the most abundant transcript of the
gene (ENST00000336458.8, represented in green in Figure 5D) and had a p-value = 1.36902¢°. The

other expressed transcripts of the gene were not affected by the trQTL (Figure 5D).

Overall, we observed that using the same number of samples in lllumina and ONT dataset (n = 60),
we could find more QTLs using transcripts (n = 72) than gene-level quantifications (n = 45), and only
12 SNP-gene associations were both eQTLs and trQTLs (Figure 6). Among the 72 trQTLs, 11
trQTLs affected the most expressed transcript per gene; only one trQTL, for NDUFS5, involved the
less expressed transcript. The NDUFS5 gene is an NADH Dehydrogenase [Ubiquinone] Iron-Sulfur
Protein 5 that due to alternative splicing expresses two different annotated transcripts, both of them
detected in our samples (Figure 7A). The lead SNP rs12043492 was detected as a significant trQTL
for one the transcripts of the NDUFS5 gene (ENST00000372969.3, p-value = 8.64797e, Figure

7B) while the other transcript of the same gene (ENST00000372967.3) was not associated (p-value
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= 0.24, Figure 7C). However, the same SNP rs12043492 was also an eQTL for NDUFS5 gene (p-

value = 5.26765e%, Figure 7D).

On the other hand, of the 45 genes with signification eQTLs, 19 (42.4%) also has a significant trQTL.
However, for 7 of these 19 genes the SNP affecting the gene expression (eQTL) and the SNP affecting
the transcript expression (trQTL) is not the same; only 12 genes, as previously mentioned, shared the
same SNP for eQTL and trQTL (Figure 6). The 19 genes affected by both an eQTL and a trQTL did
not show a significant difference in terms of the number of exons, the number of annotated transcripts
or the number of novel transcripts compared to the 45 genes with eQTLs in ONT dataset (Wilcoxon
test p-value = 0.92, 0.34 and 0.51 respectively). Even when we compared these 19 genes with the
genes not associated with any trQTL we would not detect any significant difference in terms of the
number of exons, the number of annotated and novel transcripts detected (Wilcoxon test p-value =
0.84, 0.13, 0.3, respectively). Additionally, we observed that the genes affected by eQTL (n = 45)
had a lower number of annotated transcripts than those genes affected by trQTLs (n = 72, Wilcoxon
test p-value = 5.23e-05), suggesting that genetic effects on genes with higher transcripts diversity are

missed using gene-level summary quantifications and eQTL analyses.

Long-read sequencing informs of the role of splicing in eQTLs

We then assessed the level of replication of our long-read sequencing QTL results with short-read
eQTLs previously published using a cohort of 317 LCL samples. We found that five of the 45 long-
read eQTLs overlapped with Illumina eQTLs, but only one of the 72 trQTL was also detected as an
eQTL in both, the ONT and Illumina dataset (Figure 8B-C). This trQTL, rs12366 (p-value =
2.27959¢), involved the expression of the gene POLE4 which is a DNA Polymerase Epsilon
Subunit 4 with seven already annotated transcripts. The affected transcript ENST00000483063.1 was

also the most expressed transcript of the two that we detected (Figure 8A, D-E).

Gene-level eQTLs detect genetic effects on gene expression abundances without identifying possible

effects on splicing or specific transcript abundance. However, the identification of eQTLs or trQTLs
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is strongly dependent on statistical power, i.e., sample size. To bypass the limitations of our study,
we evaluated the characteristic of the 7,658 eQTLs discovered using 317 Illumina short-read LCL
samples [26] in our ONT dataset. Here we focused on 4,157 Illumina eQTLs that are associated to
gene expression and expressed in at least 50% of the 60 long-read samples. After extracting the p-
values for all SNP-gene and SNP-transcripts pairs and performing multiple testing corrections, we
found that 7.7% of lllumina eQTLs were significant ONT eQTLs (p-value < 0.05, n1 = 0.22), and 5%
of lllumina eQTLs were significant ONT trQTLs (p-value < 0.05, n1=0.24). Among the 507 genes
associated with either an eQTL or atrQTL (eGenes), only 13 genes — SNPs pairs were both eQTLs
and trQTLs (Figure 9). For the remaining genes, 192 had only significant trQTLs (37.9%) while 302
had only eQTLs (59.6%). Our results highlight the ability of long-read sequencing to capture genetic

effect on gene expression, while identifying specific effects on transcript expression.
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Discussion

In this study, we generated a direct-RNA long-read sequencing dataset from 60 genetically different
LCLs of European ancestry. This unique dataset allowed us to investigate the genetic regulation of
transcript abundance, offering a chance to understand the role of splicing as a regulatory mechanism
of gene expression [15, 16]. Because the reconstruction of the structure of the transcript from short-
read sequencing is challenging, it is difficult to capture and comprehend how events such as gene
splicing may play a role in disease [4, 6, 7, 31]. We overcame those limitations using long-read
technology while identifying which of the known genetic effects on gene expression in LCLs

reflected the regulation in the abundance of specific transcripts.

We first observed that the median read length distributions and the median read quality were similar
to other publications using long-reads and different cell lines [32]. Compared to short-read datasets,
we reported comparable gene-level expression quantifications in the same LCL samples [26].
However, we were unable to detect low expressed genes with long-read direct RNA-seq, highlighting
the need for technological improvements to produce a higher sequencing yield. As a consequence,
we were limited in the identification of eQTLs with direct RNA long-read sequencing compared to
Illumina short-read RNA-seq, identifying fewer eQTLs (8.4% of the total Illumina eQTLS) in
comparison using the same 60 samples for both technologies. We attributed this limitation to the
reduced coverage obtained with ONT direct RNA-seq, which agrees with previous studies [32, 33].
In particular, previous work from Soneson et al. [32], already suggested that the low sequencing depth
of ONT long-read sequencing could result in a reduced number of detected genes and a decreased
quantification accuracy. Together with our observations, this shows that addressing these limitations
is important when designing population studies aiming to dissect the interplay between a genetic

variant and gene expression variation using long-read sequencing technologies.

Nevertheless, we identified a large proportion of novel transcripts (61.9% of the transcripts detected).
Overall, we identified one transcript per gene for most genes, often already annotated, whereas
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additional novel transcripts were discovered in complex genes with a large number of already
annotated transcripts. These results are in line with previous findings by Glinos et al. [12] who
sequenced whole-genome transcriptome using ONT across multiple tissues. The novel transcripts
were the results of multiple alternative splicing patterns which were difficult to characterize with
previous short-read technologies in the attempt to understand the functional consequences of different
splicing changes using single exon junctions [34]. In particular, based on short-reads, it is difficult to
determine the connectivity of exons because the data is highly fragmented [35]. By sequencing full-
length transcript molecules, we are now able to provide more information on exon connectivity and
on the effects of alternative splicing events that result in a wide range of different transcripts [36-38].
However, work is further needed to precisely characterize the large number of novel transcripts. For
example, some of these novel transcripts may be the result of mMRNA molecules being fragmented
during the sample processing and sequencing, while others may be the result of biological errors.
Investigating the biological relevance of the “novel” transcripts, if any, would be essential to provide

a better annotation of gene isoforms.

We decided to focus only on annotated transcripts when addressing the question of the impact of
genetic variants on transcript abundance, as these annotated transcripts allowed a better comparison
with published short-read datasets. Significantly, we could discover genetic effects on gene
expression that short-read technology missed, even considering the small sample size of our study
and the larger multiple testing burden of testing multiple transcripts per gene. Specifically, we
discovered 72 trQTLs that significantly affected the expression of the transcripts. We observed that
when trQTL’s effects involved the most expressed transcript of a gene, their effect was also captured
by the eQTL analysis, but if the trQTL involved one of the less expressed transcripts, the effect would
not be re-capitulated using gene-level eQTL analysis. Moreover, among the 72 trQTLs discovered,
60 did not overlap with any eQTLs found in our study or previously discovered with Illumina short-

read sequencing [26]. From this, we conclude that long-read sequencing identifies the specific
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transcript affected by the genetic variant, providing more accurate information about the underlying
processes involved in expression regulation. Ultimately, even if our study did not discover novel
eQTLs, we were able to report that 7.4% of significant eQTLs identified with short-reads were the
results of changes in the expression of specific transcripts (trQTLs), which helps us to untangle the

nature of the genetic regulation.

Our study reinforces the importance of analyzing the transcriptome not only at the gene level but also
with a detailed understanding of specific transcript expression [39]. In light of the relevant role that
genetic variants play in transcript abundance and structure, we expect that a high-resolution
transcriptome characterization based on long-read data will be one of the main strategies for
identifying the underlying mechanisms of disease-associated variants [15, 16, 40, 41]. From our
study, we conclude that direct RNA-seq using long-reads will not increase dramatically the ability to
discover genetic effects on gene expression, as shown by the low number of eQTLs we found, but it

will greatly contribute to our understanding and characterization of the mechanism of eQTL effects.
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Figure legends

Figure 1. Scheme depicting the different workflows used in the study.

(A) Overview of the experimental workflow and analysis pipelines used for direct RNA-seq with
ONT. The three major steps are indicated by the blue titles. LCLs cultures were in the exponential
growth phase and free of mycoplasma contamination. The preparation of RNA for the library
consisted: of total RNA extraction with Trizol, enrichment of polyA* RNA, generation of the library
with SQK-RNAO002 and loading of the libraries in the FLOW-MINI106D flow cell. Samples were
run for 72h and analysis was done afterwards as described. (B) Analysis workflow from raw reads
alignment, mapping, quality control, gene quantification (left) and transcript quantification (right).
Reads per kilobases per million (RPKM) are used for gene quantification (left). The transcript
identification and quantification was performed using the FLAIR pipeline (right). Transcript per
million (TPM) was used for transcripts quantification. The Reference Genome used was the GRCh

37 with the gene annotation GENCODE v19 for both gene and transcript quantification.

Figure 2. Quality control and summary statistics of the ONT sequencing data.

Histograms representing the (A) median number of reads, (B) median reads length, and (C) median
read quality across the LCL population of the ONT sequencing data. (D) Scatter-plot comparing the
number of raw reads and number of aligned reads in the 60 LCL samples. A median of 96.3% of raw
reads was mapped correctly to the Reference Genome (GRCh 37) with a spearman correlation of p

=0.98.

Figure 3. Comparison of protein-coding and INcCRNA gene expression between ONT and
Illumina short-reads.

(A) Venn diagram showing the protein-coding genes and INCRNA expressed in 50% of the sample by
ONT and Illumina short-read technologies. In the samples, the expression of 11,154 genes and
INcRNA were detected by both technologies. In ONT, 3,170 genes were not detected and 387 were

missed by Illumina. (B) Pair-wise Spearman correlation between the overall gene expression in the
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same 60 LCLs samples among and between technologies. The correlation observed inside the same
technology, median p = 0.906 and 0.95 in ONT and Illumina, respectively. Whereas the correlation
in gene expression between the two technologies was median p = 0.695. (C) Histogram of the total
number of protein-coding and IncRNA genes detect using Illumina technology (blue) and the
distribution of the 3,170 protein-coding and INncCRNA genes detected in IHlumina but not with ONT
(yellow). In red, are the two medians of the two distributions, 5.23 for the blue histogram and 0.42

for the yellow one. p-value < 2.2e-16 (Wilcoxon test).

Figure 4. Distribution of annotated and novel isoforms in the LCLs population.
Histograms showing the distribution of (A) annotated and (B) novel isoforms expressing at least 5
transcripts per million (TPM) in at least one sample in the LCLs population. Whereas the other

histograms represent the distribution for (C) annotated and (D) novel isoforms per expressed genes.

Figure 5. Significant trQTLs for BCL2A and EIF5A transcripts.

Schemes representing the gene model for splicing and most abundant transcripts structure of (A)
BCL2A and (C) EIF5A genes. Box-plot representing the genotype (0, 1 and 2 for homozygous for the
reference allele, heterozygous and homozygous for the alternate allele, respectively) versus transcript
expression expressed transcripts per million (TPM) and where outliers are shown as black dots. In
(B), the effect of the SNP rs8025803 on the expression of the BCL2A transcripts. rs8025803 is a
significant trQTL only for the ENST00000335661.6 transcript expression (p-value = 1.08e-09, in
green). In (D) the effect of the SNP rs4796398 on the expression of the EIF5A transcripts. rs4796398
is a significant trQTL only for the transcript ENST00000336458.8 (p-value = 1.36e-09, green) but

not for the other 4 transcripts.

Figure 6. The SNP — gene overlap between datasets obtained with different technologies.
(A) Venn diagram representing the eQTL — gene overlap between eQTLs affecting gene expression

in ONT, Hlumina, and QTL affecting transcripts expression (trQTLs) determined by ONT. Only one
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eQTL-gene association overlapped across the three analysis [27]. Red highlights the 60 trQTL - ONT

that did not overlap with any eQTLs - ONT and eQTL — Illumina.

Figure 7. Significant eQTLs for the gene NDUFS5 and its transcript.

(A) Scheme representing the gene and most abundant transcripts structures of NDUFS5. Box-plots
representing the genotype (0, 1 and 2 for homozygous for the reference allele, heterozygous and
homozygous for the alternate allele, respectively) versus gene expression or transcript expression are
shown as Reads per kilobases per million (RPKM) and transcripts per million (TPM), respectively;
and where outliers are shown as black dots. The SNP rs12043492 is an eQTL for both, gene
expression and transcript expression. rs12043492 is (B) a significant trQTL for the
ENST00000372967.3 (green) (p-value = 8.64e-08), but (C) no effect of the second transcript
ENST00000372969.3 (blue). In (D) showing the effect of the SNP rs12043492 on the NDUFS5 gene

expression (eQTL) (p-value = 5.26e-08).

Figure 8. Significant eQTLs for the gene POLE4 and derived transcripts.

(A) Scheme representing the gene and most abundant transcripts structures for the gene POLE4. Box-
plots representing the genotype (0, 1 and 2 for homozygous for the reference allele, heterozygous and
homozygous for the alternate allele, respectively) versus gene expression or transcript expression are
shown as Reads per kilobases per million (RPKM) transcripts per million (TPM), respectively; and
where outliers are shown as black dots. The effect of the SNP rs12366 on POLE4 gene expression
measured by (B) Illumina (p-value = 1.04e-38) and (C) ONT dataset (p-value = 2.98e-08). The SNP
rs12366 is also a significant trQTL for one transcript of the gene POLE4, (D) ENST00000483063.1

(p-value= 2.27e-08), but (E) not for the alternative ENST00000465242.1, (p-value = 0.17).
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Figure 9. The SNP — gene overlap between Illumina eQTL and eQTLs, and trQTLs in the ONT
dataset.
(A) Venn diagram representing the eQTL — gene overlap between eQTLs affecting gene expression

in ONT data, eQTLs affecting gene expression in Illumina and eQTLs affecting transcripts expression

(trQTLs).
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Figure 3
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Figure 4
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Figure 7
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Abstract

The conventional wisdom that cancer is a disease of somatic coding mutations was disproved by
GWAS studies, which have revealed that non-coding regulatory factors also play a significant role in
cancer development and progression. While coding mutations have been thoroughly studied, the
contribution of non-coding variants in cancer development remains poorly understood and has only
recently been the subject of investigation. In this study, we aimed to gain a deeper understanding of
the non-coding genetic contribution to the development of cancer, and in particular identifying which
genes are involved in this process. We developed an in vitro model in which we measured six cancer
phenotypes related to proliferation, apoptosis and chemotaxis in 87 genetically different
lymphoblastoid cell lines (LCLs). We performed Genome Wide Association Studies (GWAS) and
found one significant association (pvalue <5e-08) with a phenotype which measured the cells’
replication index. This variant rs12865307 is an eQTL for the long intergenic non-coding RNA
(lincRNA) LINC00539, which was previously linked with tumor immune response in lung cancer. In
addition, the variant is also associated with the expression of one of four annotated transcripts of the
gene SKA3, which has been implicated in the promotion of proliferation and cell migration in different
cancer types and thus, is another putative cancer driver gene. Finally, at a lower significance threshold
(p-value <10) we discovered 3,974 variants associated with cancer phenotypes that also had effects
on gene expression, potentially implicating 175 genes. In summary, this study demonstrates the
potential of using the genetic variations of LCLs as an experimental system to explore and dissect the

contribution of the non-coding germline variants to cancer risk, particularly for EBV-related cancer

types.

