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Abstract

A high-throughput selection system to quantify the specificity of antibodies

Proteins are phenotypically characterized by their functional properties, e.g. bind-
ing affinity and specificity for a target molecule in the case of antibodies. Understanding
whether and how much these properties are linked has remained largely elusive so far. Ad-
dressing this question relies on our capacity to quantify binding specificity, which stands
as a challenge. We developed an in vitro experimental setup combined with a statistical
analysis pipeline to systematically quantify the binding specificity of proteins. In par-
ticular, we designed a library of random DNA molecules acting as targets and screened
them using SELEX against a pool of recombinant antibodies with frameworks taken from
natural antibodies. We found that we could assess global specificity (by estimating the
average affinity of antibodies for the DNA library) as well as local specificity (by measur-
ing the diversity of DNA sequences bound by the antibodies). We showed that selection
experiments can be optimized in order to provide a robust quantification of affinity and
specificity in a high throughput fashion. These results pave the way for a systematic map-

ping of the relationship between affinity and specificity.

Keywords
antibody, specificity, SELEX, high-throughput sequencing
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Résumé

Un systéeme de sélection a haut débit pour quantifier la spécificité des anticorps

Les protéines sont des biomolécules fondamentales de tout étre vivant. Leurs fonctions treés
variées sont controlées par leur structure tridimensionnelle ; elle-méme déterminée par leur séquence
d’acides aminés. Le role des anticorps, par exemple, est de reconnaitre et neutraliser des molécules
cibles (appelées antigénes) qui pourraient représenter une menace pour l'organisme. Leur fonction
est directement liée & leur affinité (force d’interaction) et spécificité (précision) de liaison & ces
molécules cibles. Bien que de nombreux travaux aient été réalisés dans le but d’étudier I’affinité
des anticorps d’'une part, et leur spécificité d’autre part, nous avons a ce jour une compréhension
limitée de la relation entre ces deux propriétés fonctionnelles. Par ailleurs, tandis que la métrique
d’affinité est clairement définie (elle correspond & la constante de dissociation entre la protéine et
sa cible), il n’existe pas de métrique consensuelle de spécificité. Nous faisons donc face a deux
principaux défis : Comment quantifier la spécificité de liaison de protéines ? Et quelle est la
nature de la relation liant ’affinité et la spécificité de liaison des protéines ? De maniere a y
répondre, il s’agit tout d’abord de mettre au point une méthode visant a mesurer la spécificité. Ici,
nous proposons un procédé expérimental in vitro ainsi qu’une approche statistique permettant une
quantification systématique de la spécificité de liaison des protéines. Nous avons mis au point une
banque de molécules d’ADN (utilisées comme ligands) avec une structure en tige-boucle que nous
avons sélectionnées par SELEX contre un ensemble d’anticorps recombinants (dont la structure est
issue d’anticorps naturels possédant différents niveaux de maturation -ou différentes affinités- pour
une cible biologique). Nous avons ensuite utilisé le séquencage & haut débit afin d’identifier les
molécules d’ADN ayant les plus hautes affinités pour ces anticorps. Nous proposons une métrique
de la spécificité globale (en estimant ’affinité moyenne des anticorps pour la banque d’ADN) ainsi
que de la spécificité locale (en mesurant la diversité des séquences d’ADN sélectionnées par les
anticorps). Nous avons par ailleurs optimisé le protocole de sélection dans le but d’obtenir une
quantification robuste et a haut débit de 'affinité et de la spécificité. L’utilisation d’une banque
de molécules d’ADN nous a permis de mesurer différentes spécificités locales et globales pour des
anticorps caractérisés par différents niveaux de maturation. En particulier, nous avons constaté
que les anticorps moins maturés ont une affinité moyenne pour la banque de molécules d’ADN
plus élevée, et qu’ils sélectionnent avec moins de précision les séquences d’ADN par rapport aux
anticorps maturés. Ces résultats ouvrent la voie vers une étude systématique de la relation entre

affinité et spécificité.

Mots-clés:
anticorps, spécificité, SELEX, séquencage a haut-débit
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Chapter 1

Introduction

1.1 Proteins are characterized by a set of functional prop-

erties

Proteins are part of the fundamental biomolecules of living organisms. They perform
a vast array of functions including the catalysis of biological reactions, the transport of
small molecules and the formation of the cell structure. Their function is related to the
3D structure that they adopt and which is determined by their amino-acids sequence.
Many studies have been dedicated to the study of the relationship between the structure
of proteins and their function, with the ultimate goal of predicting functional properties
(e.g. stability, catalytic activity, affinity, etc.) from amino-acid sequences. However,
and while proteins are characterized by an ensemble of properties that can potentially be
linked to each other, most of the studies only focus on the investigation of one particular
functional property .

For example, the binding of proteins to ligands which initiates every biological reac-
tions depends on 2 major functional properties: (1) the affinity (i.e. the binding strength
between a protein and its ligand) and (2) the specificity (i.e. the ability of a protein to
discriminate between different ligands). These functional properties are related by defini-
tion, since the specificity of a protein is defined as the distribution of its affinity over every
possible ligand. However, we don’t know if these two properties are intrinsically linked

and if they are, what is the nature of their relationship.

One possible schematic view of specificity is the binding landscape (Fig. 1.1) [George
and Gray, 1999] where every possible ligand is mapped in a 1 or 2 dimensional space (to
simplify the representation). In such a space, the distance between ligands corresponds
to their relative differences '. Each ligand has a particular binding affinity (or binding

energy) for the protein and the ensemble of these binding affinity values characterizes the

!The way to define how ligands differ from one another can be argued; if ligands are DNA molecules, an
example for a metric would be the Hamming distance (i.e. the number of positions at which the nucleotides
are different between 2 DNA sequences).

13
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14 CHAPTER 1. INTRODUCTION

topography of the landscape.

Fig. 1 from [George and Gray, 1999]

Not included for copyright reasons

Figure 1.1: A schematic representation of a binding affinity landscape. All possi-
ble antigen-binding sites are shown on the x axis, with the most similar adjacent to each
other. The affinity of the antibody for each antigen is shown on the y axis. Coloured
arrows show different trajectories of mutating proteins (antibodies) that increase their
binding affinity for antigen-binding sites. Taken from [George and Gray, 1999].

We can use the binding landscape picture to describe two levels of specificity:
e At the larger scale, we can verify if the protein of interest has a high affinity for
very different ligands by looking at the global ruggedness of its binding landscape.
The ability of a protein to interact with very different ligands is characteristic of its

global specificity

o At the smaller scale, we can verify if the protein has different affinities for ligands
that are very similar in structure by looking at the local ruggedness of its binding
landscape. The ability of a protein to discriminate between similar ligands is char-

acteristic of its local specificity.

Measuring protein’s specificity is the first step towards understanding its function.
However, it is difficult (if not effectively impossible) to determine the full binding landscape
of a protein, as it would require the experimentalist to measure its affinity for a myriad of
possible ligands. Still, it is possible to explore subregions of this landscape: this is what
research efforts over the past decades have thrived to measure [Jolma et al., 2013] [Prigent
et al., 2018] [McGeary et al., 2019] [Tonikian et al., 2008].

1.2 Measuring specificity of DNA-binding proteins

As a case study, let us consider the example of a category of proteins for which binding

affinity and specificity are crucial in their biological function: transcription factors (TFs).
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1.2. MEASURING SPECIFICITY OF DNA-BINDING PROTEINS 15

Their main function is the control of gene expression achieved by physically interacting
with genomic DNA. Human transcription factors, for instance, recognize DNA motifs (i.e.
a precise sequence of 4 to 20 nucleotides) among the billions of more or less accessible
nucleotides that constitute the genome. The affinity and specificity of these transcription

factors for DNA motifs crucially affect the way in which they bind to their target sequence.