Abbreviations

LCLs, lymphoblastoid cell lines; GWAS, Genome wide association studies; IncRNAs, long non-
coding RNAs; WES, whole exome sequencing; EBV, Epstein-Barr virus; FACS, fluorescence-
activated cell sorter; CTV, CellTrace Violet dye; hFasL, human Fas ligand; FDR, False Discovery

Rate; eQTLs, expression guantitative trait loci.
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Introduction

Cancer has been typically categorized as a disease of somatic coding mutations, with these mutations
often caused by environmental factors such as sun exposure for many skin cancers and smoking for
lung cancers [1-5]. In the late fifties, researchers provided evidence that UV light induces damage to
cell DNA, causing the initial type of somatic mutations which leads to UV-induced skin cancer [6].
This provided the first evidence of a mutational signature left behind in cancer cells as a result of
being exposed to carcinogens. More recently, next generation sequencing has allowed to look
systematically, in an unbiased way, at the somatic mutations that are present in different cancers.
Early studies applied whole exome sequencing (WES) to tumor samples and healthy tissue to detect
the mutations only present in the tumor and identify the genes in which these mutations fell [7]. This
identified TP53 as a gene which was frequently found to harbor mutations across a wide range of
different cancer types [7, 8] including skin cancer, hepatocellular carcinomas and squamous-cell
carcinomas. TP53 was also found to contain mutations in lung cancer samples, possible due to smoke
exposure [9]. Independent studies of different cancer types have found a variety of genes to frequently
display coding mutations, with tumor samples showing more mutations than corresponding healthy
tissue, demonstrating the importance of somatic mutations to the development of cancer and

providing a tool by which genes involved in particular cancers can be identified.

An orthogonal approach to studying cancer can be found in GWAS. Instead of looking for mutations
in the DNA of tumor cells, these studies investigate the relationship between cancer development and
the inherited germline genome, comparing the frequencies of genetic variants between individuals
who developed cancer to controls who did not. In this way researchers can identify genetic variants
that contribute to cancer predisposition [10, 11]. Unlike the previous study design, GWAS are
typically not restricted to studying only the genome that codes for proteins, indeed, many of the cancer
risk variants that have been discovered lie outside the coding region of the genome and are thus

assumed to be involved in the development of cancer by affecting transcription [12, 13]. Combining
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this information with the previous evidence from exome studies has led to the proposal of the two-hit
hypothesis: rare variants or somatic mutations with high penetrance may directly cause tumorigenesis
(for example, as observed in familial cancer or discovered in exome studies [13]) whereas non-coding
germline variants with low penetrance may modulate the effects of these somatic/rare variants [10].
Germline variants could increase the risk of developing cancer by modulating the expression of genes
involved in tumor development, while the necessary changes at the protein level in genes responsible

for cancer development are either rare (likely due to selection) or due to somatic mutations.

To study the impact of germline variants on cancer related phenotypes and investigate the genes
mediating their effects we can use experimental models. As models for cancer research, cell lines
derived from cancer patients are commonly used, since they are easy to growth and maintain in vitro
and they are presumed to carry the same genomic and epigenomic changes as the tumors of origin
[14]. The use of cell lines as a cancer model is cost-effective, convenient, and allows high-throughput
screening [14-16]. In addition, it is possible to recapitulate and distinguish between some of the main
cancer features by studying these cell lines in vitro [17]. In vitro functional assays can look at different
aspects of cancer, such as the cell’s ability to replicate without limit, self-sufficiency from growth
signals, its resistance to inhibiting signals, as well as the ability of the cells to evade apoptosis and to
migrate to distant tissues in response to stimuli. Together, these assays represent a powerful tool to
generate measurable cancer-like phenotypes in a controlled environment. Once the phenotypes are
generated and quantified, they can be associated with genetic variants to discover mechanisms of
action for germline variants associated with cancer and can also be used to highlight some of the

genes mediating their effects.

For this purpose, LCLs are one model system that has already been extensively used in functional
and molecular studies, meaning that large amounts of genetic and molecular data have already been
generated with them, providing insights into a number of complex diseases including cancer [18-20].

LCLs were produced from a large number of individuals, providing genetic variation across the
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system that can be used to test for association with derived cancer like phenotypes, and the
transcriptome has also been well characterized to aid in identifying mediating genes [21]. While
cancer cell lines could be viewed as a more suitable model given, they are expected to contain the
same epigenetic and genetic signature of cancer, these are usually established from tumors collected
from at most a few individuals, meaning that the genetic diversity is not present to perform
population-based genetic studies. In addition, as LCLs are EBV-transformed B cells, they provide an
in vitro model to study a number of different cancers, including EBV-associated B-cell lymphomas
[22] such as PTLD [23], Hodgkin’s lymphoma [24] as well as B-cell related cancers such as chronic

lymphocytic leukemia (CLL).

In this work, we aim to gain a deeper understanding of the regulatory germline contribution to cancer,
in particular, to identify which target genes are involved in mediating the variants activity. We
performed a population-based functional in-vitro screening on 87 genetically different LCLs to
produce phenotypic data assessing the: (i) proliferation phenotypes that measure the self-sufficiency
in growth signals, sensitivity to growth-inhibitory (anti-growth) signals and the unlimited replication
potential; (ii) apoptotic phenotypes that quantify the evasion of programmed cell death, and (iii)
chemotaxis phenotypes that identify the tissue invasion typical of some cancers. We combine this in
vitro generated phenotypic data with available RNA-seq and genotype data to look for genetic

variants associated with these phenotypes and the genes which mediate these associations.

73



Material and Methods
Reagents, buffers, and culture media
To culture of the LCL cell lines we used RPMI 1640 media that consisted of RPMI 1640 media

(Gibco) supplemented with 100IU/ml/ 100pg/ml of penicillin/ streptomycin (P/ S) (Gibco), 200mM
L-glutamine (BioSwisstec AG) and 10% fetal bovine serum (FBS, Life Technologies, lot number
42G9295K). For the chemotaxis, we used a specific chemotaxis medium consisting of RPMI-1640
media supplemented with 100IU/ml / 100ug P/S, 200mM L-glutamine and 1% and bovine serum
albumin (BSA, Sigma- Aldrich). This medium was used to resuspend the cells before the chemotaxis

trans-well assay.

Dulbeccos’s phosphate-buffered saline 1x (PBS) (Sigma- Aldrich) was used to wash the cell pellet
before FACS analysis. The cell pellets before flow cytometry data acquisition were then resuspended
in a FACS buffer composed of 1x PBS, 0.1% BSA and 0.05% sodium azide (Sigma- Aldrich). For
the apoptosis assay, we used a specific buffer to resuspend the cell pellet before flow cytometry
analysis composed of Annexin V binding buffer 1x prepared according to the manufacturer directions
from the commercially available product (Thermo Fisher). This buffer facilitates the binding of

annexin V to phosphatidylserine in the apoptosis assays.

Lymphoblastoid cell lines (LCLS)

All LCLs are part of the NHGRI (National Human Genome Research Institute) sample repository for
human genetic research. The LCL samples came from five different sources. (i) 14 LCLs derived
from umbilical cord from newborns of Western European origin born at the maternity ward of the
University of Geneva Hospital, for which pregnancies were full term or near full term (38-41 weeks).
For each sample informed consent was obtained after an interview of the mother with a trained nurse.
The project was approved by the Geneva University Hospital Ethics Committee [20]. (ii) 22 LCLs
that were part of a previous study and originated from B cells of Northern and Western European
ancestry [25]. (iii) 33 LCLs from the 1000 Genomes Project [26]. (iv) 13 LCLs from GEUVADIS

cohort sample [27]. (v) 5 LCLs from the HapMap project [28]. Altogether, this gives 87 LCLs, all
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from individuals of European ancestry. LCLs are from unrelated individuals and grown under
identical conditions in a complete RPMI medium. Two randomly chosen LCLs were used to establish
the in vitro LCLs culture growth conditions and ideal day of splitting. To assess the concentration for
seeding cells were plated at different concentrations (from 0.0375 x 10° to 1.2 x 10° cells/ml) and
counted after 3 and 4 days with the best concentration found to be 0.2 x 10° cells/ml. To assess the
ideal day for splitting cells were plated at 0.2 x 10° cells/ml and followed in culture for 7 days, with
the most suitable day found to be day 3. LCLs were kept for at least 3 weeks in culture until they all
reach a similar exponential growth phase and constant high viability (~98%). From the 87 LCLs, the
RNA-seq data (HiSeq2000 sequencing system, Illumina) and genotype data were already available

from a previous study [29].

Cancer-like phenotype assays

Proliferation was measured at 24h, 48h, and 72h by fluorescence-activated cell sorter (FACS)
without previous cell cycle synchronization. Cell lines were split the day before the assay. Next, LCLs
were suspended at 1 x 10° cells/ml in 1x PBS and labelled with 0.625uM CellTrace™ Violet dye
(CTV, ThermoFisher Scientific). After 20min of labelling in the dark at room temperature (RT), LCLs
were washed with 5ml of complete RPMI medium and left alone for 5min to remove any excess dye.
The cells were then pelleted by centrifugation at 300g for 7min and resuspended in a fresh pre-
warmed complete RPMI medium. Immediately, 0.2 x 10° labelled LCLs were plated in 96-well flat-

bottom tissue culture plates (Corning-Costar) in a total volume of 200uL per well.

At each time-point and before flow cytometry using an Attune NXT Cytometer coupled with
autosampler (Thermo Fisher) measurement, 100ul of FACS buffer and 10ul of 7-AAD viability dye
were added to the samples. 7-AAD allows the distinction between live cells and dead cells. Finally,
to calculate the absolute counts of cells, a pre-defined number of beads CountBright™ (ThermoFisher
Scientific) were added directly to the cells for a total initial volume of 310uL into a 96-well flat-

bottom plate without cell washing steps. The FACS data were analyzed using the FlowJo software
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(version 10.5.3, LLC). The gating strategy consisted of the identification of LCLs on forward scatter-
area (FSC-A) versus side scatter-area (SSC-A) dot-plots, followed by the selection of single cells in
both, high versus width FCS and SSC plots. At last, dot-plots for 7-AAD versus CTV allowed us to

identify live cells (7-AAD") and violet cell tracer positive cell (CTV™) (Figure 1A-B).

The proliferation parameters assessed were: (i) Replication index, defined as the average of absolute
cell number at each time point giving an estimate of the overall proliferation ability. (ii) Proliferation
index, is the ratio of final absolute cell count at 72h to the starting absolute cell count at 24h,
representing the fold of expansion during culture, which gives the intensity of proliferation potential.
(i) Fold-dye dilution using the average of the mean fluorescent intensity (MFI) between each time
point and day 1. Day 1 was used to set the zero generation since it is well known that during the first
24 hours the fluorescence from the CTV decreased rapidly due to the efflux of the dye not bound to
the cell membrane. Additionally, it was necessary to normalize CTV dye intensity and the starting
number of cells at each time point by dividing the obtained values for the respective values at Oh to

set the baseline for each LCL.

To get the proliferation index and replication index phenotypes we used the absolute cell count. The
absolute number for CTV* and 7-AAD  cells (live proliferating cells) were calculated by the

following equation:

cells (Cell count x Counting beads volume) ) )
) = X Counting beads concentration

Absolute cell count( il

" (Counting beads count x Cell volume)

Finally, for the Fold dye dilution proliferation phenotype, the MFI was calculated at each time point

without the need for absolute cell counting.

Apoptosis was measured in vitro using different media conditions and 96-well flat-bottom tissue
culture plates (Corning-Costar) where cells were plated at a concentration of 0.2 x 10° cells/well in a

complete RPMI medium. The apoptotic phenotypes observed after culture for 18h at 37°C in a 5%
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COz incubator were: i) Apoptosis index no hFas-induced (the intrinsic apoptosis) that was measured
without any stimuli. ii) Apoptosis index hFas-induced (the extrinsic apoptosis) that was measured
after incubation with 10ug/ul of the anti CD95 (APO-1/Fas) monoclonal antibody (clone EOS9.1,
eBioscience). This CD95 monoclonal antibody is an agonist of the human FAS death cell receptor,
when bound to the receptor it activates the signaling cascade transduction leading to cell death signals.
At the endpoint, LCLs were washed with 1x PBS and pelleted by centrifugation at 300g for 7min and
RT, before FACS analysis. After spinning, cells were then resuspended in 200ul of 1x Annexin V
binding buffer and stained with 1:2 dilution of Annexin V conjugated to Pacific Blue (-PB,
ThermoFisher Scientific) and incubated for 15min at RT according to the manufacturer instructions.
Ten ul of 7-AAD viability dye was used to distinguish between early/late apoptotic cells and dead
cells. Finally, samples were acquired by flow cytometry as described before with the last modification
in the gating strategy, after single-cell inclusion. Then, the dot-plot of 7-AAD versus Annexin V-PB
distinguishes the following conditions: (i) live cells (defined as 7-AAD~Annexin V-PB~ population);
(ii) early apoptotic cells (7-AAD Annexin V-PB* cells); (iii) late apoptotic cells (7-AAD*Annexin
V-PB"), and (iv) dead cells (7AAD*Annexin V PB") (Figure 1A, 1C). Early and late apoptotic LCLs
were pooled together to define the percentage of total apoptotic cells used in the two phenotypes
analyzed. The apoptosis index was calculated as a ratio of the absolute cell number undergoing

apoptosis over the starting absolute number of cells.

The chemotaxis assay was performed in a 96-well trans-well plate with a 5.0um pore size
polycarbonate membrane (Corning-Costar). The LCLs cells were split 24h before the assay and kept
in an RPMI complete medium. For the assay, the cells were washed, counted to reach a working
concentration of 1.5 x 10° cells/ml and suspended in an RPMI chemotaxis medium. For each of the
three experimental conditions, in the lower part of each of the trans-well chambers, we placed 240ul
of (i) RPMI chemotaxis medium (negative control); (ii) RPMI chemotaxis medium + 10% FBS

(chemoattractant solution); and (iii) 1.1 x 10° cells in RPMI chemotaxis medium + 10% FBS (positive
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control). Then, on the top of the chamber (trans-well), 1.1 x 10° LCLs were added, with the sole
exception of the condition positive control (condition (iii)) where the cells are placed in the lower
compartment. The plate was then incubated for 2h at 37°C in 5% CO. [30]. Migrated cells were
stained with 10ul of 7-AAD and incubated for 10min to quantify by flow cytometry as described
above. After single-cell gating, the living LCLs were counted by excluding those dead 7AAD" cells
(Figure 1A). The absolute cell count was performed in the same way as the proliferation assays. The
percentage of migrating cells was calculated as the percentage of the absolute number of the cells
able to migrate in the lower compartment of the trans-well divided by the total number of cells plated

(condition (iii)).

Flow cytometry-based functional assays

Proliferation, apoptosis and chemotaxis phenotypes were analyzed by flow cytometry using the same
first three gating strategies (Figure 1A) followed by specific ones according to each phenotype as
shown by representative experiments in Figure 1. The gating strategy of LCLs consisted first in
discarding cellular debris by using forward scatter-area (FSC-A) versus size scatter-area (SSC-A)
dot-plots and selecting by size and granularity both populations of interest, beads (proliferation and
migration only) and LCLs (indicated within the plot, far left Figure 1A). Single cells were selected
by consequently plotting SSC-width (SSC-W) versus SSC-high (SSC-H) and forward side scatter-
height (FSC-H) versus FCS-W in (Figure 1A). The final population of single-cell LCLs was next
evaluated separately for the three phenotypes. Proliferation and chemotaxis measurement required
the definition of an additional gate in the Yellow laser-area (YL1-A) versus Red laser-area (RL1-A)
dot-plot corresponding to the counting beads (Figure 1A left) that are represented in red in the FSC-
A versus SSC-A plot. Proliferation was obtained from gating on live cells (7AAD") plotting 7-AAD
versus forward FSC-H, and live cells were used to quantify the number of cells at each time point to
derive proliferation and replication index (Figure 1B right). Then, on live cells, CTV intensity
dilution was assessed over the three-time points and used to define the fold dye dilution phenotype

(Figure 1B). Apoptosis required to set quadrants in Annexin V-PB versus 7AAD dot-plots. Here, the
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dead (upper-left), late apoptotic (upper-right), early apoptotic (lower-right) and living LCLs (lower-
left) are indicated, including the percentage of cells belonging to each quadrant (Figure 1C). For
chemotaxis, we gate on live cells (as in the proliferation) (Figure 1B right) which were used for

quantification of migrated cells with the help of cells counting beads.

Statistical Analysis of phenotype analyses

Flow cytometry data analysis was done using FlowJo (version 10.5.3, LLC). The absolute cell
numbers from all assays were divided by the absolute cell number at time zero (t0) as an internal data
normalization for each cell line. Technical covariates considered were: batch effect, reflecting the
date of each experiment, cell origin (the source of the population of the LCLs samples) (S1 and S2
for the effect of technical covariates used) [20, 25, 26]; and sex. These were identified using a linear
regression model associating each phenotype with each of the covariates available. Spearman
correlations between phenotypes were performed using the rcorr function from the corrplot R

package (version 0.92) [31].

RNA-seq data and genotype data from external datasets

We used short-read Illumina RNA-seq data and genotype data from 317 LCLSs (including the 87 LCLs
in this study) created as described in Delaneau et al. [29]. Briefly, available RNA-seq gene expression
data were quantified using QTLtools [32] with GENCODE v19 [33] as reference annotation and
genes were filtered to only retain protein-coding genes and long intergenic non-coding RNA
(lincRNAs) expressed in more than 90% of the samples. The genotype data for these samples,
available from either the 1000 Genomes project or the Illumina Human OMNI 2.5M SNP array [29],
were filtered using standard procedures to remove low-quality SNPs. The resulting genotype matrix
of 317 individuals and 6,785,28 variants was imputed from the 1000 Genomes phase 3 reference
panel [26] and poorly imputed variants were removed [29].