The first studies of transcription factors were based on the identification of the major
DNA motif that they recognize. However, it has been shown that relevant binding sites are
not only the ones with the highest affinity [Jiang and Levine, 1993] [Crocker et al., 2015].
Consequently, following studies focused on the mapping of the full binding landscape of

these transcription factors in the space of all possible DNA motifs.

A variety of high-throughput techniques have been developed to study the binding

landscape of transcription factors in the space of DNA sequences. Among those tech-
niques, 2 are particularly popular: (1) the HT-SELEX (high-throughput Systematic evo-
lution of ligands by exponential enrichment) approach, during which up to billions of short
DNA fragments are mixed together and screened against a transcription factor for their
affinity for the latter [Gu et al., 2013] [Chen et al., 2016] [Jolma et al., 2010] [Jolma et al.,
2013] and (2) the PBM (Protein Binding Microarray) based approaches during which up
to millions of short DNA fragments are immobilized on a chip and the proteins are allowed
to interact with these DNA motifs according to their respective affinities [Carlson et al.,
2014] [Le et al., 2018] [Isakova et al., 2017].
In both approaches, the experimentalists design a library of short DNA ligands containing
every possible DNA motifs and they expose the DNA library to the transcription factor
of interest. The output of these assays are binding scores that are indirectly linked to
the affinities: the output of HT-SELEX assays are enrichment values that indicate how
much the DNA ligands increased their prevalence during selection against a TF; while the
output of PBM-based approaches are indirect measurements of the number of TF's that
interacted with each DNA ligand.

The resulting binding scores are either directly used to assess the specificity profile of
TFs, or are further analyzed with theoretical models in order to be converted into binding

energies or dissociation constants (definition of dissociation constant in 4.1.1).

Using the binding data, the specificity profile of TFs are generally depicted in 2 ways:

e The binding scores values are represented as a distribution (Fig.1.2, Left) or as a
binding landscape (Fig.1.2, Upper Right) where the ensemble of DNA sequences is
mapped in a 1 or 2 dimensional space (their distance depending on their Hamming

distanceQ) and their corresponding binding scores characterize the topography of the

2The Hamming distance is the number of positions at which the nucleotides are different between 2
sequences.
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16 CHAPTER 1. INTRODUCTION

landscape. The distribution of binding scores informs us about the number of DNA
ligands that have a high affinity for a given TF while the landscape informs us about
both the number of high affinity DNA ligands and the similarity of their sequences.

e The sequences with the highest binding scores are directly compared as a sequence
logo (Fig.1.2, Left) where the 4 nucleotides are represented as stacked letters for each
position and their relative sizes are proportional to their frequency. More sophisti-
cated analyses have been proposed to generate the sequence logo that represents the
most selected DNA sub-motifs (within the selected sequences) [Jolma et al., 2010]
[Rube et al., 2018][Isakova et al., 2017]. Online tools (https://meme-suite.org) are
also available to identify or compare motifs from high-throughput selection data.
The sequence logo is a helpful representation to quickly identify the DNA motifs

with the highest affinities for transcription factors.

Fig. 2a from [Carlson et al., 2010]

Not included for copyright reasons

Figure 1.2: Sequence specificity landscapes of a DNA binding protein. Left:
distribution of the binding score obtained with CSI (Cognate Site Identifier) approach.
The sequences with the highest binding scores are compared in a sequence logo. Upper
Right: Circular sequence specificity landscape displays the binding intensities of a given
DNA ligand across all DNA permutations on the CSI array, with every sequence displayed
on the plot. We note the number of mismatches from the most selected motif (seed motif)
on each concentric circle (SSL: Sequence Specificity Landscape, PWM: Position Weight
Matrix). Taken from [Carlson et al., 2010].

However, this representation has 2 major limitations: (1) it only shows the most se-
lected DNA sequences or motifs (and as we mentioned above, DNA motifs with small
affinities can be critical in the function of TFs) and (2) it assumes that each position in
the sequence contributes additively to the overall affinity between the DNA motif and the

TF (it provides no information about the correlation between positions). As a result, more
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1.3. ANTIBODIES AS A MODEL SYSTEM 17

sophisticated models have been proposed to include partial or total dependency between
the nucleotides along the selected DNA sequences [Rastogi et al., 2018] [Robinson et al.,
2003].

All in all, these studies have shown how the high-throughput measurement of binding
scores can be used to get a sense for the specificity landscape of TFs. However, on one
hand, binding scores cannot necessarily be assumed to be proportional to affinity values
(and consequently the specificity profiles are merely qualitative in nature). On the other
hand, there has been efforts to convert binding scores into dissociation constants to obtain
a quantitative specificity landscape, but only at the cost of heavy experimental setups and
sophisticated theoretical models [Isakova et al., 2017]. We propose in chapter 4, a new
high-throughput approach to simply and quickly measure multiple dissociation constants

in a single experiment in order to obtain quantitative specificity profile.

In this section, we presented the investigations on TF specificity as a case study for the
approaches used to measure specificity profiles. We next present the advantages associated
to using a different model system — another protein whose function is critically linked to

affinity and specificity: the antibody.

1.3 Antibodies as a model system

Antibodies are major players in immune response. There function lies in identifying and
neutralizing pathogens that can infect our organism by binding target molecules called
antigens. Antibodies are known for there high binding specificity for target molecules. As
an example, they must be able to differentiate antigens (that belong to pathogens) from
self-antigens (that belong to the host organism). They are also commonly used as tools
to outline cellular structures by specifically recognizing a protein of interest. However,
antibodies are also known for their ability to interact with very different antigens (i.e.
their polyspecificity) (the case of broadly neutralizing antibodies is presented below). As
an example, some theoretical studies suggest that antibodies must be able to interact with
several target molecules in order to allow our immune system to recognize the infinite
number of possible antigens we can encounter. To illustrate this idea, a conceptual for-

malism called “shape space”?

has been proposed 40 years ago to represent the antibody
antigen binding and to explain how antibodies can recognize antigens they never encoun-

tered before [Perelson and Oster, 1979][Lapedes and Farber, 2001].

*In a shape space, antibodies and antigens are represented as points. Their coordinates in this space
can be physical or chemical properties and the euclidean distance between antigens and antibodies is
linked to their affinities. Each antibody can be surrounded by a sphere that represents its specificity: any
antigen located within the sphere can be recognized by the antibody. Shape space representations have
been used to understand how a finite number of antibodies could recognize an infinite number of antigens.
Namely, hypotheses have been formulated regarding the optimal size of the sphere (i.e. specificity) N
antibodies should have so their spheres fills the space S and ensure that all the antigens are recognized by
the antibodies [Perelson and Oster, 1979].
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18 CHAPTER 1. INTRODUCTION

Once an antibody encounters an antigen for the first time, it undergoes an acceler-
ated evolutionary process called affinity maturation that consists in cycles of mutations,
selection and amplification. Over months or years, antibodies accumulate mutations in
their sequence to increase their affinity for this antigen. During this maturation process,
it has been reported that specificity of antibodies evolves as well. However, it is not clear
whether and how the affinity and specificity coevolve over the course of antibody matura-

tion. Different scenarios have been proposed [Eisen and Chakraborty, 2010].

In the first scenario, antibodies are initially able to recognize multiple antigens but lose
their polyspecificity over the course of affinity maturation by decreasing their flexibility.
It has been showed with crystallographic data that non-maturated antibodies can have
multiple 3D conformations (allowing the binding to multiple ligands) while maturated
antibodies can only have one conformation (allowing the binding to one single ligand)
[James, 2003].

In the second scenario, antibodies develop the ability to recognize very different anti-
gens over the course of affinity maturation. Typical examples are Broadly Neutralizing
antibodies that have maturated against the HIV virus for years. Numerous studies have
shown that broadly neutralizing antibodies developed the ability to recognize mutating
antigen but also self-antigens [Haynes et al., 2013] [Prigent et al., 2018]. Similar observa-
tions have been made for artificially maturated antibodies, in the context of ACT therapy®.
It has been shown that antibodies with very high affinity for a target molecule developed
auto-reactivity (i.e. they recognized self-antigens) [D’Ippolito et al., 2019]. The authors
showed that a fine balance between affinity and specificity was necessary to develop arti-
ficially maturated antibodies that maximize the elimination of the antigen and minimize
the interaction with self-antigens. A theoretical study proposed a simplistic model to un-
derstand the relationship between affinity and specificity of proteins [Savir and Tlusty,
2007]. Using a minimalist model of ligand and target, the authors showed that a flexible
ligand must not perfectly match its target (i.e. must not have a maximal affinity for its
target) but should have a slight mismatch to maximize its binding specificity in the pres-
ence of similar competing targets. Indeed, if 2 competing targets are very similar, and if
the ligand has a high affinity for the first target, it will have a medium affinity for the
second target. However, if the ligand has a medium affinity for the first target, it will have
a negligible affinity for the second one, and thus its specificity will be increased. These

results suggest that a maximal specificity is possible at the cost of a non-optimal affinity.

A third scenario can also be considered where there is no fundamental link between

4Dulring ACT therapy, T cells of a patient are collected, maturated in wvitro to increase their affinity
for an antigen, amplified and re-injected into the patient to increase the efficiency of his immune system
against the pathogen
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the affinity and specificity of antibodies.

The 2 first scenarios suggest the existence of different selective pressures: (1) In the first
one the antibodies evolve to bind a single antigen while in the second one (2) antibodies
evolve to bind similar antigens. However, we still don’t know if the selective pressure
alone can account for the non-trivial relationship that is observed between the affinity and
specificity of antibodies. In order to better understand what links these two properties,
we first need to quantify the specificity of antibodies. The main question we address in
this project is the following: can we quantitatively measure the specificity of antibodies
(with potentially different specificity profiles) ?

We propose to study the specificity of a pool of recombinant antibodies (called synthetic
antibodies in this manuscript) using a DNA ligand library and a high-throughput in vitro
selection assay (we expect the studied antibodies to have different specificity profiles and
thus we expect to observe different binding behaviors with the DNA ligand library we
designed).

1.4 Our approach

We studied a pool of synthetic antibodies (i.e. recombinant antibodies) that have been
designed and studied as part of previous work [Boyer et al., 2016] [Schulz et al., 2021].
The synthetic antibodies are composed of 2 main parts (Fig. 1.3): (1) A scaffold (also
called framework) corresponding to a 100 amino acids sequence directly taken from the
VH region of a human antibody and (2) a CDR3 region corresponding to a 4 amino acids

sequence acting as a binding site.

2 different frameworks have been designed using 2 human antibodies. One has never
maturated against an antigen, it is called “Germline” (-reversed). The other has matu-
rated against the HIV virus and has accumulated 15 mutations in its VH region (it is
called “Limited”). From these 2 frameworks, 2 libraries have been designed by random-
izing the CDR3 region of the antibody sequences. Each library had a diversity of 10°

different antibodies.

The authors screened each antibody library separately (by Phage Display) against 2
different DNA ligands in order to identify the synthetic antibodies with the highest affinity
for each DNA targets.

Measurement of specificity at a small scale:
Then the authors investigated the specificity of a subset of synthetic antibodies using

2 low-throughput selection experiments. They build a minimalist library of antibodies

composed of the best binders for each DNA ligand, with Germline and Limited frameworks
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Figure 1.3: Our protein model. The proteins are recombinant antibodies with frame-
works taken from human antibodies. We call them “synthetic antibodies”. As part of
previous work [Boyer et al., 2016], several synthetic antibodies have been designed with
different framework and CDR3 regions.

then they selected the antibodies against both DNA ligands, separately (Fig. 1.4).

They showed that different synthetic antibodies have different specificities for 2 DNA
ligands (some antibodies have a higher affinity for the first DNA ligand than for the other
one and vice versa). These results motivated the use of this system to study specificity on

a larger scale with a high-throughput approach.
Our project consists in measuring specificity at a larger scale:

The authors previously selected (via Phage Display) 10° different antibodies against 2
DNA ligands. Here we select (via SELEX) a library of 10* DNA ligands against different
synthetic antibodies (we chose antibodies with blue and green frameworks in Fig. 1.4,
with potentially different specificity profiles) in order to measure their specificity for DNA
ligands. We have 2 main goals:

(1) We want to propose a quantitative measurement of specificity (chapter 4)

(2) We want to understand the relationship between the sequence of antibodies and their
specificity for DNA ligands. More precisely, we ask if synthetic antibodies with various
sequences have different average affinities for DNA ligands (chapter 2) and if they can

discriminate between DNA ligands with similar sequences (chapter 3).
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Figure 1.4: Comparison of selectivities for antibodies with different frameworks
and CDR3 regions. The authors build a minimalist library of antibodies with 3 different
frameworks (blue, green and red, more or less maturated against a common antigen). The
minimalist library has been selected by Phage Display against 2 DNA ligands, separately.
For each antibody, the selectivity has been calculated as the ratio between its number of
copies after and before the selection (selectivities are positively linked to affinities). The
measured selectivities are presented in the upper plots. Taken from [Schulz et al., 2021].
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Chapter 2

Measuring the average binding
affinity of antibodies for DN A
ligands

2.1 Context & Problem

Antibodies have the ability to interact with a broad range of ligands such as proteins,
peptides, polysaccharides, lipids, DNA and RNA. Specificity profile of antibodies can
be schematized as a binding affinity landscape where ligands are mapped in a one or
two dimensional space and where the corresponding binding affinities characterize the
topography of the landscape.

We propose an approach to investigate the global specificity of a set of antibodies by
exploring a sub-region of their binding landscape where ligands are nucleic acids. Using
selection assays, we estimated the average affinity of antibodies for DNA ligands. We
asked whether we could measure different binding affinities to DNA ligands for antibodies
with different sequences. We answered the question in 2 steps. First we compared the
affinities between 2 groups of antibodies with different frameworks. Then we verified if

the differences we observed were systematic within each group.

2.2 How we estimated average binding affinities of antibod-
ies for the DN A library

2.2.1 Presentation of our minimalist system

The protein models we worked with are synthetic antibodies. They have been designed
and studied as part of previous work [Boyer et al., 2016][Schulz et al., 2021]. They are
composed of 2 regions: the framework that forms the scaffold of the antibody and the
CDRS3 region that is directly involved in the binding of the antibody to its target (Supp.
6.1.1). We studied 2 groups of synthetic antibodies: each group has a different framework.

23
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The first group is composed of 6 antibodies and is called “Germline”, the framework
comes from a human Germline(-reversed) antibody. The second group is composed of 5
antibodies and is called “Limited”, the framework comes from a human antibody that
has maturated against the HIV virus. Within each group, the antibodies share the same
framework but have different CDR3 regions. In each group, some CDR3 have been chosen
because they have the highest affinity (from their group) for a particular DNA ligand
(the corresponding antibodies are called “TOP”) and the other CDR3 have been chosen
because they have a lower affinity for the same ligand (the corresponding antibodies are
called “Random”).

We used 2 libraries of 32,768 DNA molecules (each) as ligands to measure the global
specificity of the synthetic antibodies (Supp. 6.1.2). The DNA molecules are single-
stranded and have a stem-loop 3D structure. They share the same sequence in the stem
region but have different sequences in the loop region (their structure is similar to ligands
used to select antibodies in [Boyer et al., 2016] and [Schulz et al., 2021] but their loops

are randomized).

2.2.2 Presentation of the selection experiments

We had two approaches to study the binding affinity of synthetic antibodies: We used
the SELEX approach to have a qualitative measurement of the average affinity of each
antibody for one of the DNA ligand libraries, and we used the ELISA approach to have a

quantitative measurement of affinities between each antibody and few DNA ligands.