GWAS

We performed a genome-wide association analysis to associate the 6,785,282 SNPs to the six in vitro

phenotypes. We used the gwas function implemented in QTLtool [32] and covariates to correct the
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phenotype data, the GWAS threshold considered for significant associations was 5e-8. This analysis
included the following covariates: sex, the first three principal components (PCs) from genotypes,

batch for the in vitro phenotypic assays and origin of the cells.

Genetic associations

For gene expression phenotype, we mapped eQTLs using the QTLtools package, nominal pass in cis
[34]. Briefly, all genetic variants within +/— 1 Mb of the transcription start site of the gene were
identified, and all the associations were retained. The QTLtools package implements this in its cis

nominal mode [34]. The R/qvalue package was used to correct for multiple tests across phenotypes

using a false discovery rate (FDR) of 5% [35] (http://github.com/jdstorey/gvalue).

All eQTLs analyses included the following covariates: sex, the first three principal components (PCs)

from genotypes, and 50 PCs from expression (genes or transcripts).

Gene Ontology enrichment analysis and pathway mapping

For the pathway analysis conducted in this study, the pathway information from the Kyoto
Encyclopaedia of Genes and Genomes (KEGG) were tested using the online KEGG pathway database
[36-38]. Basically, we tested our candidate genes associated with different cancer-like phenotypes
using the online KEGG Mapper for pathway identification [36-38]. The Gene Ontology enrichment

analysis was performed on the same gene sets directly from the GOC website (https://optical.org/)[39,

40] that used the analysis tool from the PANTHER Classification System [41].

Gene expression association with phenotypes

We used a linear regression model written with R (version 3.6.2) to associate each protein-coding and
INcRNA genes (n = 14,246) to each cancer-like phenotype independently (6 linear regressions per
gene). The analyses included the following covariates: sex, cell origin, the origin of sequencing data,
and batch for the phenotypic assays. Multiple testing correction was performed across phenotypes

was performed using the gvalue package in R (version 2.18.0) [35]
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Results
Differences in cellular phenotypes across cell lines

We assessed the proliferation ability of the 87 genetically different LCLs using (i) the cells’
replication index; (ii) the cells’ proliferation index and (iii) fold-dye dilution of the violet cell tracer
dye across time (see Material and Methods). Overall, the LCL populations showed small differences
in terms of cell proliferation ability (replication index, range 0.156 — 2.265) and cell expansion
(proliferation index, range 0.560 — 3.927) (Table 1). We detected a positive correlation between all
the three proliferation phenotypes, with a Spearman correlation p of 0.6; 0.51; and 0.65 for
proliferation versus replication index; replication index versus fold dye dilution; and proliferation
index versus fold dye dilution respectively (p-values from 0.0001 to -8.78¢% (Figure 2A, 2B),

showing that the three proliferation phenotypes are all highly correlated.

The ability of LCLs to resist both intrinsic (non-induced) and extrinsic (ligand-induced) apoptosis
was also investigated. The engagement of the hFas ligand (hFasL) to the hFas death receptor (hFasR)
expressed on the cell’s surface is known to induce cell death [42]. Among the extrinsic apoptosis
induction receptors, hFasL was used as the expression of this gene was homogeneous across all the
87 LCLs, based on previously published RNA-seq [27, 29] (see Material and Methods). To capture
both intrinsic and extrinsic apoptosis we therefore assayed both (i) stimulation with an agonist of the
human Fas ligand (hFasL, CD95L) and (ii) without stimulation. After the 18h in culture, there was
an increase in apoptosis when LCLs were stimulated with the agonist of hFasL, with a median
apoptotic index of 2.5, compared to the 1.9 without stimulation. Of note, for 6.8% of cells the induced
apoptosis was lower than the spontaneous, underlying an ability to reduce their spontaneous apoptosis
but also resist the induced one (Table 1). Furthermore, we observed a strong positive Spearman
correlation (p = 0.82, p-value = 2.2e%%) between the spontaneous and the Fas-induced apoptosis

(Figure 2A, 2C).
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Chemotaxis in the 87 LCLs was assessed using a trans-well migration assay with 10% FBS as a
chemoattractant. We used FBS in order to ensure that our experiment was robust to the choice of
chemokine used [43, 44]. Nearly 50% of the study population showed a small percentage of migratory
capacity (< 1.5% migrating cells among the total number of cells), and 10% of the total population
showed a more pronounced migration toward FBS attraction (< 5%) (Tablel). Nonetheless, we did
not observe any association between chemotaxis and proliferation and apoptosis phenotypes, as
shown in Figure 2A. An example of correlation between chemotaxis and replication index in shown

in Figure 2D.

Finally, we detected a negative Spearman correlation (p =— 0.13 to — 0.03, p-value = 0.23 to 0.70)
between all the three proliferation phenotypes measured and the spontaneous and induced apoptosis
index (Figure 2A, 2E).

Sex association with phenotypes

Complex human phenotypes often manifest in a sex-specific manner. Cancer types, in particular, are

known to exhibit gender differences not only in incidence and prevalence (https://seer.cancer.gov)

but also in tumor growth rate and treatment responses [45]. To evaluate the influence of sex on LCLs
proliferation, apoptosis and chemotaxis we performed a linear regression model between the six
cancer-like phenotypes and sex inferred from genotypes in LCLs. Of the proliferation phenotypes,
both proliferation index and fold dye dilution measurements were correlated with sex (p = 0.25 and
0.28, p-value = 0.017 and 0.018, respectively), suggesting sex differences in the ability of LCLs to
proliferate (Figure 3A, 3B). On the other hand, no significant correlation was present between sex
and chemotaxis (p-value > 0.3) and neither between sex and apoptosis phenotypes (p-value > 0.4)

(Figure 2A and S3).

Genetic variants associated with cancer phenotypes

Next, we evaluated the association between genetic variants across the genome and the phenotypes

by performing six genome-wide association studies (GWAS) using the gwas option of QTLtool [32].
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We detected only one significant association below the GWAS threshold, defined as a p-value <5e-8
(Figure 4, red line). The SNP rs12865307 was associated with replication index (p-value = 1.6510%
Figure 4A). A number of nearby SNPs in moderate LD with rs12865307 (R2>0.4) also showed
evidence of association with replication index, though not to the genome-wide threshold, reducing
the risk that this association is a false positive due to genotyping errors (Figure 5A and S4). Genes
in a 1IMB window around this SNP, potential candidates as mediating the effect in cis, are shown in

Figure 5B.

To identify putative candidate genes mediating the significant SNP rs1286530 effect on replication
index, we looked at publicly available genetic associations between the SNP and the gene expression
of nearby genes using the same LCLs [32, 34]. We found 12 genes significantly associated after
controlling for multiple testing (Table 2, FDR<5%), the most significant association was with the
lincRNA LINC00539 (p-value = 3.84e**). This SNP-gene association was already described as an

eQTL inthe GTEx eQTL catalog (https://gtexportal.org). LINC00539 was found in a recent study to

be associated with tumor immune response in lung adenocarcinoma and lung squamous cell

carcinoma [46], making it a potential gene candidate for further investigation.

Splicing effect on rs12865307 target genes

Using the long-read direct RNA sequencing data we produced in another study (see Article 1), we
investigated the role of splicing on the gene expression of the 12 candidate genes associated with
rs12865307. We detected at least one annotated transcript for 8 of the 12 target genes listed in Table
2. In particular, the SKA3 gene, coding for the spindle and kinetochore associated complex subunit 3
which regulates microtubule attachment to the kinetochores during mitosis, had four different
annotated transcripts. The protein encoded by this gene localizes to the outer kinetochore and may be
crucial for proper cell division and chromosome segregation, both traits related to cell replication.
We tested for association between the SKA3 gene and its four transcripts and rs12865307. While the

SNP was not a significant eQTL for the SKA3 gene (p-value =0.597), we still detected an association
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with the expression of three of the transcripts represented in Figure 6 (blue, yellow and red). SKA3
is known to promote cell proliferation and migration in cervical cancer by activating the PI3K/Akt
signaling pathway [47]. Another multi-omics analysis identified SKA3 as a candidate oncogene
associated with poor prognosis in lung adenocarcinomas [48] and it was also proposed as a prognostic

biomarker associated with immune infiltration in bladder cancer [49].

GWAS - eQTLs overlap

Since the small sample size (n = 87) limited our power to detect significant GWAS hits for all the six
phenotypes under investigation, we decided to lower the threshold to a p-value < 10*and investigate
the variants which were significant at this threshold (from 357 to 1,003 variants depending on
phenotype; Table 3). We performed an overlap between these GWAS-hits (p-value < 10%) and
previously published SNP-gene expression associations [32]. We defined significant eQTLs amongst
these variants as those whose association with expression passed multiple testing correction
(FDR<5%). Table 3 summarizes these results. We observed that the proliferation index phenotype
showed the highest number of significant eQTLs genes (eGenes, n = 64) while chemotaxis the lowest
(n = 14). Among the 176 significant unique eGenes detected in the analysis described above, 84.8%
were not shared by more than one phenotype. However, one gene was associated with a variant linked
to both the apoptosis phenotypes and the fold dye dilution proliferation phenotype, and 27% of the
genes linked to an apoptosis-hFAS induced variant were also linked to a not induced phenotype.
Among these 20 genes linked to the two apoptosis phenotypes (S5 and Figure 7), we saw an
enrichment in the lysosome pathways (FDR = 3.0e-02, fold enrichment = 29.7; KEGG database[36]);
a function which plays an important role in the progression of apoptosis in cancer conditions [50, 51].
A Gene Ontology enrichment analysis identified other apoptosis-related pathways that were enriched
in our set of apoptotic genes, as shown in Table 3. Moreover, the two genes linked to the proliferation
index and apoptosis index (no hFAS induced) (Figure 7) included IGF2BP3, which was already
associated with pancreatic cancer (The Human Protein Atlas). IGF2BP3 is described as one of the

KH-domain-containing RNA-binding protein (RBP) and has been reported to promote invasiveness
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and metastatic properties of pancreatic ductal adenocarcinoma cells if overexpressed [52]. The other
gene is the MALSUL1, which codes for the Mitochondrial Assembly Of Ribosomal Large Subunit 1.
MALSUL is essential for mitochondrial ribosome function and mitochondrial translation, and could
prevent premature association of the 28S and 39S ribosomal subunits during ribosome biogenesis.
MALSU1 may also be involved in the assembly and/or regulation of the mitochondrial ribosome large
subunit [53]. Finally, the only gene shared between proliferation index, fold dye dilution and
apoptosis index (no hFAS induced) phenotypes is the GAA (alpha-glucosidase), a gene previously
reported as an unfavorable prognostic marker for colorectal cancer (p-value < 0.001 Human Protein

Atlas).

Gene expression associated with cancer phenotypes

To investigate the direct association between gene expression and cancer-like phenotypes, we
performed a linear regression between protein-coding genes and INCRNAs (n = 14,246) expressed in
LCLs samples and the six phenotypes derived from the functional assays. We detected target genes
with a p-value < 0.05 (Figure 8), but none of them survived multiple testing corrections (FDR 5%).
Therefore, due to the small sample size and the complexity of the phenotypes investigated we could

not perform a direct association between gene expression and cancer-like phenotypes.
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Discussion

In this study, we produced in vitro functional data for three cancer phenotypes: proliferation,
apoptosis and chemotaxis. Combining our functional data with genotype and expression data from
previous studies [20, 25, 29] we investigated the genetic contribution to cancer phenotypes and
differences in gene expression associated to them. In particular, we aimed to identify putative
candidate genes that could mediate the effect of genetic variants on cancer-related phenotypes. Cancer
is caused by a combination of several types of mutations which leads to the emergence of different
abnormalities, such as excessive proliferation, migration and the avoidance of apoptosis [17, 54].
Even if cancer has been considered for a long time a disease caused by somatic mutations, GWAS
studies have highlighted the important contribution of germline non-coding variants in cancer
development [55, 56]. The six phenotypes we investigated summarize in vitro three of the main

characteristics of cancer cells and provide measurements of cancer properties.

We chose LCLs as an in vitro model for multiple reasons: (i) the different cell lines have been derived
from a well-studied population with multiple published genetic and gene expression studies [18-20,
25, 29] ; (ii) they are easy to grow in culture and therefore suitable for large population-based studies;
and (iii) since LCLs are immortalized cell lines, they are an almost unlimited source of genetic and
gene expression material. These factors mean that it is possible to study these cellular phenotypes
from a population perspective, using the available data. All in all, this particular population of LCLs
is a suitable model for identifying the molecular relationships between genetic and transcriptomic

signatures, and measurable phenotypes [21].

Our first analysis identified a strong correlation between the proliferation and the apoptosis
phenotypes, while it showed a negative correlation between all the proliferation and the apoptosis
phenotypes. In addition, we identified significant associations between two of the proliferation
phenotypes and sex, while other phenotypes did not show significant associations in our study. It has

already been observed that complex human phenotypes, including diseases, present sex differences
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[57]. Different theories attributed sex differences to different hormones, the presence of sex
chromosomes, genotype-by-sex effects, differences in behavior and environmental exposures
between men and women, but their mechanisms and underlying biology remain poorly understood
[57]. In cancer, sex differences were reported for the incidence in specific cancer types as well as
different prognosis and responses to treatments [58, 59]. Our findings show that sex may influence
the proliferation capability of cells, which has been proposed as an important factor in cancer.
Moreover, given the strong correlation we observed between proliferation phenotypes and apoptosis
phenotypes, we cannot discard the possibility that larger sample size studies may also find differences
with other cancer-like phenotypes. Therefore, our work points to potential cellular mechanisms

underlying the cancer risk and the progression differences observed between men and women.

Given the prominent role of genetics in the risk of cancer, we wanted to investigate the effect of
genetic variants on cancer-like phenotypes. Moreover, using available gene expression we aimed to
identify genes mediating their effect. However, we observed that our study was underpowered to find
genome-wide associations with many of the cancer phenotypes. This is not surprising, given that
complex phenotypes are often defined by the effect of thousands of variants with small effect sizes
[60]. Nevertheless, we were able to identify a significant GWAS association, rs12865307, for the
replication index, one of the proliferation phenotypes. Furthermore, using publicly available eQTL

results froma much larger study (https://gtexportal.org) we reported a genome-wide significant eQTL

for the rs12865307 SNP and the lincRNA LINC00539 (Long Intergenic Non-Protein Coding RNA
539). This gene is known to correlate with tumor immune responses in lung adenocarcinomas and
lung squamous cell carcinomas [46]. Altogether, our results indicate that cancer-like cellular
phenotypes show a genetic complexity comparable to whole-organism traits often studied using
GWAS, which likely requires studies with thousands of samples to uncover their genetics. However,
we were able to identify one genome-wide significant association for a proliferation phenotype and

provide a putative candidate gene that mediates its activity.
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Recent eQTL studies showed that many SNPs often influence the expression of multiple genes [61,
62]. Therefore, we decided to explore in more detail the associations between the significant
rs12865307 SNP and the expression of genes nearby. We identified 12 genes in the vicinity of the
SNP. Of those genes only the lincRNA LINCO00539 previously mentioned had a significant
association with the SNP after multiple testing corrections. However, among these genes only we
highlighted the the SKA3 gene since it is the only one producing more than two isoforms. Three
among the four transcripts, even if not affected by a transcript-QTL, shown a genetic association with
the GWAS SNP that could be further explored in a larger dataset with increased statistical power.
SKA3 is known to promote cell proliferation and migration in cervical cancer [47] and has also been
proposed as a prognostic biomarker associated with immune infiltration in bladder cancer [49] and
lung adenocarcinomas [48]. In conclusion, by integrating different data types and technologies we
could investigate the specific mechanism of genetic variants affecting slicing in cancer-related

phenotypes.

Our study aimed to better understand the underlying molecular mechanisms of cancer by studying
cancer-like phenotypes. We integrated genetic variation, gene expression and in vitro cancer-like
phenotypes and found that the complexities of these phenotypes are comparable to whole-organism
phenotypes. Therefore, future studies should further employ methods commonly used in GWAS, to

build a direct link between functional features and cancer genetic variants.
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Tables

Table 1. Summary statistics of the six analyzed phenotypes.

Standard

Phenotype Range Mean  Median deviation Variance
Replication index 0.156 —2.265 1.207 | 1.304 0.481 0.231
Proliferation index 0.560 — 3.927 1.998 1.93 0.746 0.557
Fold tracer dye dilution (CTV) 1.228 — 6.966 3.733 | 3.778 1.06 1.124
Apoptosis index 0.811 -10.935 2.493 1.945 1.718 2.95
ﬁgﬁgﬁ's M 2GEllE A 0.137-14399 | 2946 |2504 | 1993 | 3.974
Chemotaxis (% of the total) 0.015-19.120 | 2.147 | 1.209 3.01 9.062

Abbreviations. CTV, CellTrace violet dye; hFAS, human FAS.
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Table 2. Gene candidates to mediate the effect of the GWAS hit.
List of the 12 gene candidates for the mediation of the effect of the GWAS for the replication index. The SNP

rs12865307 was associated with replication index with a p-value of 1.66e-08. The p-value association is the p-value

of the SNP-gene association in the eQTL analysis.

Multiple transcripts
Gene p-value association

(# of transcripts)
LINC00539 3.84E-14 YES
ZDHHC20 0.0111112 NO
EEF1AKMT1 0.134562 YES
XPO4 0.154231 NO
LATS2 0.181377 YES
SKA3 0.597652 YES, (4)
MRPL57 0.684558 NO
SAP18 0.863979 YES
CRYL1 0.874091 YES
IFT88 0.888233 YES
MICU2 0.90972 YES
IL17D 0.992938 NO

Abbreviations. LINC00539, Long Intergenic Non-Protein Coding RNA 539; ZDHHC20, Zinc Finger DHHC-Type
Palmitoyltransferase 20; EEFLIAKMT1, EEF1A Lysine Methyltransferase 1; XPO4, Exportin 4; LATS2, Large Tumor
Suppressor Kinase 2; SKA3, Spindle And Kinetochore Associated Complex, Subunit 3; MRPL57, Mitochondrial
Ribosomal Protein L57; SAP18, Sin3A Associated Protein 18; CRYL1, Crystallin Lambda 1; IFT88, Intraflagellar
Transport 88; MICU2, Mitochondrial Calcium Uptake 2; IL17D, Interleukin 17D.
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Table 3. Summary of the number of GWAS - hits overlapping eQTLs

Phenotype GWAS GWAS — Significant eQTLs Unique
p-value < 10e-4  eQTLs-gene (5%FDR) genes
Proliferation index | 1,003 14,180 887 64
Replication index | 453 5,044 102 23
Dye dilution 641 9,258 111 23
Apoptosis 762 10,982 186 36
Apoptosis hFAS 758 9,405 185 42
Chemotaxis 357 4,349 36 14

Abbreviations. eQTL, expression quantitative trait loci; FDR,

studies; hFAS, human FAS.
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Figure legends

Figure 1. Gating strategy used in the phenotypic analysis.

Proliferation, apoptosis and chemotaxis phenotypes were analyzed by flow cytometry using the same
three initial gating strategies, followed by specific ones according to each phenotype. (A) The gating
strategy of LCLs for proliferation and chemotaxis included the CountBright™ beads for absolute cell
count identified in dot-plots in the channels for yellow and red laser (YL1-A and RLI1-A,
respectively). Then, the cellular debris was excluded by using forward scatter-area (FSC-A) versus
size scatter-area (SSC-A) dot-plots, beads (in red, back-gated from the precedent dot-plot) and LCLs
(in black). The exclusion of duplets and aggregates was followed by the consecutively plotting SSC-
with (SSC-W) versus SSC-high (SSC-H) and FCS-H versus FCS-W. (B) Proliferation and
chemotaxis were obtained from gating into live cells in FCS-H versus 7-AAD (right). Proliferation
was followed by histograms for the CTV channel (left). (C) Apoptosis required setting quadrants in
Annexin V-Pacific blue (PB) versus 7AAD dot plots. Here, the cells are divided into dead (upper-
left), late apoptotic (upper-right), early apoptotic (lower-right) and living LCLs (lower-left). Numbers

in each plot correspond to the percentage of cells located in each quadrant.

Figure 2. Correlations among all the observed phenotypes.

(A) The figure summarizes the Spearman correlation (p) among the cancer-like phenotypes and sex
computed by the corrplot package for the 87 samples analyzed. Positive and negative correlations are
indicated in blue and red color shades, respectively. A strong correlation exists between the Apoptotic
index with and without human Fas ligand-induced (hFAS) induction (p = 0.82, deep blue). Good
positive correlations are between the three Proliferation phenotypes: Replication index, Proliferation
index and Fold-dye dilution with a p 0f 0.6; 0.51; and 0.65 (dark blue). Proliferation index and Fold-
dye dilution show a slight positive correlation with the biological covariate sex with p of 0.25 and
0.28, respectively (light blue). Opposite, a negative correlation exists between the Proliferation
phenotypes and those related to Apoptosis (pale red). (B-E) Scatter-plots of representative examples

from the correlation analysis in (A).
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Figure 3. Sex as the biological covariate shows a correlation between the cancer-like
phenotypes.

Violin plots show the different correlations from a linear regression model between sex and (A) the
proliferation index and (B) the fold dye dilution phenotypes. The information about sex obtained from
Delaneau et al. [29] is displayed as 0 and 1, where 0 corresponds to males and 1 to females. Statistical

significance, * p-values < 0.05.

Figure 4. GWAS for the six phenotypes reveals associations of single nucleotide variation with
the Replication index.

The Manhattan plots represent the p-values, expressed as — logio(p), along the chromosome for the
single nucleotide polymorphism (SNP) represented as single dots resulting from GWAS. Alternated
blue and yellow colors visually identify the different chromosomes. The GWAS threshold of 5e-8 is
shown by the red lines. The phenotypes are (A) Replication index; (B) Proliferation index; (C) Fold-
dye dilution; (D) Chemotaxis; (E) Apoptotic index without induction; and (F) Apoptotic index with

human Fas ligand-induced (hFAS) induction

Figure 5. Magnification of the 1IMb window around the GWAS leading target rs12865307 SNP
for replication index on chromosome 13.

(A) The Locus Zoom-plot shows enrichment of SNPs (red, green, yellow and light blue) in the 1IMB
window around the rs128654307 GWAS hits. These SNPs are correlated (r?> 0.4) with the leading
SNP represented in purple. The color grading bar is for the r2 values. (B) Representation of the genes

located in genomic region surrounding the GWAS SNP rs128654307.

Figure 6. Representation of the SKA3 gene as a putative target of trQTL effects.
(A) Graphical representation of the SKA3 gene structure (grey) and the four different transcripts

(yellow, green, blue and red). Each box depicts a different exon and the blue curved lines between
exons represent all the possible splicing events between exons. (B-E) Box-plots showing the effect
on the different transcript’s expression of the rs12865307 SNP (GWAS - hit for replication index).

The x-axis corresponds to the three different genotypes (0 for the homozygous for the reference allele,
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1 for the heterozygous and 3 for the homozygous for the alternative allele of the SNP). The y-axis

represents the transcript expression in TPM (Transcript per million units).

Figure 7. Representation of the GWAS — eQTLs gene overlaps between the six phenotypes.
The Upset-plot provide a visualization of the intersections of the genes linked to GWAS — eQTLs

signal between the six different phenotypes listed on the left of the bottom part of the plot. In the
upper part, the histogram shows the number of genes in each intersection between the different
phenotypes represented below. On the left side are represented with different colors the number of

genes detected in each phenotypes group.

Figure 8. Distribution of the p-values for each gene expression associated with phenotypes.

Histograms represent the p-value distribution for gene expression associated with each of the six
phenotypes (A) Proliferation index, (B) Replication index, (C) Fold-dye dilution, (D) Apoptosis

index, (E) Apoptosis index hFAS, and (F) Chemotaxis index. Significant p-value < 0.05.
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Figure 4
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Figure 6
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Figure 7
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Figure 8
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Supplementary tables

S4. SNP strongly correlated to the GWAS - hit rs12865307 with a GWAS - association p-
value > — log10(2).

List of the 66 SNP located in the chrl13 in the 1Mb window around the GWAS — hit SNP rs12865307 and strongly
correlated to that SNP.

SNP ID p-value SNP ID p-value
rs12865307 1.66E-08 | rs12584855 9.16E-03
rs7333934 5.71E-08 | rs9552414 9.17E-03
rs9578371 2.68E-07 | rs9552415 9.18E-03
rs2315540 2.42E-05 | rs4770140 1.03E-02
rs7337694 2.81E-05 | rs75501492 1.21E-02
rs9316295 1.35E-04 | rs35408239 1.27E-02
rs67864731 1.42E-04 | rs35114912 1.28E-02
rs71202412 1.94E-04 | rs1987501 1.34E-02
rs7320279 2.23E-04 | rs7320093 1.52E-02
rs7327138 2.33E-04 | rs7326077 1.52E-02
rs9552408 2.61E-04 | rs9506652 1.66E-02
rs9509655 3.19E-04 | rs4770139 1.84E-02
rs17356983 3.99E-04 | rs261726 2.35E-02
rs9509656 4.10E-04 | rs17065460 2.86E-02
rs17065406 4.50E-04 | rs12853474 3.30E-02
rs9506654 5.52E-04 | rs1963728 3.95E-02
rs9506653 6.49E-04 | rs9316310 4.02E-02
rs73153907 8.01E-04 | rs4770142 4.05E-02
rs2027154 8.37E-04 | rs9316312 4.07E-02
rs7318257 8.89E-04 | rs149443099 4.07E-02
rs7336525 9.11E-04 | rs111360725 4.44E-02
rs7328466 1.17E-03 | rs75361506 4.46E-02
rs9509657 1.20E-03 | rs7336043 4.54E-02
rs11619856 7.25E-03 | rs261727 4.55E-02
rs4770141 8.27E-03 | rs9550727 4.82E-02
rs3066482 9.08E-03 | rs7997365 5.32E-02
rs7983368 9.09E-03 | rs7996457 5.81E-02
rs9552410 9.09E-03 | rs57700509 6.13E-02
rs9552411 9.11E-03 | rs9580087 6.88E-02
rs9552413 9.14E-03 | rs9285163 8.20E-02

107



S5. List of the 20 eGenes in common between the Apoptosis index No hFAS and the Apoptosis
index hFAS.

Gene ID Phenotypes
ENSG00000206530.4
ENSG00000169193.7
ENSG00000269918.1
ENSG00000255310.2
ENSG00000104643.5
ENSG00000246477.2
ENSG00000154319.10
ENSG00000136573.8
ENSG00000255518.1
ENSG00000255354.1 | Apoptosis No hFAS
ENSG00000177570.9 | and Apoptosis hFAS
ENSG00000172785.14
ENSG00000166800.5
ENSG00000074319.8
ENSG00000257941.1
ENSG00000211935.2
ENSG00000259715.1
ENSG00000141543.5
ENSG00000181523.8
ENSG00000198683.2
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Supplementary figures
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S1. Box-plots representing the batch effect for each of the six phenotypes analyzed. (A-F) Box-plots show the

different correlations from a linear regression model between batch and (A) proliferation index, (B) replication
index, (C) fold dye dilution, (D) apoptotic index no hFASL, (E) apoptotic index hFASL and (F) chemotaxis,
respectively. We observed the presence of a different batch effect in all the six phenotypes produced that we take

in consideration and correct for it all the analysis of this study.
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S2. Violin plots of the correlation between the cancer-like phenotypes and the technical covariate cells origin.
(A-F) Violin plots show the different correlations from a linear regression model between cells origin and (A)
proliferation index, (B) replication index, (C) fold dye dilution, (D) apoptotic index no hFASL, (E) apoptotic index

hFASL and (F) chemotaxis, respectively. No significant correlation was observed.
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S3. Violin plots of the correlation between the cancer-like phenotypes and the biological covariate sex. (A-D)
Violin plots show the different correlations from a linear regression model between sex and the (A) replication
index, (B) apoptotic index no hFASL, (C) apoptotic index hFASL and (D) chemotaxis, respectively. The
information about sex obtained from Delaneau et al. Science 2019 is displayed as 0 and 1, where O corresponds to

male individuals and 1 to females. No strong correlation was observed between sex and these phenotypes.
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General Discussion

The era of genomics has created unprecedented opportunities to discover and access a wide range of
molecular data as a result of the development of new technologies. However, the availability of such
a vast amount of data has also brought a new set of challenges. In particular, different high-throughput
laboratory techniques have generated a significant amount of data that needs to be properly integrated
and undergo the appropriate quantitative analysis, all of which remain a computational challenge
requiring new tools and more powerful computers. The several different techniques used today to
generate these data have their own their characteristics, biases, and artefacts that also need
consideration when deriving biological meaning from them. Nevertheless, despite the challenges, this
new wave of large dataset production provides opportunities to gain a deeper understanding of how

organisms function, how tissues develop, and what causes disease and complex traits.

The field of human genetics shifted focus from studying the inheritance of acquired characteristics to
identifying thousands of genomic variants impacting hundreds of diseases, complex traits, and
thousands of molecular phenotypes [69, 129-131]. In parallel, sequencing transcriptomic studies (or
RNA-seq studies) lead to a better understanding of how genome differences across individuals affect
gene expression across various tissues, organs, and cell types, giving us a tool to understand how
genetics can cause disease [132]. However, to date, most common sequencing approaches require
laboratory manipulations before sequencing such as sequence amplification, reverse transcription and
fragmentation of the molecules for sequencing (short reads) [133]. These manipulations preclude
rapid, comprehensive and unbiased RNA molecule sequencing, preventing a more accurate measure
of gene expression. At least partially, long-read sequencing technologies resolved one of these
challenges by providing single-molecule sequencing resolution able to directly measure transcripts,
the essential biological unit of the transcriptome [25]. We see the gains possible with long-read
sequencing on our understanding of the human genome as well, making possible the sequencing of

the remaining 8% of the genome previously missing from human reference genome on account of
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technological limitations [134]. Specifically, the combination of PacBio and Nanopore long-read
sequencing together with more established short-read sequencing removed the technological barriers
that were present for 20 years, enabling the generation of a most complete human reference genome,

which undoubtedly will result in advances in the field of genomic health and diseases [134].

All the current advances move us towards answering a fundamental question — How does a particular
genotype result in a given phenotype? More specifically, — How does gene expression mediate the
effect of genetic variants on phenotypes? In this discussion, | will examine the central role of splicing
and whole transcript expression in understanding the functioning of the human genome and its link
to disease. | will also discuss the importance of genetic variants influencing complex traits, and how
cancer-related phenotypes can be studied using standard tools for the genetics of complex traits. My
last goal is to discuss the connections between SNPs, genes and phenotypes with a specific focus on
cancer-like phenotypes, and how challenging this can be using an in vitro model. Finally, I will expose
limitations and lessons learned from this thesis, with a guide to fill out the gaps remaining in these

two complex above-mentioned questions.

The central role of splicing in complex traits

Throughout this thesis, | aimed to answer questions related to the interconnection between genetic
variants and changes in gene and transcript expression that may result in phenotypic differences. In
the past, many genetic loci associated with diseases were identified through GWAS. However, we
still lack clear insight into how these variants exert their effects on human traits [56]. Previous studies
observed that the effects of GWAS variants are often mediated by variations in the expression of
genes and also by RNA splicing events [85, 135]. In Article 1, we took advantage of the new ONT
long-read direct RNA-seq technology to directly sequence full-length transcripts, thus improving the
detection of structural differences between alternative transcripts produced by the same gene. The
generation of multiple mRNAs from one gene is the result of alternative splicing events that are

affected by genetic variants [85, 86, 129]. Therefore, by studying the influence of genetic variation
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on the abundance of different transcripts coming from the same gene, we gain insight into how these
variants exert their effect on human traits and shed light on some of the mechanisms behind this

genetic regulation.

Genetic variants affecting transcript structure and abundance can be identified using quantitative trait
loci (QTL) analyses of transcripts (trQTL) and splice events (SQTL). Specifically, trQTLs describe
the effect of SNPs on the expression of a specific transcript among the other transcripts generated by
the same gene; while sQTLs test for the effects of SNPs on splicing events, resulting in the generation
of different mMRNA molecules. Both types of phenotypes are highly interconnected, with splicing
phenotypes being a proxy for transcript production as they identify the splice events that may produce
particular transcripts [135]. It is important to highlight that previous studies have struggled to
discriminate between sQTL and trQTL effects; only identifying eQTLs as SNPs affecting gene
expression. In many of these cases, the detected eQTLs could be the result of effects on splicing or
transcripts producing longer transcripts and thus more mRNA to sequence, or SNPs which caused
one transcript to be more expressed. An eQTL will only inform of the presence of a genetic effect on
the gene expression without elucidating the nature of this effect and therefore we expect that many
eQTLsarealso sQTLsand trQTLs [85, 86, 129]. Nevertheless, studies identifying sQTLS using proxy
phenotypes and eQTLs in multiple human tissues concluded that genetic variations affecting gene
expression levels and splicing were distinct [135, 136]. Furthermore, these studies highlighted that
sQTL and eQTLs were independent, and the consequences of SQTLs on GWAS traits seemed larger
than the consequences of eQTLs on GWAS traits [135, 136]. Using long-reads RNA-seq approaches
we can direct measuring the full-length of the transcript, removing the need for complex transcripts
structure reconstruction after sequencing or the development of proxy splice phenotypes, and

precisely address the nature of a variants effect on expression [25, 26, 48, 137, 138].