1- SELEX approach:
We used SELEX [Jolma et al., 2010] to estimate average binding affinity of each synthetic
antibody for a population of thousands of DNA molecules. During SELEX experiments,
multiple copies of the synthetic antibody are immobilized on a solid surface and the DNA
library is exposed to the antibody for 1 hour. After 1 hour, the DNA molecules that didn’t
interact with the antibody are washed out and the DNA molecules in complex with the
antibody are collected (Supp. 6.2.3, we performed a single round of selection). We then
estimated the concentration of recovered DNA molecules using an electrophoresis gel to

generate a binding score for each synthetic antibody (Supp. 6.3.1).

2- ELISA approach:
We used ELISA to measure the dissociation constant (i.e. affinity) of synthetic antibodies
for few DNA molecules, separately. During ELISA experiment, we fixed the concentration
of the DNA molecules, varied the concentration of the antibodies and measured the con-
centration of the antibody-DNA complex at equilibrium for each condition (Supp. 6.2.2).
As a result we obtained a binding curve from which we could directly measure the disso-

ciation constants of the complex and generate a binding score (Supp. 6.3.2).
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For both approaches, high binding scores suggest that antibodies have high affinities
for the DNA library and thus can interact with DNA ligands.

2.3 Results

2.3.1 Comparison of binding affinities between 2 groups of antibodies

We compared the binding affinities of Germline and Limited antibodies. If the two groups
have similar binding affinities, we expect them to have similar binding scores for the DNA

library.

We first used SELEX to calculate the binding scores of 1 TOP antibody in each group.
For each antibody, we did 4 selection experiments where we varied the experimental condi-
tions (we tested 2 different DNA libraries, and 2 different concentrations for each library).
Thus we obtained 4 binding scores for the antibody coming from the Germline group,
and 4 binding scores for the antibody coming from the Limited group (Fig. 2.1A). The
results show binding scores that are higher for the Germline antibody than for the Limited
antibody in average. If we look at each specific condition separately (matching symbols
correspond to the same experimental conditions), the Germline antibody has systemati-

cally a higher binding score than the Limited antibody.

Then we used ELISA to calculate the binding scores of 3 TOP Limited and 3 TOP
Germline antibodies for 1 to 3 DNA molecules (Fig. 2.1B). We used the same protocol to
measure all the affinity values but we couldn’t accurately measure the dissociation con-
stant of the Limited antibodies ( their affinity are too low for these DNA molecules so we
didn’t manage to obtain their full binding curves). Each unsuccessful measurement of K,
is displayed below the “detection threshold” line. The binding scores are systematically

higher for Germline antibodies than for Limited antibodies.

Conclusion:

e SELEX and ELISA experiments show that the TOP Germline antibodies
have a higher average affinity for the DNA ligand library than the TOP

Limited antibodies we tested.

Discussion:

e We compared Germline and Limited antibodies that were the best binders from

their respective group, for a given DNA ligand. We systematically observed a higher
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Figure 2.1: Germline and Limited antibodies have different average affinities
for DNA ligands A. The Germline antibody has a higher average affinity for the DNA
ligand library than the Limited antibody, independently of the experimental conditions.
The binding scores represent the amount of DNA ligand library collected at the end of the
selection experiment (measured with SELEX). The average affinity of 1 Limited (LBT1)
and 1 Germline (GBT2) antibody are compared for 4 different selection protocols (DNA
libraries with 2 different constant regions and 2 DNA library concentrations). Matching
symbols correspond to the same experimental protocols. B. 3 Germline antibodies (GNT4,
GNT3, GBT3) have higher affinities for the tested DNA ligands than 3 Limited antibodies
(LNT3, LNT4, LBT1). The binding scores have been calculated with the dissociation con-
stants measured by ELISA. The binding scores below the detection threshold correspond
to affinities that could not be measured experimentally because they are too low.

average affinity for the Germline antibodies. These results suggest that the frame-
work of the synthetic antibodies control the maximal average affinity they can reach
for the DNA library. The Germline framework allows antibodies to have a higher
average affinity for DNA than Limited framework. One explanation could be that
maturation against HIV has reduced the selection potential of Limited framework

based antibodies.

e The different average affinites between Germline and Limited antibodies for DNA
ligands suggest that these antibodies have different global specificities that are con-

trolled by their framework.

2.3.2 Are the differences that we have seen systematic within each group
of antibodies?

We previously studied the effect of the frameworks of TOP synthetic antibodies on their
affinities for DNA ligands. Now we want to study the effect of the CDR3 regions of both
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TOP and Random antibodies. If the CDR3 region has no impact on the binding affini-
ties, we expect all of the antibodies (TOP and Random) that share the same framework

(Germline or Limited) to have similar binding scores.

We first used the SELEX technique to calculate the binding scores of antibodies with
the same framework but different CDR3 regions (TOP and Random). We did the same
analysis for both groups, Germline and Limited and we tested 2 different DNA libraries
in parallel (DNA library 1 & 2). The results are presented in (Fig. 2.2). For each exper-
imental condition we observe the same result: the binding scores of the TOP antibodies

are higher in average than the binding scores of the Random antibodies.

Germline Limited
4.0 4.0
X
3.51 X 3.51
3.0 s 3.0 X
DNA library 1 =5 g 251 L
2.0 2.0
b' d' 1.59 X 0 1.5 x
inding $
score 1.0 1.0
(ratio 4.0 4.0 <
gel intensity) 55| 3.5
x X
3.0 3.01
DNA library 2 s ? 251
X X X
2.09 ;( x 2.0 )’(
159 154
1.0 1.0

x Random antibodies
x TOP antibodies

Figure 2.2: Antibodies with different CDR3 sequences have different average
affinities for DN A ligands. On average, TOP antibodies have a higher affinity for the
DNA ligand library than Random antibodies. Crosses represent the individual binding
scores and dots the averages. We grouped CDR3 corresponding to TOP antibodies (black
crosses) and CDR3 corresponding to Random antibodies (green crosses). The binding
scores represent the amount of DNA library collected at the end of the selection experiment
(measured with SELEX). We didn’t systematically test all of the antibodies against both
DNA libraries, which explains the variable number of Germline and Limited antibodies in
the different plots.

Then we used ELISA to calculate the binding score of 5 different Germline antibodies
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(that have different CDR3 sequences) for 1 to 6 DNA molecules. The results are presented
in Fig. 2.3. When the affinities were too low to be experimentally measured, we displayed
the binding scores below the detection threshold. We can see that TOP antibodies have

systematically a higher binding score than Random antibodies.

10°

10—1<
. . L4 L 3
binding 192/
score
(1/Kg, nM7)

10—3<

detection threshold
GR1 GR2 GNT3 GBT3  GNT4

Figure 2.3: Antibodies with different CDR3 sequences have different affinities
for the tested DNA ligands. TOP antibodies (GNT3, GBT3, GNT4) have higher
affinities for the tested DNA ligands than Random antibodies (GR1, GR2). The binding
scores have been calculated with the dissociation constants measured by ELISA. We mea-
sured the affinities of 5 antibodies for 1 to 6 different DNA ligands. The 6 DNA molecules
are composed of 3 different DNA loops (i.e. DNA ligands) with 2 different constant regions
for each loop. We used the same experimental conditions to measure the affinities of both
TOP and Random Germline antibodies but we couldn’t measure the dissociation constant
of Random antibodies (their affinity for DNA ligands are too low).

Conclusion:

e SELEX and ELISA experiments show that antibodies with different CDR3

sequences have different average affinities for the DNNA ligand library.

2.4 Summary

e We measured different average affinities between the 2 groups of antibodies (Germline
& Limited).
— On average, Germline antibodies have a higher affinity for DNA ligands than

Limited antibodies.

e The average affinity is not systematic among antibodies that share the same frame-

work.
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547 — TOP antibodies have a higher average affinity for DNA ligands than Random

548 antibodies.

0 2.5 Discussion

550 e Our results suggest that binding affinities of antibodies are controlled by both the
551 framework and the CDR3 sequences on 2 different levels:

552 — The framework controls the dynamic range of antibody affinity for DNA ligands
553 * The comparison of TOP antibodies with Germline and Limited frame-
554 works shows a higher average affinity for Germline antibodies than for
555 Limited antibodies.

556 x This observation is consistent with the fact that natural Germline anti-
557 bodies must recognize a broad range of potential targets whereas Limited
558 affinity maturated antibodies are specialized in the binding of a particular
550 biological target.

560 — The CDRA3 region controls the affinity of the antibody within the dynamic range
561 fixed by the framework

562 e For each antibody, we estimated the average of the affinity distribution for the DNA
563 ligand library. It would be more informative to have access to the full distribution of
564 affinities (because different affinity distributions can have the same average), using

565 the calibration assay presented in chapter 4.
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Chapter 3

Measuring the sequence diversity
of DNA ligands selected by

antibodies

3.1 Context & Problem

In chapter 2, we defined the global specificity of antibodies as their ability to bind very
different ligands. Using the binding landscape analogy, we presented the global specificity
as the long-range ruggedness of their binding landscape. In this chapter, we study the
local specificity of antibodies, i.e. their ability to discriminate between ligands that are
similar to each other. We can describe local specificity as the short-range ruggedness of
their binding landscape.

We propose an approach to investigate the local specificity of antibodies by testing their
ability to discriminate between sequences of DNA ligands (dubbed “DNA sequences”). We
used the same library that was employed in chapter 3 to study global specificity, combined
with a high-throughput selection assay. We asked whether different types of antibodies
have the same ability to discriminate DNA sequences. We answered the question in 3 steps.
First we verified if synthetic antibodies are able to discriminate DNA sequences. Then we
compared the selected DNA sequences for antibodies sharing the same framework. And
finally we compared the selected DNA sequences for antibodies with different frameworks.
Measuring the ability of antibodies to discriminate molecules that are similar to each
other in the fitness landscape is a first step in understanding the local specificity of these

antibodies.

31
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3.2 How we analyzed the sequences of the selected DNA
ligands

3.2.1 Presentation of our minimalist system

In this section, we studied 4 Germline and 4 Limited antibodies. In each group, half are
TOP antibodies and half are Random antibodies. We used 2 libraries of 32,768 DNA
molecules (DNA library 1&2, Supp. 6.1.2) to measure the local specificity of these anti-
bodies.

3.2.2 Analysis of the deep-sequencing data in 3 steps

We selected both DNA ligand libraries against the 4 synthetic antibodies using SELEX
(Supp. 6.2.3, we performed a single round of selection). During SELEX, we exposed a
DNA ligand library to one antibody and identified the DNA sequences that interacted
the most with the latter using deep-sequencing. Deep-sequencing is used to measure the
number of occurrences of each DNA ligand before and after its selection. The selected and
non-selected DNA libraries are prepared for deep-sequencing with 2 successive PCR reac-
tions during which the DNA ligands are amplified and extended with extra nucleotides.
The goals of these extra nucleotides are to link each DNA molecule to the selection exper-
iment it comes from and to allow its deep-sequencing (for more detail, see protocol 6.2.4).

We performed the analysis of deep-sequencing data in 3 successive steps:

Stepl: Comparison of the copy number of each DNA sequence after and
before its selection
The principle is to compare affinities of DNA sequences for the antibody by looking at
their copy number after and before their selection. DNA sequences that have a high affin-
ity for the antibody are significantly more present after than before the selection in the
deep-sequencing data, while DNA sequences with a low affinity for the antibody are as
much present after than before the selection. We typically observe 2 modes in the results
of a selection experiment (Fig. 3.1): The first mode is composed of DNA sequences that
have the highest affinities for the antibody. They are located above the diagonal (we call
them outliers). The second mode is composed of DNA sequences with lower affinities
for the antibody. They are located around the diagonal (we call them bulk sequences).
The copy numbers of the outliers after their selection are principally controlled by their
affinity for the antibody while the copy numbers of the sequences in the bulk are a mix of
selection and experimental noise (for more details, see Supp. 6.3.3) (the study of affinities
of sequences from the bulk requires a more sophisticated analysis to extract the selection
signal). In order to correct the bias due to the non-uniform representation of of each DNA
sequence in the initial library, we calculate the enrichment value for each sequence (see
below).
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Step2: Measurement of enrichments
We quantified the selection of each sequence by measuring its enrichment during selection.
The enrichment of a sequence is calculated as the ratio between its number of copies after
and before the selection (in this study, we systematically normalized the enrichments so
their sum equal 1). We only measured enrichments for copy numbers >10 because smaller
copy numbers are not representative of the frequency of the sequences in the total popu-

lation (they are dominated by experimental noise, Supp. 6.3.3).

Step3: Sequence logo
We evaluated the diversity of the nucleotides present in the most selected DNA sequences
using sequence logos (Supp. 6.11). Sequence logos are commonly used to analyze the
diversity of a pool of sequences by representing the information content of each position
along the DNA sequence. The information content of a position is maximal when all the

sequences of the pool have the same nucleotide at this position.

3.3 Results

3.3.1 Can antibodies discriminate DNA sequences ?

We first asked if synthetic antibodies discriminate DNA sequences. If they do, we would
expect to observe sequences that are significantly more present after than before the se-
lection in the deep-sequencing data. We asked this question for the TOP (CDR3 region
with a high affinity for a particular DNA sequence) and the Random (CDR3 region with

a low affinity for the same DNA sequence) antibodies, separately.

1- Can TOP antibodies discriminate DN A sequences 7

We selected a DNA library against one TOP Germline and one TOP Limited anti-
body. For each selection experiment, we compared the number of copies of the sequences
after and before their selection (Fig. 3.1). We observe outliers in both selection experi-
ments. In order to test if the results we observe are significant, we replicated the selection
experiments and compared the enrichments between replicates (Fig. 6.9). The highest
enrichments are reproducible from one replicate to another (we also compared the enrich-
ments between selection and control experiments for each antibody in Supp. 6.4.2 and we
showed that the outliers where specifically selected by antibodies). These results confirm

that both antibodies discriminate DNA sequences.

2- Can Random antibodies discriminate DN A sequences ?

We then tested the ability of one Random Germline and one Random Limited anti-

body to discriminate DNA sequences. The results are presented in (Fig. 3.2). We don’t
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Figure 3.1: Synthetic antibodies discriminate DNA sequences during SELEX
experiment. Each dot corresponds to a DNA sequence. The number of copies before
selection are indicated on the x axis and the number of copies after selection are indicated
on the y axis. The selection is specific when the number of copies after the selection is
significantly higher than the number of copies before the selection. A. We selected a DNA
library against one Limited antibody (LBT1). B. We selected a DNA library against one
Germline antibody (GNT3). We observe 2 modes in both graphs: (1) One mode where
the copy numbers before and after the selection are similar, this mode is dominated by
non-specific binding (2) One mode where the copy numbers are significantly higher after
than before the selection. This mode is dominated by specific binding.

observe sequences that are significantly enriched in neither of the 2 selection experiments.

Conclusion:

e The analysis of 2 Germline and 2 Limited antibodies shows that TOP
antibodies discriminate DNA sequences (that have the same stem but
different DN A sequences in their loop) while Random antibodies do not,

under the same experimental conditions.