In our study, | addressed the limitations of short-reads approaches by directly measuring the transcript
expression, which in turn allowed us to perform trQTLs analysis not possible using short-reads
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technologies. We observed substantial differences between eQTLs discovered with short and long-
read technologies. Disregarding our limited sample size (60 LCLSs), we identified more trQTLs than
eQTLs as shown in Figure 6 of Article 1. I discovered 72 trQTLs, of which 60 did not overlap with
the significant eQTLs. Among the trQTLs, only one was also an eQTL previously discovered using
Illumina short-reads [139]. This result strongly supports the notion that the effects of eQTLs and
trQTLs are independent. Furthermore, of the SNP-gene associations found using both Illumina and
Nanopore (4,157), only 5% were trQTLs in the ONT Nanopore dataset. The power of the analysis
could explain this low number, an aspect discussed in detail in the following heading. However, the
low number of trQTLs may also be the result of the independent effects of eQTLs and trQTLs, as has
previously been shown in other studies [85, 86, 129]. Overall, these findings shows that multiple
genetic mechanisms are relevant for changes in gene expression, and that eQTLs do not necessary

recapitulate all the genetic effects on gene expression.

Splicing was also examined in Article 2 in the context of cancer-like phenotypes. Many studies have
already underlined the association between alternative splicing events and cancer [140, 141]. In
particular, mutations affecting the splicing machinery have been reported in human hematological
malignancies [142-144]. Moreover, it is common for tumor cells to present an abnormal splicing
pattern with the production of oncogenic transcripts due to alternative splicing events [145, 146]. For
instance, oncogenic transcripts were shown to play a role in the maintenance of the anomalous
proliferative and apoptotic rhythm of cancer cells [145, 146]. Having large-scale genome,
transcriptome and functional genomic data to study abnormal splicing events is essential to unveil the
mechanism of gene and transcript expression dysregulation in cancer. In my study, | analyzed the
relationship between genetic variants, gene expression and cancer-like phenotypes using long-read
sequencing data. In Article 2 | proposed the SKA3 as a candidate gene to mediate the effect of the
significant GWAS SNP rs12665307, associated with the replication index. In the ONT dataset

(Article 1) I observed that SKA3 produces four different transcripts. Even if the strength of the trQTL
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effect | observed was not significant, | could detect a genetic effect on the expression of two of the
isoforms of the SKA3 gene (Article 2, Figure 6B-C). ). In addition, SKA3 has already been described
as an important player in increased cell proliferation and migration in cervical cancer [147], a
candidate oncogene associated with poor outcomes in lung adenocarcinomas [148], and a biomarker
for immune infiltration in bladder cancers [149]. These findings highlight the relevance of designing
population-based functional studies that could integrate not only transcriptomic and genomic data but
also in vitro generated phenotypic data. With this approach, we are one step closer of narrowing the

gap between the different molecular steps that link genotype to phenotype.

Finally, using allele-specific transcript structure analysis (ASTS), in addition to allele-specific
expression analysis (ASE), could provide new information about how rare and common variants
affect transcript structure and disease risk [150]. Long-read sequencing allows us to map allelic
effects on transcripts instead of solely on gene expression [48]. In ASTS analysis, the inheritance of
a transcript is deduced based on the allele present at heterozygous locations. In a previous study,
Glinos et al highlighted that there was a widespread coexistence of ASTS with ASE and showed
eQTLs manifesting as ASTS [48]. This contradicts evidence that distinct regulatory variants and
processes regulate expression and splicing [77, 85, 129]. Glinos et al showed that with ASTS data it
is possible to isolate allele-specific differences in 5° mRNA structure as the cause of eQTLs
manifesting in transcript structure changes [48]. In light of this evidence, | strongly believe that it is
important to analyze the transcriptome at the level of individual transcripts and the combinations of
them, and not only focus on the gene level, which is now possible thanks to long-reads. Genetic
variants that affect transcript structure are known to play a significant role in disease risk [77, 151,
152]. Therefore, high-resolution characterization of the transcriptome with long-read data will prove

useful for investigating disease-associated regulatory mechanisms.
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Long-reads direct RNA — sequencing limitations

The results from Article 1 described in the previous heading stressed the advantages of using long-
read direct RNA-seq for the detection of splicing events and transcripts abundance. However, this
novel technology also has technical limitations that deserve further discussion. For instance, short-
read RNA-seq often produces a very large number of reads per sample, comprehensively describing
the transcriptome [153]. However, sequencing of direct RNA, currently only possible with ONT, has
an upper limit of sequencing depth due to saturation of the nanopores and a limited amount of starting
biological material. When this project was designed, with the state of the technology available, it was
not possible to achieve high sequencing depth unless the same sample was sequenced multiple times.
In the past few months, the technology for direct RNA-seq has particularly improved, increasing the
RNA-sequencing depth and the reads coverage (hanoporetech.com). In the current study, limited
sequencing depth was probably one reason we were unable to discover the vast majority of the
significant eQTLs identified with Illumina short-reads. Since the eQTLs obtained by Illumina
technology were already confirmed by many independent studies using the short-reads approach [129,
132, 139], they were proven to be robust genetic effects and our inability to capture them underline a
possible limitation of the ONT direct RNA-seq. While sequencing the same sample multiple times
would increase the sequencing depth, this is complicated by the amount of starting material required
for direct RNA-seq long-read and increased cost. For each sequencing sample, 500ng of PolyA*
enriched mRNA was required for the library preparation (nanoporetech.com). Since PolyA™ mRNA
constitutes only 2-3% of the total RNA obtained per sample, this means that, with the current state of
the technology, a larger amount of initial biological material (> 40 x 10° LCLs) would be required to
achieve higher sequencing depth. Thus, to achieve a coverage comparable to Illumina short reads
(~30 x 10°, approximately equivalent to dRNA 3 x 10° reads per sample for ONT), one would need

to sequence each LCL sample at least three times, tripling the cost. At the time of the study, the
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sequencing of a sample cost nearly CHF 900 (all material included); multiplying that by three the

sequencing of 60 samples would have cost at least an additional CHF 108,000.

Other groups have attempted to overcome these limitations by using cDNA as the starting material
for sequencing. While this approach partially solves the limitation posed by sequencing depth and
cost, it maintains the biases represented by the retro-transcription process. In addition, RNA-seq using
cDNA precludes the study of mMRNA molecules in their native form, with all their modifications. All
in all, the direct RNA long-read sequencing technology is a promising tool still under development.
However, | believe that addressing these limitations and being aware of the caveats of the technology
will assist researchers in better designing their own studies and will pave the way for its use in a

clinical setting.

Challenges in genetic — phenotypic associations in cancer-like phenotypes

Another aspect to consider is the complexity that we faced when we investigated the effects of genetic
variants on gene expression and ultimately on cancer-like phenotypes produced in vitro. As
previously mentioned, GWAS indicates that non-coding regulatory variants play a significant role in
cancer development and progression, which expands the traditional view of cancer as a disease caused
by somatic mutations [154-156]. To understand the basic biological mechanisms of disease initiation
and progression, it is essential to gain a thorough understanding of the genes that influence these
processes. In the study, Article 2, we investigated the link between genetic variants and cancer-like
phenotypes in an attempt to identify genes mediating the effect of germinal variations. | faced difficult
challenges regarding the small sample size (n = 87) and the complexity of the cancer-like phenotypes
“mimicked” in vitro. | assumed that reproducing cancer-like phenotypes in vitro will reduce the
degree of complexity observed in vivo, and that finding associations between genetic variants and
phenotypes would be a straightforward endeavor. Although I performed the functional assays in a
controlled experimental environment, under specific conditions, and measured subtle differences in

the LCL population, the link between genetic variation and changes in cancer phenotypes was
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difficult to establish. Certainly, the small sample size played a key role in limiting the statistical
power. But our study design also reduces complex phenotypes such as cell proliferation, apoptosis
and chemotaxis to a single number and loses the global perspective of physiological cell interactions

for in cancer in vivo.

Regardless of the limitations of the experimental system, | discovered the association between SNP
rs12865307 and the replication index in the GWAS analysis (Article 2, Figure 4A). Furthermore,
after identifying the putative causal variants with colocalization in both GWAS and eQTL studies, |
could determine whether a single variant was responsible for both GWAS and eQTL signals at the
locus to identify putative genes mediating the genetic effects. The SNP rs12865307 is known to be a

significant LCL eQTL (https://gtexportal.org) affecting the expression of the Long Intergenic Non-

Protein Coding RNA 539 (LINC00539) gene. LINC00539 was already described as an important
player in the tumor immune response in lung adenocarcinoma and lung squamous cell carcinoma
[157] and associated with the overall survival in Acute myeloid leukemia [158]. These findings
underline the potential of using this approach to identify germline variants influencing cancer-related
phenotypes and find genes involved in such effects. Increasing the sample size will augment the
statistical power to discover significant genome-wide associations and produce more putative cancer

driver genes.

Concluding remarks

This thesis has attempted to answer two important questions in the field of genetics of human complex
traits: How genetic variation affects gene expression? And what are the mechanisms that determine
complex phenotypes and diseases such as cancer? Since the advent of high-throughput sequencing
methods, several large-scale efforts have been pursued to establish resources of gene expression data,
with the aim to build a comprehensive understanding of gene expression specificity and variability
across human tissues. One critical challenge remaining is how to use these resources to better
understand complex traits and diseases like cancer, with the ultimate goal to move from bench science
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to clinical practice. One aspect that needs more focus is the role of non-coding variants which are
associated with splicing in the development of diseases, including cancer. With this work, |
contributed to this with a novel layer of information coming from new sequencing technology. | have

also attempted to integrate this technology into in vitro models of disease.

In summary, to understand human genetics from genotype to disease, it is necessary to study gene
expression, genetic variant, and disease together within the same framework. It was my intention in
this thesis to shed light on the effects of genetic variation on gene expression and phenotypes in
humans and the mechanisms that mediate these effects, a complex problem with real potential for

improving human health.
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Goal: The current study aimed to analyze in vitro the
role of IgG subclasses and FCGR3A polymorphism on
the cytotoxic function of effector immune cells. For
that, we performed calcium mobilization assays and
cytotoxic assays using NK cells from healthy human
donors (effectors cells), Daudi cell line (target cells),

and variable concentration of anti-CD20 monoclonal

antibody subclasses. We found out that ca’ signaling

and Ab-dependent cell cytotoxicity induced by anti-

CD20 rituximab in NK cells depend on the IgG subclass and weakly correlate with FCGR3A

polymorphism.
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Abstract

NK cell-mediated Ab-dependent cellular cytotoxicity (ADCC) is increasingly recognized to play
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an important role in cancer immunotherapy, transplant rejection, and autoimmunity. However,
several aspects of the molecular interactions of IgG subclasses with the Fc-gamma receptor IIIA
(FcyRIIIA)/CD16a expressed on NK cells remain unknown. The aim of the current study was to fur-
ther analyze the role of IgG subclasses and FCGR3A V 158F single nucleotide polymorphism (SNP)
on Ca?* signaling and NK cell-mediated ADCC against Daudi target cells in vitro. NK cells were
isolated from donors with different FCGR3A SNP. The affinity of rituximab IgG subclasses to CD20
expressed on Daudi cells showed similar dissociation constant as tested by flow cytometry. Induc-
tion of Ca2* signaling, degranulation, intracellular cytokine production, and ADCC was demon-
strated for IgG1 and 1gG3, to a lesser degree also for IgG4, but not for IgG2. Compared to NK cells
carrying the low-affinity (FF) variant for the FCGR3A V158F SNP, binding of IgG1 and 1gG3 to NK
cells carrying the high-affinity (VV) and VF SNP variants was two- to threefold higher. Variations
of FCGR3A SNP among the eight tested donors (1 VV, 3FF, and 4VF) revealed no significant differ-
ences of Ca2* signaling and degranulation; however, ADCC was somewhat weaker in donors with
the low-affinity FF variation. In conclusion, this is the first study correlating Ca2* signaling and NK
cell-mediated ADCC triggered by the four I1gG subclasses with the FCGR3A V158F SNP. Our find-
ings indicate important differences in the interactions of IgG subclasses with FcyRIIIA/CD16a but
no major impact of FCGR3A SNP and may therefore help to better correlate the functional prop-
erties of particular engineered therapeutic antibodies in vitro with individual differences of their
clinical efficacy.

KEYWORDS
ADCC, anti-CD20 antibodies, calcium flux, degranulation, FCGR3A gene polymorphism, IgG sub-

classes, NK cells, rituximab

immunology.1? Lately, ADCC has come under the spotlight because

1 | INTRODUCTION

immunotherapies using a variety of mAb are increasingly used to target

NK cell-mediated Ab-dependent cellular cytotoxicity (ADCC) plays a

key role in the lysis of 1gG-coated/targeted cells and transplantation

Abbreviations: ADCC, Ab-dependent cell cytotoxicity; anti-hCD20-1gG, chimeric IgG
subclasses antibodies against human CD20; AUC, area under the curve; By ,y, total number of
receptors expressed in the same units; FcyR, Fc-gamma receptor; Ky, dissociation constant;
MFIR, geometric mean fluorescence intensity ratio; SNP, single nucleotide polymorphism;
SPR, surface plasmon resonance.
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cancer cells as well as auto- or alloreactive immune cells.3-> Recog-
nition of 1gG-coated/targeted cells is mainly mediated through the
expression of CD16a, the activating Fc-gamma receptor IIA (FcyRIIIA),
on NK cells and to a smaller extent via activating FcyRIIC/CD32c or
inhibitory FcyRIIB/CD32b.57 Copy number variations and several
single nucleotide polymorphisms (SNP) have been described for
the FCGR3A gene,’” the most broadly studied SNP by far is V158F
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determining a high-affinity variant of the FcyRIIIA receptor (VV).
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From the therapeutic perspective, the association between the
V158F SNP and the efficacy of mAb therapy, however, remains
contradictory.358-16

As aresult of the specific characteristics of 1gG subclasses including
effector functions and half-life,17:18 most cell-depleting mAb therapies,
such as anti-CD20 rituximab, and cytokine-neutralizing mAb, such as
anti-TNF infliximab, are 1gG1 antibodies.*1? For some other indica-
tions of immunomodulatory mAb therapy, IgG2 or IgG4 are the sub-
classes of choice in order to avoid complement activation or FcyRIIIA
engagement.2° Nevertheless, the field of Ab engineering is quickly
evolving always aiming to identify the most effective mAb for each
indication.18 The affinity of the different IgG subclasses for FcyRs has
been well characterized by previous studies using ELISA and surface
plasmon resonance (SPR). These techniques require the attachment of
FcyRs or IgG to rigid matrixes.21-23 |n contrast, to our knowledge, only
one other study compared IgG subclass-FcyRIIIA/CD16a interactions
when the FcyRs were immersed in a lipid bilayer or expressed on cellu-
lar membranes.24

The increase in intracellular calcium (Ca2*) is often used as a
marker for FcyR activation following the binding of antibodies or more
efficiently of immune complexes. Ca2t flux has been implicated in
the regulation of cell differentiation, gene transcription, and effec-
tor functions.?®> In NK cells, engagement of FcyRIIIA/CD16a induces
phosphorylation of ITAM motifs in the adaptor chain CD3¢, which
in turn activates tyrosine kinases downstream leading to activation
of phospholipase C gamma. Consequently, intracellular CaZ* storages
are mobilized from the endoplasmic reticulum (ER) into the cytosol
(CaZ* efflux), followed by extracellular CaZ* influx.2427 This later step
turned out to be fundamental for NK cell functions and plays a crit-
ical role in NK cytotoxicity against cancer cells.2” Rare patients car-
rying mutations in two different store-operated CaZ* influx channels
exhibit impaired target cell-induced lytic granule exocytosis and thus
NK cytotoxicity, but also reduced cytokine production.28 Furthermore,
as demonstrated more than 20 yr ago, engagement of the high-affinity
VV variant of the FcyRIIIA/CD16a by IgG aggregates leads to a larger
increase in Ca2t.2?