3.3.2 Within each group, do different antibodies select the same DNA

sequences 7

Before asking whether Limited and Germline antibodies select the same or different DNA
sequences, we first need to ask whether Limited antibodies with different CDR3 regions
select the same sequences or not, and conversely for Germline. If different antibodies select
the same DNA sequences, we expect a correlation between the measured enrichments for

these sequences.
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Figure 3.2: Randomly chosen synthetic antibodies discriminate less DNA lig-
ands than antibodies previously selected against one DN A sequence, under the
same experimental conditions. A. We selected a DNA library against one Random
Limited antibody. B. We selected a DNA library against one Random Germline antibody.
We don’t observe DNA sequences that have been significantly enriched in neither of the 2
selection experiments.

678

679 We compared the enrichments of 2 TOP Germline and 2 TOP Limited antibodies,
60 the results are presented in (Fig. 3.3 ). When comparing the 2 Germline antibodies, we
681 Observe a correlation between the most enriched DNA sequences. That means that the
sz same DNA sequences are selected by both Germline antibodies (We tested 3 other TOP
63 Germline antibodies, the few most enriched sequences were the same as the one enriched
4 in Fig. 3.3 (data not shown)). On the contrary, the 2 Limited antibodies select different
ess sequences (We tested a 3rd Limited antibody that selected DNA sequences different from
ess the ones in Fig. 3.3B (data not shown)).

687

688 Conclusion:

689 o The study of 2 TOP Germline and 2 TOP Limited antibodies show that

600 antibodies with Germline framework select the same DNA sequences
691 while antibodies with Limited framework selected different DN A sequences.
692 Discussion:

693 e The results suggest that the framework of the synthetic antibodies has an impact
694 on the role of the CDR3 region during selection

695 e We limited our study to few antibodies. For each framework, we would need to
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Figure 3.3: Germline antibodies select the same DNA sequences while Limited
antibodies select different DNA sequences. A. We compare enrichments between 2
Germline antibodies (GNT3 and GBT3). The highest enrichments are correlated for both
antibodies, thus these Germline antibodies select the same DNA sequences. B. We compare
enrichments between 2 Limited antibodies (LBT1 and LNT4). The highest enrichments
are not correlated between both antibodies, thus these Limited antibodies select different
DNA sequences.

test more CDR3 regions, that are more or less different from each other, in order to
conclude on the role of the framework and CDR3 regions in the binding to the DNA

sequence.

3.3.3 To what extent does the constant region of DN A molecules impact
the selection of the loop region ?

The results encountered so far have been obtained with DNA libraries with different con-
stant regions (DNA library 1&2, Supp. 6.2). We presented the selection of the DNA library
2 by the Limited antibodies and the selection of the DNA library 1 by the Germline anti-
bodies. The next question we can ask is to what extent does the constant region impact
the selection of the loop 7 If the constant region of the DNA molecules has no impact
during selection, we expect the antibodies to select the same loops independently of DNA

molecules’ constant region.

To answer this question, we replicated the selection experiment for TOP Limited an-
tibodies (LBT1 & LNT4) but we changed the constant region of the DNA library. The
results are presented in (Fig. 3.4). In the left plot are compared the enrichments of DNA

loops from library 2 for two Limited antibodies (The most selected DNA sequences are
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highlighted for each antibody with 2 different colors). In the right plot are compared the
enrichments of DNA loops from library 1 for the same antibodies (the same sequences are
highlighted with the same color-code in plots A and B). The same loops are selected with
both constant regions, but the enrichment values are higher for the DNA library 2.

DNA DNA
A Iibrary 2 #sequences B library 1 #sequences
-15 .
L) e LBT1 e LBT1
-2.0 e LNT4 e INT4
° -35
3 ° s -t ="
-3.0 . -4.0 : g
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g10 o Y el g
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Figure 3.4: 2 Limited antibodies select DN A loops independently of the constant
region of the DNA library. For both Limited antibodies (LBT1 and LNT4), the most
enriched DNA loops in the library 2 (marked in red for LBT1 and in black for LNT4)
(figure A) are also the most enriched in the library 1 (figure B). The dataset used in figure
A is the same as in figure 3.3 B.

Conclusion:

e As far as Limited antibodies are concerned, the constant region of DNA

molecules has a small impact on the enrichment of the DNA loops.

Discussion:

o We studied the impact of the constant region of DNA molecules on the selection of
the DNA loops by Germline antibodies as well (Supp. 6.6). Regarding Germline
antibodies, the constant region of DNA molecules has a non-negligible impact on
the selection of the loop (this observation does not change the previous conclusions:
Germline antibodies select the same DNA sequences while Limited antibodies select
different DNA sequences).

e For Germline antibodies, we observe the strongest selection signal with the DNA

library 1. For Limited antibodies, we observe the strongest selection signal with the
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DNA library 2. Consequently, for the rest of this chapter, we study the selection of
the DNA library 1 by Germline antibodies, and the selection of the DNA library 2
by Limited antibodies.

3.3.4 Does the antibody framework impact the sequence diversity of the
selected DN A molecules ?

We compared the diversity of DNA sequences selected by Germline and Limited antibodies.
We studied the selected sequences with 2 levels of resolution: we first studied the selection
of the entire sequence of the loop (7 nucleotides) then we studied the selection of shorter

sequences, i.e. DNA motifs, inside the loop (less than 7 nucleotides).

3.3.4.1 Resolution = DNA loop

We first analyzed the selection of the entire loop by Germline and Limited antibodies. In
order to evaluate the diversity of the selected sequences, we generated the sequence logo of
the outliers for 2 TOP Germline and 2 TOP Limited antibodies. The results are presented
in (Fig. 3.5). The qualitative comparison of the sequence logos shows that the most se-
lected sequences are different between the 2 Limited antibodies and similar between the
2 Germline antibodies. The quantitative comparison of the sequence logo shows that the
average information content of the selected nucleotides is higher for the Limited antibodies
than for the Germline antibodies. Thus, each Limited antibody selects DNA ligands with
similar sequences while each Germline antibody selects DNA ligands with more diverse

sequences.

Conclusion:

e The framework of the antibodies we tested impacts the diversity of the

selected DN A sequences

e The sequence diversity of the selected DNA loops is smaller for the 2

Limited antibodies than for the 2 Germline antibodies.

Discussion:

o We generated new sequence logo for GNT3 antibody using smaller numbers of DNA
sequences in order to verify if the different information contents we observed in
Fig. 3.5 are due to antibody binding specificity or sampling size (Supplementary
Fig. 6.11). We obtain similar sequence logos independently of the number of DNA

sequences we include in the analysis (for GNT3).

e Because we limited this analysis to the outliers for each selection experiment, we were
reduced to the analysis of a sub-sample of DNA sequences (between 9 and 150 out

of the 32,768 present in the library). We could redo the same selection experiments
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LBT1 (N=52) LNT4 (N=9)
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Figure 3.5: Limited antibodies select DNA ligands with similar sequences (high
information content) while Germline antibodies select DNA ligands with differ-
ent sequences (low information content). Here we present the 9 nucleotides forming
the loop (including the first (position 0) and last (position 8) nucleotides that close the
loop). We represented the sequence logo of the most enriched loops for 2 Germline (GNT3,
GBT3) and 2 Limited (LBT1, LNT4) antibodies. Each sequence logo has been generated
with different numbers of sequences (N) because we only considered the outliers in our
analysis (the outliers are dominated by specific binding).

with optimal experimental conditions to maximize the number of outliers for each

antibody

e The optimal experimental conditions that maximize the number of outliers can be

identified with a calibration experiment (Chapter 4)

e [t is likely that Germline antibodies select loop sequences that disorganize the stem-
loop structure of the DNA library 1. Most of the enriched DNA loops have a sequence
that matches a sub-region of the stem. These loop sequences can perturb the stem
loop folding of the DNA molecules and generate alternative 3D structures. The
selection of these particular DNA sequences has only been observed for Germline

antibodies.

3.3.4.2 Resolution = DNA motifs inside the loop

We previously analyzed the selection of the entire loop by antibodies. The sequence logos
in Fig. 3.5 showed conserved nucleotides at consecutive positions which suggests the se-

lection of DNA motifs inside the loop.



782

783

784

785

786

787

788

789

790

791

792

793

794

796

797

798

799

40 CHAPTER 3. MEASURING SEQUENCE DIVERSITY

1) Do antibodies select DNA motifs ?

If an antibody selects specific DNA motifs, we expect to observe the same motifs mul-

tiple times in the most enriched sequences.

We did a simple test where we identified a potential DNA motif (“ATAT”) in the
sequence logo of a TOP Limited antibody (Fig. 3.5, LBT1) and we highlighted all the
DNA sequences that contain this motif (at the 4th position in the loop) in the Fig. 3.6.
Half of the most selected DNA sequences share this motif.

#sequences
5] ' NNNATAT
’ 10?2
41 4
logio(#copies) 31
(after selection)
2 4
10!
1 4
0+, .
0 1 4 5

logio(#copies)
(before selection)

Figure 3.6: Synthetic antibodies can select 4 nucleotides motifs inside the loop
of the DNA molecules. We highlighted in red all the sequences that share the same
motif “ATAT” at the fourth position in their loop. The DNA motif is present in half of
the outliers. The dataset used in this figure is the same as in figure 3.1 A.

Conclusion:

e The TOP Limited antibody (LBT1) selects DNA motifs inside the 7 nu-
cleotides loop of the DN A molecules.

Discussion:
e We observe DNA sequences containing this motif in the TOP region of the bulk.

e This observation suggests that despite the fact that the experimental noise is domi-

nant in the bulk (Supp. 6.3.3), the distribution of the sequences in this region also
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depends on their affinity for the antibody.

2) Can we include all the sequences (outliers and bulk) in the study of the selection of

motifs ?

The analysis of the selected DNA loops showed enrichments that were not reproducible
(between replicate experiments) for the smallest values (Fig. 6.9). We propose to analyse
the selection of DNA motifs inside the loops and see if we can obtain more reproducible
enrichments.

To do so, we compared the enrichment values between replicate experiments and we
used the same datasets for both analyses (first and second levels of resolution). The com-
parison of the enrichments with the first analysis (selection of loops) is presented in Fig.
3.7A and the comparison of the enrichments with the second analysis (selection of motifs)
is presented in Fig. 3.7B (For more details about the analysis of motifs, see Supp. 6.3.5,
here we analyzed the 4 nucleotides motifs located at the beginning of the loops). The
analysis of selected motifs gives more reproducible enrichment values (The coefficient of
determination that was used to assess the reproducibility of the measurements was in-

creased by almost one order of magnitude).

Conclusion:

e The “whole-loop” level of resolution limits our study to the outliers (they

are the only sequences with reproducible enrichments).

e The “motif” level of resolution allows us to include all the sequences

(outliers and bulk sequences) in our analysis.

Discussion:

e The reason why enrichments of motifs are more reproducible than enrichments of
loops can be explained by the fact that the enrichments of motifs correspond to the
average enrichments of more than 100 sequences containing these motifs in their
loop. Consequently, the sampling bias that was dominant in these sequences is av-

eraged out and we can partially extract the selection signal from these sequences.

3) Do all motif parameters carry information ?

In this section we call parameters the length of the motifs we study and their position
along the loop. We previously chose arbitrary parameters to study the selection of DNA
motifs. Here we ask if all parameters can be used to study the selection of DNA motifs

by synthetic antibodies: do the length of the motifs and their position on the loop matter
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Figure 3.7: The average enrichments of the motifs are more reproducible than
the individual enrichments of the DNA loops. We used the same datasets (DNA
library selected by LNT4, in 2 replicates) to compare 2 types of analysis A. We compared
the enrichments of individual DNA loops (1st level of resolution) between 2 replicate exper-
iments. The R? score indicates a low reproducibility between the 2 replicate experiments.
B. We compared the average enrichment of the 4 nucleotides DNA motifs (2nd level of
resolution) (located at the beginning of the loop) between replicate experiments. This
analysis allows a 7.8 folds increase of the R? score and thus increases the reproducibility
of the enrichments.

? We had two different criteria to estimate the quality of the parameters we chose:

1- The parameters must maximize the cross-validation score.

The principle of cross-validation is the following: we split the dataset (containing the en-
riched sequences) in 2, test the same analysis on both half of the dataset separately and
then compare the enrichments of each motif calculated in each sub-dataset. If we mea-
sure the same enrichments in both sub-datasets (equivalently, if the R? score associated
to the comparison of both dataset tends to 1), it means that the analysis can be used to
accurately describe the data (it will give the same results for replicate experiments). For
each set of parameters we tested, we systematically measured the corresponding cross-

validation score.

2- The parameters must minimize the correlation between the selection and
its control experiment.

The principle is to test the same analysis on both the selection experiment (where we
select a DNA library against one antibody) and its control experiment (where we select

the same DNA library against an empty plate). Then we compare the enrichments of each
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motif calculated for each experiment. If the enrichments are the same between the exper-
iments (equivalently, if the R? score associated to the comparison of both dataset tends
to 1), it means that the parameters we chose didn’t allow us to identify the motifs that
were specifically selected by the antibody. In this case we must change the parameters
and repeat the procedure until we observe DNA motifs that are specifically selected by the
antibody (and are not selected in the control experiment). For each set of parameters we
tested, we systematically compared the enrichments measured in the selection and control

experiments, in order to identify DNA motifs that are specifically selected by the antibody.

We do not present the systematic investigation of these parameters. We present in
(Fig. 3.8) 2 sets of parameters (length=3, position=1 & length=4, position=4): In the
first one, the parameters maximize the cross validation score but generate also a high
correlation between the selection experiment and its control. In the second one, we obtain

a smaller cross-validation score but a more specific signal of the selection by the antibody.

Conclusion:

e The choice of the length and position of the motifs in the loop is critical

to capture the specific selection of motifs by antibodies.

4) Can the same parameters be used to study the selection of motifs for different antibod-

ies (Germline and Limited)?

We previously showed that different antibodies can select different DNA loops (Fig.
3.5). Here we ask if these antibodies can also select different DNA motifs. We addressed
this question using a single set of parameters for all the antibodies (length=4 and posi-
tion=4). We analyzed the selected motifs of different Limited and Germline antibodies in
2 steps: first we compared the enrichments of the selected motifs, then we compared their
DNA sequences (for each antibody, we verified the cross validation score and the correla-
tion between selection and control experiments, as explained in the previous section, see

Supplementary Fig. 6.14 & Supplementary Fig 6.15).

The comparisons of the enrichments between Limited and between Germline antibod-
ies are presented in (Fig. 3.9). The results show that a unique set of parameters allows us
to identify specific motifs for each Limited antibody and common motifs for both Germline
antibodies (We observed the same trends when we compared the enrichment of the entire
loop (Fig. 3.3)). Note that despite the fact that both Germline antibodies tend to select
the same DNA motifs, we can see that the most selected motifs are not all the same for
both antibodies.

We then studied the diversity of the selected motifs using the sequence logo representa-
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Figure 3.8: The choice of the length and position of motifs inside the loops in
the second level of analysis is critical to measure specific binding. The TOP
plots (figA and B) show cross-validation results of average enrichments of DNA motifs (a
good cross-validation is characterized by a high R? score). The bottom plots (fig C and
D) show the comparison of enrichments between selection experiment (performed with an
antibody) and control experiment (performed without antibody). Specific selection signal
is characterized by orthogonal enrichments and low R? score. In the first column, we
consider motifs of 3 nucleotides located at the beginning of the loop. Despite the high
cross validation score (figA), we cannot clearly identify DNA motifs that are specifically
selected by the antibody (figC). In the second column, we consider motifs of 4 nucleotides
located at the end of the loop. The cross validation score is smaller (figB) but we can
identify DNA motifs specifically selected by the antibody (figD).

tion. We build a sequence logo of the 5 most selected DNA motifs (corresponding to more
than 500 selected DNA sequences) for each Limited and Germline antibodies. The data
are shown in (Fig. 3.10). For both Limited antibodies, we can notice the presence of the
motifs “ATAT” for LBT1 and “GACA” for LNT4 (they are also visible in the sequence
logo of the most enriched DNA loops, in Fig. 3.5 LBT1, LNT4). We observe similar
sequence logos for LNT4 and GBT3 antibodies. The average information content in each

sequence logo is similar for both the Limited and Germline antibodies.