The strength of ADCC mediated by NK cells is the resultant of
several factors including Ab subclass and FcyR affinity. Nevertheless, it
has been difficult to judge the relevance of each factor when it comes
to explaining heterogeneous individual responses to mAb treatment.
NK cell-mediated ADCC depends on: (i) receptor-ligand interactions,
which are defined by the number/density of antigens present on
the target cells, the affinity of 1gG for the antigen and FcyR (defined
by the 1gG subclass and the glycosylation of FcyR and 1gG), and the
genetic variants of the FCGR expressed by NK cells; (ii) triggering of
the signaling cascade, given by the strength of IgG-FcyR interactions,
the accessibility and availability of adaptor molecules, Ca2+ storage
release, and intake, and degradation/recycling of 1IgG-FcyRIIIA/CD16a
complexes; (iii) formation of the immune synapses, here the clustering
of the FcyR given by the membrane malleability, adhesion molecules,
and extracellular Ca2* are important; (iv) the NK cell killing machin-
ery, characterized by the proteolytic enzymes contained in the lytic
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granules, capability of NK cells to degranulate, which depends on the
cytoskeleton, microtubule-organizing center formation, and granule
polarization, the fusion of cytolytic granules to cellular membrane,
pH, and exhaustion of cytotoxic mechanisms; and, finally, (v) the
environmental conditions, including pharmacologic agents such as
immunosuppressants, cytokines, and neighboring cells contribute to
the outcome.27:30-35

In conclusion, the molecular mechanisms regulating NK cell
responses upon IgG-FcyRIIIA/CD16a interactions need to be analyzed
at different levels. The current study addressed the role of all four I1gG
subclasses and the V158F gene polymorphism on the binding of the
chimeric anti-CD20 mAb rituximab to FcyRIIIA/CD16a on NK cells, the
triggering of Ca2* mobilization, degranulation, ADCC, and intracellular

cytokine production.

2 | MATERIAL AND METHODS

2.1 | Reagents and antibodies

The complete list of antibodies with their characteristics is given in
Table 1. BSA, FBS, ionomycin, EGTA, probenecid, and thapsigargin
were from Sigma-Aldrich (St. Louis, MO, USA). The tissue culture media
AIM-V and RPMI 1640, the buffers Dulbecco’s phosphate-buffered
saline (DPBS), HBSS with and without Ca2+ and MgZ* and HEPES, and
penicillin/streptomycin were all from Gibco (Grand Island, NY, USA);
2 mM L-Alanyl-L-Glutamine was from Bioswisstec (Schaffhausen,
Switzerland); and Ficoll-Hypaque Plus was from GE Healthcare
(Uppsala, Sweden).

2.2 | NKcellisolation and cell line

Human PBMCs were isolated from buffy coats or peripheral blood
obtained from the Blood Transfusion Center of the University Hos-
pitals Geneva (CTS) or healthy volunteers after informed consent
according to the local ethical committee (CER13-149 and CER18-
00552). For donors’ details, check Supporting Information Table S1.
PBMCs were isolated by centrifugation using Ficoll-Hypaque Plus fol-
lowed by negative magnetic purification using the MACS NK isolation
kit (Miltenyi) according to the manufacturer’s instructions. Purity was
90-95% and was analyzed by flow cytometry (Supporting Information
Fig.S1).

The Daudi cell line was purchased from American Type Culture Col-
lection (Manassas, VA, USA) and cultured in RPMI 1640 supplemented
with 10% heat-inactivated FBS, 2 mM L-Alanyl-L-Glutamine, 100 U/ml
penicillin,and 100 pg/ml streptomycin at 37°C, 5% CO,.

2.3 | Binding of chimeric anti-human CD20 rituximab
Ab subclasses to Daudi cells

BCRs on Daudi cells were blocked by incubation of 1 x 10° cells
with blocking anti-h-F(ab’), fragments at a final concentration of
0.4 mg/ml for 30 min at 4°C. After washing with DPBS-0.1% BSA at
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TABLE 1 List of antibodies used in the current study
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Ab Antigen Host species, isotype Clone Fluorochrome Company
Anti-hCD20-1gG1 hCD20 Chimerich IgG1, m NS - InVivoGen®
Anti-hCD20-1gG2 h CD20 Chimerich 1gG2, m NS - InVivoGen
Anti-hCD20-1gG3 hCD20 Chimerich 1gG3, m NS - InVivoGen
Anti-hCD20-I1gG4 h CD20 Chimeric h 1gG4, m NS - InVivoGen
Detection anti-h-F(ab’), h (Fab’), « Goat, polyclonal - PE Southern Biotech®
Blocking anti-h-F(ab’),, h-cross-linker Ab h (Fab’), Goat, F(ab’), fragment - - Jackson ImmunoResearch’
m-cross-linker Ab mlIgG Goat, polyclonal polyclonal - Southern Biotech
CD3 hCD3 m, IgG1 UCHT1 FITC Biolegend'
CD14 hCD14 m, IgG1 HCD14 FITC Biolegend
CD16 hCD16 m, IgG1 B73.1 BV605 Biolegend
m, IgG1 3G8 - Biolegend
BV421 Biolegend
BV605 Biolegend
CD19 hCD19 m, IgG1 HIB19 PE Biolegend
CD33 hCD33 m, 1gG1 HIM3-4 FITC Biolegend
CD45 h CD45 m, IgG1 5B1 VioGreen Miltenyi®
CD56 hCD56 m, IgG1 HCD56 BVv421 Biolegend
BV605 BiolLegend
CD107a hCD107a m, IgG1 HA43 PE BD Pharmingen’
IFNy hIFNy m, IgG1 4S.B3 FITC Biolegend
GM-CSF hGM-CSF r,1gG2a BvD2-21C11 PerCPCy5.5 Biolegend
TNF hTNF m, IgG1 MAb11 BV421 Biolegend
Isotype control - m, IgG1 MOPC-21 FITC BD Pharmingen
PE BD Pharmingen
BVv421 BD Pharmingen
BV605 BD Pharmingen
Isotype control - r,1gG2a RTK2758 PerCPCy5.5 BD Pharmingen
Isotype control - Goat polyclonal - PE Southern Biotech

Abbreviations: BV421, brilliant violet 421; BV605, brilliant violet 605; FITC, fluorescein isothiocyanate; h, human; m, mouse; NS, not specified; and r, rat.
aSan Diego, CA, USA; PBirmingham, AL, USA; “West Groove, PA, USA; 4San Diego, CA, USA; ¢Miltenyi, Bergisch Gladbach, Germany; fSan Diego, CA, USA.

4°C, 5 x 10* cells were incubated with anti-hCD20-IgG Abs of each
subclass (InVivoGen) followed by the detection by polyclonal goat
anti-h-(Fab’), PE, both incubations were performed for 30 min at 4°C.
Cells were then analyzed using CytoFLEX (Beckman Coulter, Brea,
CA, USA) and a minimum of 20,000 events was acquired. To compare
the levels of surface expression, the geometric mean fluorescence
intensity ratios (MFIR) were calculated as described earlier3® and was
used to estimate total number of receptors expressed in the same
units (Bp,,y) and dissociation constant (Ky) using a nonlinear fit for one

binding site with GraphPad Prism, version 8.2.0.

2.4 | Binding of chimeric anti-human CD20 Ab
subclasses to FcyRIIIA/CD16a

To release naturally bound IgG, NK cells were kept overnight in AIM-V
medium supplemented with 2% HEPES at 37°C, 5% CO,. The release

of naturally bound IgG was confirmed by flow cytometry before contin-
uing with the binding assays. Thereafter, NK cells (5 x 10%) were incu-
bated with anti-hCD20-IgG Abs of each subclass, washed twice with
DPBS-0.1% BSA at 4°C, and labeled with detection anti-h-(Fab’), PE as
described earlier for Daudi cells. Cells were analyzed using an Attune
flow cytometer (Life Technologies, Eugene, OR, USA) and a minimum
of 20,000 events was acquired. Binding of anti-hCD20-IgG subclasses
to NK cells was analyzed by gating on the CD56™ live cell population
(Supporting Information Fig. S2A).

2.5 | CD107adegranulation assay and intracellular
cytokine detection

Degranulation and intracellular cytokines were analyzed by CD107a
surface expression in 6 h assays using CD56" NK cells according to
Bryceson et al.3” with some modifications. Different concentrations
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of anti-hCD20-IgG subclasses (0.125; 0.5 and 2 ug/ml) were added to
Daudi cells in AIM-V + 2% HEPES; 2 x 10° cells/well were seeded in
96-well plates, followed by the addition of freshly purified NK cells

BIOLOGY

and anti-CD107a mAb or isotype-matched control Ab at an effector
to target ratio of 1:1. After 1 h, GolgiPLUG-Brefeldin (BD Biosciences,
La Jolla, CA, USA) were added and cocultures maintained for an addi-
tional 5 h. For intracellular cytokine determination, cells were first
stained for anti-CD56 followed by anti-IFNy, anti-TNF, and anti-GM-
CSF antibodies using the fixation/permeabilization solution kit (BD
Biosciences) according to the manufacturer’s instructions. Before the
addition of anti-cytokine antibodies, cells were blocked with 2% mouse
immunoglobulins. Cells were analyzed using Attune flow cytometer.
Cytotoxicity controls consisted of Daudi cells without anti-hCD20-1gG
subclasses and mADb isotypes. The gating strategy is depicted in Sup-

porting Information Figure S3.

2.6 | Ca2* mobilization assay

Freshly isolated NK cells (4.8 x 10%/ml) were incubated with anti-
hCD20-1gG subclasses and anti-CD16 mAb at 100 and 10 ug/ml,
respectively, in HBSS supplemented with 0.2% BSA and 20 mM
HEPES, pH 7.4 for 45 min at 4°C. Next, NK cells were labeled by
adding FLIPR calcium 6-QF kit (Molecular Probes, Eugene, OR, USA)
supplemented with 2.5 mM probenecid; 25 ul of labeled cells (25,000
cells) were transferred to a 384-well flat clear bottom plate (Corning,
Corning, NY, USA) in quadruplicate, and incubated for 1 h at 37°C and
5% CO,. The concentrations of IgG subclasses before and after adding
cross-linker were of 17.4 and 15 ug/ml, respectively. For each set of
experiments, either HBSS plus 1.3 mM EGTA (no CaZ* condition) or
HBSS CaZt/Mg2+ buffer (Ca2* condition) was assayed. The plates were
centrifuged at 100 x g for 3 min to pull down the cells. For each experi-
ment, two reagent-supplying plates were prepared for automatic load-
ing by the FDSS/uCELL plate reader (Functional Drug Screening Sys-
tem/Microcell, Hamamatsu Photonics, Shizuoka, Japan). The first plate
contained h-cross-linker Ab, m-cross-linker Ab, ionomycin, and thapsi-
gargin to reach final concentrations of 20 ug/mL,0.11 ug/mL, 2 ug/mL,
and 2 uM, respectively. The second plate contained Ca2t buffer to
reach a 2 mM final concentration. After establishing a baseline for
30 s, reagents from the first plate were added to the correspondent
wells and recorded for 10 min, followed by the addition of the Ca%*
buffer and recorded for another 10 min. Results are expressed as the
ratio (F/Fg) vs. time, where F is the intensity of fluorescence emission
recorded as the experiment runs and Fy the fluorescence intensity at
the beginning of the experiment. To combine several experiments, two
different Ca2* flux measurements were employed: (i) Ca2* efflux from
the ER (0-630 s), estimated by two parameters: maximum peak (Max
peak, F/Fq ratio) obtained after 30 s reagent addition, and the time
when the Max peak was reached (s). (i) CaZ* influx to the cell (630-
1230 s) was estimated by the Max peak measured after the addition of
Ca?*, and CaZ* influx rate at 20 s measured after extra Ca2* addition.

135

2.7 | Ab-dependent cellular cytotoxicity assay

Nonradioactive DELFIA Europium3* chelate of 2,2’:6/2"'-terpyridine-
6,6"'-dicarboxylic acid cytotoxicity reagents (PerkinElmer, Waltham,
MA, USA) was used for NK cell-mediated cytotoxicity assays
according to the manufacturer’'s instructions and as previ-
ously described.32 Briefly, Daudi target cells were labeled with
bis(acetoxymethyl)2,2':6’ 2"’ -terpyridine-6,6’’-dicarboxylate , washed
with DPBS supplemented with 20 mM HEPES and 2.5 mM probenecid,
suspended in RPMI 1640, and anti-hCD20-1gG subclasses were
added at the indicated concentrations (0.0078-2 ug/ml). Immediately
thereafter, freshly isolated NK cells (1 x 10> cells per well) were
added, at an effector to target ratio of 5:1. The 100 uL coculture
was performed at 37°C for 2 h in a 96-well U-bottom plate. Controls
included direct cytotoxicity where Daudi cells and NK cells were
cocultured in medium without antibodies. Maximum release was
obtained using labeled Daudi cells lysed with either 10% Triton-X
100 (Sigma-Aldrich) or Lysis Buffer (PerkinElmer). Cytotoxicity was
evaluated by the release of fluorescence of coculture supernatants
and measure in a time-resolved fluorometer (EnVision 2014 Multilabel
reader, PerkinElmer). Cytotoxicity was expressed as a percentage (%)
of specific lysis.

2.8 | FCGR3A V158F polymorphism

DNA was extracted from total blood using QlAamp DNA Blood Mini
Kit (Qiagen, Hilden, Germany). The FCGR3A V158F allelic variations
were determined by nested-PCR and restriction enzyme digestion
assay using 2 ng of genomic DNA as previously described.3® The
products were then run in 10% acrylamide gels stained with GelRed
(Biotium, Fremont, CA, USA) according to the manufacturer’s instruc-

tions.

2.9 | Statistical analysis

For data consisting of multiple repeats, mean + sD is shown. The com-
parison of differences among multiple groups was performed by 2-way
ANOVA with Tukey posttest correction. t-student was used to com-
pare the differences ADCC between donors grouped as VV + VF versus
FF. Differences were considered statistically significant for P-values
less than 0.05. Statistical values as well as area under the curve (AUC)

and ECsq were calculated using GraphPad Prism.

3 | RESULTS

3.1 | Variable regions of rituximab anti-human CD20
IgG subclasses bind equally to the CD20 antigen
expressed on Daudi cells

Before analyzing interactions between rituximab anti-hCD20 IgG
subclasses and the 1gG-FcyRIIIA/CD16a, binding to the antigen CD20
on Daudi cells was assayed in dose-response curves (0.0078-16
ug/ml) by flow cytometry. Bound anti-hCD20-IgG was measured
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FIGURE 1 Binding of anti-hCD20-1gG rituximab subclasses to CD20 and Fc-gamma receptor I11A (FcyRIIIA)/CD16a. A and B. Binding of anti-
hCD20-IgG subclasses to CD20 expressed on Daudi cells. After blocking of BCRs with anti-h-F(ab’),fragments, Daudi cells were incubated with
increasing concentrations of each subclass (0.0078-16 nug/ml) plus the detection anti-h-F(ab’),-PE polyclonal goat Ab and then analyzed by flow
cytometry. A, Representative histogram showing the recognition of CD20 by anti-CD20-1gG1, -1gG2, -IgG3, and -IgG4 at different concentrations.
B, Dose-response curve showing the binding of the different anti-hCD20 IgG subclasses to the CD20 epitope in flow cytometry. Mean + sD of the
mean intensity ratio (MFIR) from three independent experiments are plotted. This curve was used to determine the Ky and B,,,, with GraphPad
Prism (not indicated). Anti-hCD20-1gG1, -1gG2, -1gG3, and -IgG4 are represented as circle, square, triangle, and diamond, respectively. C and D,
Binding of anti-hCD20-IgG subclasses to FcyRIIIA/CD16a in donors with different V158F FCGR3A single nucleotide polymorphism variations. NK
cells were cultured overnight in AIM-V HEPES to release naturally bound IgG. After washing, NK cells were incubated separately with anti-hCD20-
IgG subclasses at increasing concentrations (0.0078-8 ug/ml), followed by detection anti-h-F(ab’),-PE polyclonal goat Ab staining, and analysis by
flow cytometry. C, Dose-response curves showing the affinity of the four anti-hCD20 IgG subclasses to FCGR3A VV (left), VF (center), and FF (right)
donors, (n =1 donor for each genotype).

(Continued on next page)

using detection anti-h-F(ab’), PE Ab and expressed as MFIR. The determine the Ky that were in the micromolar range (8.7 + 2.6, 10.6
binding of anti-hCD20-1gG subclasses to the CD20 antigen was +5.0,6.9+1.7,and 12.1 + 1.8 uM, respectively), and the number of
similar for 1gG1, 1gG2, 1gG3, and 1gG4 at concentrations lower than 1 binding sites (Bp,y), Which were also in the same order of magnitude
ug/ml of Ab (Fig. 1A, B). The dose-binding curves were then used to of MFIR, 64.2 + 8.2; 38.8 + 8.4; 65.51 + 6.45; and 59.0 + 4.3, for
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(Continued) D, The affinity of each rituximab anti-hCD20-IgG subclass was compared using the area under the curve (AUC) of the

dose-response for each donor. Data of VV and FF homozygosity, and VF heterozygosity, are shown as black, white, and striped bars, respectively

anti-hCD20-1gG1, -1gG2, -IgG3 ,and -1gG4, respectively. In summary,
rituximab anti-hCD20-IgG subclasses mAb exhibited similar binding
to the CD20 antigen expressed on the surface of Daudi cells, and thus
were considered suitable reagents for the following experiments.

3.2 | Differential binding of the constant region of
rituximab anti-CD20 IgG subclasses to the
FcyRIIIA/CD16a on NK cells

The of rituximab anti-hCD20-1gG subclasses to

FcyRIIIA/CD16a was tested using NK cells isolated from donors

binding

carrying different V158F polymorphisms (Supporting Information Fig.
S4). To avoid competition with naturally bound IgG to FcyRIIIA/CD16a
during the assay,3? NK cells were first cultured overnight in media
deprived of any source of IgG to release naturally bound IgG. Mini-
mal binding was identified the next day before running the binding
experiments (Supporting Information Fig. S2B). Strong binding of
anti-hCD20-1gG3 and -1gG1 to NK cells was found, whereas -1gG2
and -1gG4 were below the detection limit of the assay giving MFIR
values of 1.0 irrespective of the FCGR3A genotype. Donors carrying
the VV or VF variant of the FCGR3A SNP V158F showed two threefold
higher binding of anti-hCD20-1gG1 and -IgG3 than the FF carriers as
previously described (Ky of VV 19.9 and 46.8; VF 23.4 and 50.9 vs. FF
6.8; and 26.9 for 1gG1 and 1gG3, respectively; Fig. 1C, D). In summary,
the binding of anti-hCD20-Ig subclasses to FcyRIIIA/CD16a on NK
cells depends on the IgG subclass (IgG3 > IgG1, no binding of 1gG2/4)
and FCGR3A SNP V158F (VV and VF > FF).

3.3 | Binding of IgG1, IgG3, and IgG4, but not of IgG2
to FcyRINIA/CD16a induces calcium mobilization in NK
cells

The engagement of 1gG FcyRIIIA/CD16a signals via CaZ* dependent
pathways. It was previously shown that IgG aggregates induce greater
mobilization of CaZ?* in NK cells expressing high-affinity FCGR3A
V158F SNP (VV).2740 However, the impact of IgG subclasses on CaZ*
signaling remains unknown. Thus, we analyzed Ca?t mobilization in

NK cells upon binding and crosslinking of all four anti-hCD20-IgG
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subclasses to FcyRIIIA/CD16a. NK cells were freshly isolated from VYV,
VF, and FF FCGR3A V158F SNP donors. Cytosolic Ca2* flux was barely
detectable following cross-linking of anti-hCD20-1gG2, independently
of the donor genotype (Fig. 2, Supporting Information Fig. S5B). In the
absence of extracellular Ca?*, and compared to human cross-linker, a
modest CaZ* efflux from the ER was detected following cross-linking of
anti-hCD20-IgG1 and -IgG4 (Fig. 2A). However, upon addition of extra-
cellular Ca2+ a strong store-operated Ca2* entry (Ca?* influx) into NK
cells was observed following cross-linking of anti-hCD20-1gG1, -1gG3,
and to a lower extent of anti-hCD20-IgG4. Suitable experimental
controls for each experimental condition including registrations in
the presence of Ca2* at physiologic concentrations are shown in Sup-
porting Information Figure S5. When the results obtained from eight
different donors were pooled (Fig. 2B), Ca2* efflux was similar for anti-
hCD20-1gG1, -1gG4, and the CD16 control; however, anti-hCD20-1gG2
and -1gG3 hardly mobilized Ca?t (compared to human cross-linker).
In fact, CaZ* efflux was not detectable for most of the donors at any
of the time points after the cross-linking of anti-hCD20-1gG2. Finally,
the response induced by the cross-linking of CD16 (positive control)
reached a close maximum response after 91.98 + 11.20 s showing little
deviation for the eight donors, thus supporting the notion that the
experimental conditions were similar (Fig. 2B). On the other hand, in
the presence of external Ca2*, the peak of CaZ* influx was the lowest
for anti-hCD20-1gG2 (1.29 + 0.15) compared to the other subclasses
and the human cross linker (1.62 + 0.19, 1.59 + 0.17, 1.51 + 0.16,
1.40 + 0.15 for anti-hCD20-1gG1, -1gG3, -1gG4, and the human cross
linker alone, respectively); and statistically significant differences were
seen for anti-hCD20-1gG1, -1gG3, and -IgG4 (P = 0.0238, 0.0023 and
0.0455, respectively). Analyzing the CaZ* rate 20 s after the addition
of Ca2*,in NK cells exposed to the anti-hCD20-1gG2 cross-linking the
mean was lower than cross-linker alone (0.0556 + 0.0067 vs. 0.0625
+0.0039, respectively) (Fig. 2C). Anti-hCD20-1gG3 was able to induce
Ca?* influx. The mean of maximum peak was similar to anti-hCD20-
1gG4 (1.587 + 0.1746 vs. 1.511 + 0.1567 respectively) (Fig. 2C). In
summary, anti-hCD20-1gG2 did not induce Ca?* efflux from the ER
or Ca2* influx. 1gG3 induced Ca2t influx but no Ca2* efflux, whereas
1gG1 and 1gG4 induced both significant Ca?t efflux and Ca2* influx
in NK cells. As to the FCGR3A V158F SNP, there were no significant
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FIGURE 2 Anti-hCD20-IgG rituximab subclasses induce Ca2t mobilization in NK cells. Calcium 6-QF-labeled NK cells were either pre-
incubated with 1.5 pug/ml anti-CD16 mAb (positive control), 15 ug/ml anti-hCD20-1gG subclass, and loaded to the FDSS/uCELL plate reader. For
each set of experiments HBSS plus 1.3 mM EGTA (no Ca2* condition, white bar) was assayed; specific reagents were added at 60 or 630 s, respec-
tively. After establishing a baseline for 30's, h cross-linker Ab was added to reach a final concentration of 20 ug/mL. At 630 s, CaZ* buffer was added
to reach a final concentration of 2 mM (black bar) and Ca2+ mobilization was recorded for an additional 600 s. Results are expressed as the ratio
of flux (F/Fy) vs. time (s), representing the average of quadruplicates obtained from eight different donors (one VV, four VF, and three FF). A, Traces
show Ca?* efflux from 30 to 630 s, indicated by a white bar and magnified in the lower part of the panel; and CaZ* influx (630-1230 s, black bar)
for all anti-hCD20-1gG subclasses (anti-CD20-1gG1, -1gG2, -1gG3, and -IgG4 in black, pink, green, and purple traces, respectively), anti-CD 16 (light
blue), and h cross-linker Ab (dashed gray traces). B, Plots show pooled data of the means of the maximum peak (Max peak) of CaZ* efflux (F/Fy),
measured between 60 and 630 s (left panel); and the time evolved to the Max peak value (s, right panel).
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(Continued) C, Plots show pooled data of the means of the Max peak of Ca2* influx between 630 and 1230 s (left) and the Ca2* influx

rate 20 s after the addition of Ca2* (right). Results in B and C were plotted for each anti-hCD20-1gG subclass (-1gG1, -1gG2, -1gG3, and -1gG4 sym-
bolized as a black circle, pink square, green triangle, and purple diamond, respectively), anti-CD 16 (light blue hexagon) for the eight donors grouped
by V158F FCGR3A polymorphism. VV and FF homozygosity and VF heterozygosity are shown as filled, open, and half-open symbols, respectively.
The differences between the anti-hCD20-1gG subclasses were compared using Tukey’s multiple comparisons test; differences between the 1gG
subclasses that were found statistically significant are presented in the figure. *P < 0.05, **P < 0.01, ***P < 0.001, and ****P < 0.0001. No significant

difference was found among donor’s genotype

differences (P = 0.1396) among the eight (1 VV, 3 FF, and 4 VF) tested
donors (filled, open, and half-filled symbols in Fig. 2B, C). However,
the number of donors tested per subgroup was too low to draw

firm conclusions.

3.4 | 1gG1and IgG3 subclasses and to a minor extent
IgG4 trigger ADCC by degranulation in NK cells

Most reports showing that ADCC depends on the V158F polymor-
phism were using only one type of IgG subclass.41-4> This study went
further and investigated the differences between all four different sub-
classes directed against the same epitope and the effect of the most
common SNP for FCGR3A, V158F.

First, we measured the degranulation marker CD107a after
coculture of NK cells and Daudi cells coated with anti-hCD20-1gG
subclasses. In the absence of anti-CD20, NK cell degranulation as
the result of direct NK cytotoxicity against Daudi target cells was 8.7
+ 5.1%. Addition of increasing amounts of anti-hCD20-1gG1, -1gG3,
-1gG4, but not -1gG2 led to increasing percentages of CD56tCD107a*
NK cells, as shown in the representative example in Figure 3A. Dose-
response curves for the percentage of positive cells for four donors
(2 VF and 2 FF genotype) are shown (Fig. 3B). For comparisons, the
AUC for the dose-response plots was calculated for each donor.
Pooled results of five individuals showed similar results, the higher
the concentration of anti-hCD20-IgG1 -IgG3, and -1gG4, the higher
the NK degranulation, whereas anti-hCD20-1gG2 did not induce
degranulation (Fig. 3C, Supporting Information Fig. Sé).

Complementarily, ADCC assays were performed at a fixed E:T ratio
of 5:1 using the same donor and increasing concentrations of all four
anti-hCD20-1gG subclasses simultaneously. In accordance with the
findings from Ca2t mobilization and degranulation, the dose-response
curves demonstrate that ADCC was triggered by even very low con-

centrations of anti-hCD20-1gG1 and -IgG3. In contrast, anti-hCD20-
1gG4 triggered ADCC only at the highest concentrations, and 1gG2
was not able to induce ADCC at all (Fig. 4, Supporting Information Fig.
S7). Remarkably, when donors were grouped by the presence of valine
(VV + VF) and compared to FF donors, the VV + VF group displayed
higher ADCC for anti-hCD20-1gG1 and -1gG3. In addition, anti-hCD20-
1gG4 showed a trend to trigger ADCC at the highest concentration
(2 pg/ml) in the group containing valine (P = 0.0555, t-test) (Fig. 4B).
Again, to compare different donors, the AUC for the dose-response
plots was calculated for each donor (Fig. 4C). The mean of the AUC
for anti-hCD20-1gG3, -1gG1, -IgG4, and -IgG2 in the pooled population
were 119.1 + 31.6, 114.9 + 36.5, 36.0.1 + 16.6, and 6.6 + 5.2, respec-
tively. Intriguingly, VF donors overall showed somewhat higher ADCC
than VV or FF individuals for anti-hCD20-IgG1 (AUC 156.8 + 45.2 vs.
98.5 + 35.8 and 89.5 + 25.5; P=0.0553 and 0.0023, respectively), and
1gG3 (AUC 153.3 + 32.8 vs. 113.0 + 75.5 and 91.0 + 13.0; P=0.2351
and 0.0048). Taken together, the observed variations of the AUC were
linked to both IgG subclasses and genotype (P < 0.0001 and 0.0484,
respectively; subclass x genotype P =0.0355).

To conclude, anti-hCD20-1gG1 and -1gG3 efficiently trigger ADCC
and degranulation, whereas -1gG4 did it only at the highest micromo-
lar concentration tested in individuals containing valine. Anti-hCD20-
1gG2 did not induce ADCC.

3.5 | Intracellular cytokine production of IFNy, TNF,
and GM-CSF is triggered by anti-hCD20-1gG1 and
-1gG3 subclasses during ADCC

Cytokine production by NK cells has been reported after activation of
several receptors.*® Thus, we interrogated whether anti-hCD20-1gG
subclasses also differentially affect IFNy, TNF, and GM-CSF produc-
tion by NK cells. Altogether, TNF was the major intracellular cytokine
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FIGURE 3 Degranulation of NK cells is altered in the presence of the IgG subclasses. Freshly isolated NK cells were incubated with Daudi
target cells in the presence of anti-hCD20-1gG subclasses for 6 h and stained for CD56 and CD107a. A, Representative plots for a VF donor (CMU
0.002) are shown for three different concentrations of anti-hCD20-IgG subclasses. The two plots on the top show control for degranulation val-
ues when NK cells were cultured alone (top left), or with Daudi cells (top right) in the absence of anti-CD20-1gG. The remaining panel shows the
percentage of CD56*CD107a* NK cells (upper right quadrant) in the presence of increasing concentrations of anti-hCD20-1gG1, 1gG2, 1gG3, and
18G4 subclasses, respectively. B, Representative plots of dose response for CD107a degranulation using NK cells isolated from 2 healthy FCGR3A
VF (left), and 2 FF (right) donors, and anti-CD20-coated Daudi cells as targets are shown. Daudi cells were coated with anti-hCD20-1gG1 (circle),
18G2 (square), 1gG3 (triangle), or 1gG4 (diamond) subclasses at increasing concentrations (0-2 ug/ml). Subsequently, anti-hCD20-coated Daudi
cells were cocultured with freshly isolated NK cells for 6 h at an E:T ratio of 1:1. The dashed line shows degranulation induced by Daudi cells in the
absence of anti-hCD20-1gG. The experiments were performed in duplicates and the data are shown as mean + SD. C, Pooled data of NK cell degran-
ulation comparing the AUC of the percentage of anti-hCD20-IgG subclass induced CD56"CD107a* NK cells of each donor, using as baseline the
percentage of CD56"CD107a* NK cells coculture with Daudi cells alone. Results were plotted for each 1gG subclass (IgG1, 1gG2, IgG3, and IgG4
depicted as circle, square, triangle, and diamond, respectively). Donors with FF homozygosity (n = 2), and VF heterozygosity (n = 3), are shown as

open and half-filled symbols, respectively.
(Continued on next page)
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FIGURE 3

(Continued) The difference between the mean of anti-hCD20 IgG subclasses was compared using Tukey’s multiple comparisons test;

statistical significance was found between all IgG subclasses as detailed in the figure. *P < 0.05, **P < 0.001. No significant difference was found
between the donors’ genotype. Data of one experiment performed in duplicates for each donor are shown

detected, followed by IFNy, and to a much lesser extent GM-CSF.
Moreover, a large diversity of the cytokine response was observed
among the four donors (Fig. 5). Finally, a dose-response effect for IgG1
and 1gG3 anti-hCD20-1gG subclasses was found, whereas 1gG2 and
1gG4 induced no cytokine response when compared to the basal level

present in NK cells stimulated only with Daudi cells.

4 | DISCUSSION

ADCC represents one of the major functions of NK cells that are
increasingly explored for the treatment of autoimmune diseases and
cancer using depleting therapeutic mAb. However, despite a plethora
of studies and engineering to improve Ab-mediated cytotoxicity, sev-
eral aspects of the interactions of IgG subclasses with FcyRIIIA/CD16a
remain unknown. Here, we compared the ability of all four rituximab
anti-hCD20 IgG subclasses, sharing a close affinity for CD20, to trigger
Ca?t signaling, cytokine production, and NK cell-mediated ADCC.
In addition, we studied whether the FCGR3A V158F polymorphism
plays a role in the interactions with the different 1gG subclasses and
consequently, NK cell effector functions. We found that 1gG1 and
1gG3, and to a lesser degree IgG4 at high concentrations, are able to
induce NK cell effector functions, but not 1gG2. In contrast, variations
of FCGR3A SNP had no impact on Ca?* signaling and degranulation;
however, ADCC was somewhat weaker in donors with the low-affinity
FF variation.

Flow cytometry binding assays showed a slightly lower affinity of
anti-hCD20-1gG2 for the CD20 antigen expressed on Daudi cells, espe-
cially at higher concentrations. This finding might be explained by
the rigidity of the 1gG2 hinge region, which could interfere with the
binding to the antigen, as discussed in detail by Roux et al.#” Nev-
ertheless, the affinity of all subclasses were in the same micromo-
lar range and thus considered as similar. Binding of IgG subclasses to
FcyRIIIA/CD16a has been analyzed by several previous studies using
ELISA or SPR. In contrast, NK cells freshly isolated from healthy donors
carrying different genotypes were used in the present study to mea-
sure the differential binding of IgG subclasses to FcyRIIIA/CD16a by
flow cytometry and to test the impact of the V158F FCGR3A SNP.
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Our results confirm the relative strong binding of anti-hCD20-1gG3
and -1gG1, and that the binding was weaker on NK cells carrying
the low-affinity FCGR3A variant (FF). However, using this approach
we could not detect significant binding of 1gG4 or 1gG2, as previ-
ously reported by Armour et al. for anti-D antibodies and myeloma-
derived IgG using CHO cells transfected with the VV and FF FCGR3A
variants.24 These differences might be explained by the different affini-
ties of the mAb used and/or a larger range of concentrations evaluated.
Furthermore, Repp et al. reported binding of 1gG1 single-chain Fv-Fc-
engineered fusion proteins to FcyR on NK cells by flow cytometry,
protein- and glyco-engineering enhanced CD16a affinity but beyond
a certain threshold did not result in a further increase of NK-cell
mediated ADCC. However, the latter study did not test the other IgG
subclasses.*®

Until now, the majority of CaZt mobilization studies in lymphoid
cells have focused on B and T lymphocytes. Nevertheless, cross-
linking of FcyRIlla/CD16a mobilizes large amounts of CaZ* that initi-
ate NK cell-mediated ADCC.47-51 More importantly, recent findings
showed the relevance of store-operated CaZ* entry (Ca2+ influx) into
NK cells in patients with an immunodeficiency syndrome associated
with autoimmunity.>2 Patients with chronic fatigue syndrome/myalgic
encephalomyelitis showed abnormalities in NK cells activity and a par-
ticular Ca2* channel affecting the NK cells’ activation threshold.>354
In the current study, Ca%* mobilization in NK cells was explored for
the first time by distinguishing between efflux and influx following IgG-
FcyRIIIA/CD16a interaction. To detect the Ca2* efflux from the ER we
performed the determinations in the absence of extracellular Ca2+.
Controls using physiologic Ca%* conditions were run in parallel and
showed similar Ca2* treats. Significant amounts of Ca2* efflux were
triggered by 1gG1 and 1gG4, whereas Ca2* influx was triggered by anti-
hCD20-1gG1, -1gG3, and -IgG4. On the other hand, 1gG2 results were
consistently negative in all the assays performed in this study, with the
exception of the binding to CD20 on Daudi cells. We can only speculate
why anti-hCD20-1gG3 did not induce Ca2* efflux, but significant Ca2*
influx, similar as anti-hCD20-1gG4 (1.587 + 0.1746 vs. 1.511 + 0.1567,
respectively), and strong ADCC. IgG3 might induce ADCC via a signal-
ing cascades independent of Ca2*; or alternatively the extremely flex-
ible structure of 1gG3 with the highest Fab-Fab and Fab-Fc bending?”
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FIGURE 4 Anti-hCD20-IgG rituximab subclasses and V158F FCGR3A polymorphism induce different levels of Ab-dependent cellular cyto-
toxicity (ADCC) in NK cells. A, Representative plots of ADCC using NK cells isolated from healthy FCGR3A VV (left), VF (center), and FF (right)
donors, and anti-CD20-coated Daudi cells as targets are shown. Nonradioactive labelled Daudi cells were coated with anti-hCD20-1gG1 (black cir-
cle), 1gG2 (pink square), IgG3 (green triangle), or 18G4 (purple diamond) subclasses at increasing concentrations (0.0078-2 pug/ml). Subsequently,
anti-hCD20-coated Daudi cells were cocultured with freshly isolated NK cells for 2 h at an E:T ratio of 5:1. The dashed line shows the direct cyto-
toxicity of Daudi cells in the absence of anti-hCD20-IgG. The experiments were performed in triplicates and the data are shown as mean + SD of one
representative experiment. B, ADCC plots showing pooled data grouped by the presence of at least one valine (VV+VF) vs. FF homozygosity. Data
are shown as mean + SEM for 2 and 5 VV or VF donors, respectively, and 5 FF healthy individuals. C, ADCC induced by anti-hCD20-1gG subclasses
was compared using the AUC of the percentage of specific lysis vs. anti-hCD20-1gG concentration for each donor. The percentage of direct cyto-
toxicity was used as baseline. Results were plotted with all donors grouped by V158F FCGR3A polymorphism. Data obtained from VV (n = 2) vs. FF
homozygous (n = 5), and VF heterozygous (n = 5) donors, are shown as filled, open, and half-filled symbols, respectively. The differences between
the anti-hCD20-IgG subclasses were compared using Two-way ANOVA and Tukey’s multiple comparisons test; *P < 0.05, **P < 0.01, ***P < 0.001,
and ****P < 0.0001

hinders cross-linking under the experimental conditions used in CaZ* concentrations of 1gG subclasses used in the CaZ* mobilization assay
assays, but not when 1gG3 is bound/fixed to cell surface antigen as in
the ADCC assays. IgG4 induced Ca2+ flux although we could not detect

binding to NK cells by flow cytometry. It is possible that the higher

were responsible for the discrepancy in the results (15 vs. 8 ug/mL).
However, we think that Ca2* mobilization is more sensitive than flow
cytometry to detect binding of IgG4 to FcyRIlla/CD16a, corroborating
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FIGURE 5 Intracellular detection of cytokines produced by NK during/in Ab-dependent cellular cytotoxicity correlates with anti-CD20 IgG
subclasses. Freshly isolated NK cells were incubated with Daudi target cells in the presence of anti-hCD20-1gG subclasses for 6 h and stained for
CD56 and the intracellular cytokines IFNy, TNF, and GM-CSF. A, For a representative VF donor (CMU 0.002) is shown the dose-response curves for
the percentage of NK cells producing each cytokine. Basal cytokine levels in the absence of anti- CD20-1gG rituximab are shown in dotted line. B,
Pooled data of NK cell cytokine content comparing the AUC of the percentage of anti-hCD20-1gG subclass induced CD56"IFNy*, CD56*TNF*, and
CD56+*GM-CSF*; NK cells of each donor, using as baseline the percentage of CD56* cytokine™ NK cells coculture with Daudi cells alone. Results
were plotted for each IgG subclass (1gG1, 1gG2, 1gG3, and 1gG4 depicted as circle, square, triangle, and diamond, respectively). Donors with FF
homozygosity (n = 2), and VF heterozygosity (n = 2), are shown as open and half-filled symbols, respectively. The difference between the mean of
anti-hCD20 IgG subclasses was compared using Tukey’s multiple comparisons test; statistical significance was found between all IgG subclasses as
detailed inthe figure. *P < 0.05. No significant difference was found between the donors’ genotype due to the low the low number of cases analyzed
did not allow. Data of one experiment performed in duplicates for each donor are shown

the results of our ADCC and degranulation assays as well as previous centrations of 1gG2 subclass was also observed.?2 Because PBMCs
studies.22:55.56 were used instead of purified NK cells, monocytes might have been

The notion that 1gG4 has lower ability to trigger effector func- involved in the depletion of Ab-coated target cells by phagocytosis
tions should be interpreted with caution. Waldmann and colleagues and ADCC.>7-5? These findings might partially explain the outcome
reported that IgG4 anti-CD52 Campath-1 mAb induced poor ADCC in of a trial in 2006, in which an anti-CD28 IgG4 agonist Ab (TGN1412)
vitro in some individuals as expected, but in others it was as active as did not show severe adverse side effects in preclinical nonhuman pri-
the potent IgG1. When they investigated the in vivo biologic effects mate models, but generated a dramatic cytokine stormin all six treated

in patients, 1gG4 anti-CD52 depleted peripheral blood lymphocytes, human subjects.°
albeit less efficiently than IgG1. Intriguingly in vitro assays did not However, it is still not clear why 1gG4 at high concentrations is
predict the in vivo effector function.22°35¢ Another previous study able to trigger ADCC in some individuals and not in others. One

by Warncke et al. used total PBMCs of either human or cynomolgus explanation might be the fact that 1gG4 molecules have the unique
monkey origin to study ADCC induced by different 1gG subclasses property to exchange Fab arms becoming bivalent, consequently, los-
in vitro and demonstrated that in contrast to human 1gG2 and IgG4, ing the ability to cross-link antigen.é? However, under the experi-

cynomolgus 1gG2 and 1gG4 display strong ADCC.22 Their findings mental conditions in the present study, no IgG4 with specificities
are also partially in agreement with ours; 1gG3 and 1gG1, and to a for other antigens were present. Furthermore, other FCGR3A gene

lesser degree 1gG4, triggered ADCC, but killing mediated by high con- polymorphisms might structurally favor the interaction with 1gG4 in
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those individuals showing ADCC.52 This question warrants further
examination.

As to intracellular cytokine production during ADCC, we found the
highest levels for TNF followed by IFNy and only very low levels of
GM-CSF. These results corroborate the findings of Fauriat et al. of who
used reversed ADCC to measure cytokine secretion after different
receptor engagements on NK cells*¢ Only anti-hCD20-1gG1 and
-lgG3 lead to cytokine production by NK cells whereas to -IgG2 and
-lgG4 NK cells remained irresponsive. To be certain that IgG4 does
not induce cytokine production, however, a larger number than four
donors should be analyzed.

Our study has several limitations. First, the results of ADCC assays
are notoriously variable even in a single donor. Our analysis does not
include repeated assays and reports only a limited number of donors
of the different genotypes for the FCGR3A V158F polymorphism. The
Ca?* mobilization assays and ADCC could not be tested in parallel
for the same donor, and the rarity of the high-affinity VV variant
limited the genotype comparisons. Nevertheless, we were able to
show a statistical impact of the FCGR3A V158F polymorphism on
ADCC induced by the different IgG subclasses. Second, we did not
analyze the conjugate and synapse formation between NK cells and
anti-hCD20-1gG-coated Daudi target cells, or other signaling pathway
besides Ca2t mobilization, for instance CD3¢, SYK, or p38/ERK.
Moreover, neither the copy number variation of the FCGR3A gene
nor the expression of the activating receptor FcyRIIC, which can be
found on NK cells, was determined. Therefore, ADCC mediated by NK
cells carrying FcyRIIC, as shown by others in vitro,% might have had
an impact on our results. Finally, because we only tested anti-hCD20
1gG subclass mAb, the results of our study cannot be generalized to
antibodies recognizing other antigens.

In conclusion, using a fully human system, we showed that anti-
CD20 rituximab 1gG1, I1gG3, and to a lesser extent 1gG4, but not 1IgG2
subclass mAb, trigger ADCC and degranulation in NK cells. Nonethe-
less, we could not provide evidence that FCGR3A V158F SNP has an
impact on store-operated Ca2+ entry in NK cells. Our findings indi-
cate important differences in the interactions of 1gG subclasses with
FcyRIIIA/CD16a and may therefore help to correlate better the func-
tional properties of particular engineered therapeutic antibodies in

vitro with individual differences of their clinical efficacy.
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Supplementary Figure 1. NK cell purity after isolation. PBMC were isolated from human
blood by Ficoll-gradient centrifugation, NK cells isolated by negative magnetic isolation using
the MACS NK isolation kit (Miltenyi Biotec). NK cells were identified by sequential gating on
CD45" cells, live cells (7AAD") followed by single cell gating using the FSC width, and finally by
expressing CD56 and/or CD16. NK cell purity was verified by staining with anti-
CD3/CD14/CD19/CD33 Abs and isotype matched control Abs and analyzed by flow cytometry.

Dot plots of a representative donor are presented.
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Supplementary Figure 2. Gating strategy for the detection of naturally bound IgG on the

surface of freshly isolated NK cells. After purification, freshly isolated NK cells were kept
overnight in AIM-V medium + 2% HEPES and analyzed by flow cytometry. A, NK cells were
identified by sequential gating on CD45" cells, live cells (7AAD") followed by single cell gating
using the FSC width, and finally by expressing CD56 and/or CD16. Naturally bound IgG were
detected using detection goat anti-h-F(ab’)2-PE polyclonal Ab (grey-filled histogram). B,

Representative histogram overlays showing the naturally bound IgG (gray) on NK cells and

correspondent isotype control (dark line) immediately after isolations (left) and after overnight

culture (right).
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Supplementary Figure 3. Gating strategy for the determination of NK cell degranulation
by CD107a expression. After co-culture of NK cells and Daudi cells in the presence of anti-
hCD20-IgG subclasses, the degranulation marker CD107a* on NK cells was quantified by flow
cytometry as described in the Material and Methods section. Gating on NK cells is shown on
Forward (FSC-A) versus Side Scatter (SSC-A) dot-plots, followed by gating on single cells in
both forward and side scatter width plots, and finally by the expression of CD56 and CD107a.
Representative dot plots of NK cells co-cultured with Daudi cells show the percentages of

CD56* CD107a" NK cells (upper right quadrant) when stained with CD107a or isotype control.
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Supplementary Figure 4. Determination of V158F FCGR3A polymorphism. Genomic DNA
was extracted from total blood and the FCGR3A V158F allelic variation of each NK cell donor
was determined by nested-PCR followed by cutting of the second PCR product with the Nlalll
restriction enzyme. Separation of DNA fragments was performed in 10% acrylamide gels
stained with GelRed. Digested PCR products from donors homozygous for V158F
polymorphism VV give two bands, a strong 61 bp and a faint of 33 bp band; whereas donors
homozygous for FF are not cut, thus, only one band of 94 bp is seen; VF carries show three
bands of 94, 61 bp of similar strong intensity and a faint band of 33 pb. Occasionally, after
digesting VV shows a weak band at 94 bp. Five ul of digestion reaction were loaded in 6x
TriTrack DNA Loading Dye buffer (Thermo Fisher, Vilnius, Lithuania), the size of the DNA

fragments was estimated using the Gene Ruler Low Range DNA ladder (Thermo Fisher).
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Supplementary Figure 5. Controls used in the Ca?* mobilization assay. Freshly isolated
NK cells were labeled with anti-hCD20-IgG subclasses and anti-CD16 mAb at 15ug/ml and
1.5 pg/ml final, respectively. For each set of experiments, either HBSS plus 1.3 mM EGTA
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(no Ca?* condition, white bar) or HBSS Ca?*/Mg?* buffer (Ca?* condition, grey bar) were
assayed. For each experiment, reagents were added at 60 or 630 seconds (s). After
establishing a baseline for 30 s on the FDSS/UCELL plate reader, h cross-linker Ab, m cross-
linker Ab, ionomycin and thapsigargin were added to reach the final concentrations of 20 ug/mL,
0.11 pg/mL, 2 yg/mL and 2 uM, respectively. At 630 s, Ca?* buffer was added at a final
concentration of 2 mM (black bar) and Ca?* mobilization recorded for additional 600 s. Results
are expressed as the ratio of Ca?* flux (F/FQ) versus time. A, Treats of Ca?* efflux (first 630 s)
and Ca?* influx (last 600 s) for all controls are shown. B, Treats for Ca?* mobilization at 1.25
mM Ca?* (first 630 s) or 2 mM (last 600 s), for anti-hCD20-IgG subclasses (upper) and all
controls (lower) are shown. Results represent the average of quadruplicates of three donors.

Designation and genotype for each donor is presented in the panels.
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Supplementary Figure 6. Pooled data of CD107a degranulation. A, Plot of percentage of
CD56*CD107* cells of pooled donors using NK cells, and anti-CD20-coated Daudi cells as
targets are shown. Flow cytometry analysis using Daudi coated with anti-hnCD20-1gG1 (circle),
IgG2 (square), IgG3 (triangle) or IgG4 (diamond) subclasses at increasing concentrations
(0.125 - 2 ug/ml). Subsequently, anti-hCD20-coated Daudi cells were co-cultured with freshly
isolated NK cells for 6 hours at an E:T ratio of 1:1. The experiments were performed in
duplicates, and the data are shown as mean + SEM of 5 healthy individuals. B, Summary table
showing the differences between the anti-hCD20-IgG subclasses at increasing concentrations

obtained by two-way ANOVA and Tukey’s multiple comparisons test; * P<0.05 and **P<0.01.
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Supplementary Figure 7. Pooled data of ADCC. A, ADCC plot of pooled donors using NK
cells, and anti-CD20-coated Daudi cells as targets are shown. Non-radioactive labelled Daudi
cells were coated with anti-hnCD20-IgG1 (circle), 1gG2 (square), IgG3 (triangle) or IgG4
(diamond) subclasses at increasing concentrations (0.0078-2 pg/ml). Subsequently, anti-
hCD20-coated Daudi cells were co-cultured with freshly isolated NK cells for two hours at an
E:T ratio of 5:1. The experiments were performed in triplicates, and the data are shown as
mean + SEM of 12 healthy individuals. B, Summary table showing the differences between the
anti-hCD20-1gG subclasses at increasing concentrations obtained by two-way ANOVA and

Tukey’s multiple comparisons test; * P<0.05, ** P<0.01, *** P<0.001, **** P< 0.0001.
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Supplementary Table 1. General characteristics of healthy donors.

e Age V158F
Identifier* Source Gender (y%ars) FCGR3A Assay
CMU.001 Blood M 29 VF Ca?* mobilization, ADCC
CMU.002 Blood M 55 VF Ca?* mobilization, CD107a, ADCC, cytokines
CMU.003 Blood M 28 FF ADCC
CMU.004 Blood F 33 \AY, IgG affinity, Ca?* mobilization, ADCC,
CMU.005 Blood F 49 VF Ca?* mobilization, CD107a, ADCC, cytokines
CMU.008 Blood F 26 VF CD107a, cytokines
CMU.009 Blood M 57 FF Ca?* mobilization; CD107a, cytokines
CMU.011 Blood F 29 FF IgG affinity, ADCC; Ca?* mobilization
CMU.014 Blood F 28 FF CD107a
CMU.020 Blood M 30 FF Ca?* mobilization
CTS.005 Buffy coat ND ND FF ADCC
CTS.006 Buffy coat ND ND FF ADCC
CTS.007 Buffy coat ND ND VF ADCC
CTS.008 Buffy coat F 27 A% ADCC
CTS.009 Buffy coat M 61 VF ADCC
CTS.012 Buffy coat ND ND FF ADCC
CTS.042 Blood ND 63 FF IgG affinity
CTS.043 Blood ND 21 VF IgG affinity

Abbreviations: ADCC, antibody-dependent cell cytotoxicity; ND, not disclosed
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