Conclusion:
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Figure 3.9: Limited antibodies select different DN A motifs while Germline an-
tibodies select the same motifs, in average. We calculated the average enrichments
of 4 nucleotides motifs located at the end of the loop for 2 Limited (LNT4 and LBT1)
and 2 Germline (GNT3 and GBT3) antibodies. A. Comparison of enrichments between
the 2 Limited antibodies. Both antibodies selected different DNA motifs. The red cross
corresponds to the most selected DNA motif ’ATAT’ by LBT1, that we could already
observe in the sequence logo of the most selected loops (Fig. 3.5, LBT1). The blue cross
corresponds to the most selected DNA motif ‘GACA’ by LNT4, that we could already
observe in the sequence logo of the most selected loops in (Fig. 3.5, LNT4). Comparison
of enrichments between the 2 Germline antibodies. Both antibodies select the same DNA
motifs.

o The use of a unique set of parameters allows us to identify motifs that

are specifically selected by Germline and Limited antibodies.

Discussion:

e For each antibody, we can measure specific binding of DNA motifs with different set

of parameters.

e The next challenge would be to systematically and automatically look for the optimal

parameters for each antibody.

e We can test models where the position of the motifs is not fixed within the loop.

3.4 Summary

e The first level of analysis informs us that synthetic antibodies can discriminate DNA

loops of 7 nucleotides in a library of 32,768 DNA molecules.
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Figure 3.10: Sequence logo of the 5 most selected DNA motifs for 2 Germline
and 2 Limited antibodies

3.5

The second level of analysis informs us that synthetic antibodies recognize 4 nu-
cleotides DNA motifs inside the loops .

The constant region of DNA molecules has minimal impact on the selection of the

loop for Limited antibodies.

For the 4 tested antibodies, we observed that different Germline antibodies select
the same DNA loops while different Limited antibodies select different DNA loops.

The framework impacts the diversity of the selected DNA sequences.

The diversity of the selected DNA sequences is higher for Germline than for Limited

antibodies.

The second level of analysis based on the selection of DNA motifs allowed us to

extract selection information from sequences dominated by the sampling noise.

Discussion

The 2 groups of antibodies we tested select DNA sequences with different levels of

diversity

In order to verify if the differences we observed are systematic for all the antibodies
that share the same framework, we need to study more Germline and more Limited

antibodies.
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When using sequence logos to study the diversity of selected DNA sequences (at
the scale of the loop, or at the scale of the motif), we made the assumption that
each nucleotide contributes additively to the binding of the DNA molecule to the
antibody (we didn’t investigate the correlation between the different nucleotides in

the sequence).

With more time, we could test more sophisticated models that take into account the
inter-dependency of the positions in the loops (or in the motifs) by adding parameters

that describe the correlation between nucleotides that are far away in the sequence.

The measurement of the diversity of selected DNA sequences for different antibodies

informed us on their ability to discriminate between similar DNA ligands.

Based on these results, we can formulate hypotheses regarding the local specificity

of these antibodies for nucleic acids.

Despite the small number of antibodies we tested, we can make the hypothesis that

Limited antibodies have a higher local specificity than Germline antibodies.

Limited antibodies have small affinities for DNA ligands but discriminate with high

precision the DNA sequences.

Germline antibodies have high affinity for DNA ligands but discriminate with low

precision the DNA sequences.

Beyond these conclusions, we have set-up tools that can be in general applied to

compare binding specificity profiles.
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Chapter 4

High-throughput experimental

measurements of binding affinities

4.1 Introduction

4.1.1 Context & Problem

In previous chapters, we schematized the specificity profile of proteins as a binding affinity
landscape. We proposed a high-throughput selection assay to investigate the long-range
ruggedness of the landscape (or global specificity) by estimating the average affinity of
antibodies for DNA ligands (Chapter 2). We then investigated the short-range ruggedness
of the landscape (or local specificity) by measuring the sequence diversity of DNA ligands
recognized by the antibodies (Chapter 3). In these approaches, we used enrichments,
i.e. ratio of the number of copies of DNA ligands after and before their selection by the
antibody, as proxy of affinity (the highest enrichments correspond to the highest affinities).
However, the relationship between both measurements is not trivial. In order to rigorously
investigate the binding affinity landscape of antibodies, we need to systematically measure
affinities of antibody for DNA ligands.

Let us consider a simple reversible binding reaction where one ligand A meets one

target B to form a complex C:

k—
A+B = C (4.1)
k+
k+ is the association rate constant and k- the dissociation rate constant. One commonly
used definition of the affinity is the dissociation constant (K ;) with units of moles per liter

(the lower the values of Ky, the stronger the binding reaction).

k= _ [Aleg[Bleg

K = — =
47y [Cleq

(4.2)

The dissociation constant (Ky) is generally measured in the lab using equilibrium experi-

49
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ments. The principle is to measure the equilibrium concentration of the ligand A-targetB
complex over a range of concentrations of one of the reactants (ligand A or target B)
in order to build a binding curve from which we can infer the dissociation equilibrium
constant. The concentration of complexes are generally measured through chemical and

optical assays which allow the measurement of one dissociation constant at a time.

The general question of this chapter is the following: How to combine a high-throughput
selection assay with the quantitative measurement of affinities to obtain the binding affin-

ity profile of protein targets for a library of ligands, in a single experiment?

4.1.2 State of the art

Several high-throughput approaches have been designed to measure multiple dissocia-
tion constants in parallel (generally between a library of ligands and a target, except for
[Aditham et al., 2021] where they measured the dissociation constants of multiple lig-
ands for multiple targets in parallel). In [Aditham et al., 2021] the authors measured
the affinities of more than 1500 different transcription factor-DNA complexes by perform-
ing each binding experiments in separate environments using microfluidic protein arrays
(STAMMP). They used a microfluidic plateform and designed more than 1500 reaction
chambers in which the binding curves were separately monitored with fluorescence mea-
surements.

In [Adams et al., 2016], the authors used yeast display to study the interaction between a
library of recombinant antibodies (library of ligands) and an antigen (target) by building
thousands of binding curves in parallel. During yeast display, the library is expressed
on the surface of cells (each cell displays a single type of antibody, and each type of an-
tibody is present on multiple cells). The target is labeled with a fluorescent tag so the
stronger the affinity between the target and the antibody, the more fluorescent the cell will
be. After the incubation, the yeast with the highest fluorescent signal are collected and
deep-sequenced. This selection experiment has been repeated several times with different
concentrations of targets to build the binding curves. The yeast display approach has also
been used in [Kowalsky and Whitehead, 2016] to measure in a high-throughput fashion
the dissociation constant of dockerin protein domain (target) for a library of thousands of
cohesin domain mutants (library of ligands), in parallel.

In [McGeary et al., 2019], [Lambert et al., 2014] and [Dominguez et al., 2018], the
authors studied the binding of different proteins (targets) to RNA sequences (library of
ligands) using the RBNS approach. The RBNS is a combination of 2 techniques (SELEX
and Bind-n-Seq) that have been adapted to the study of RNA-proteins interaction and to
the generation of binding curves. Multiple binding experiment are performed in parallel
with various concentrations of the protein target. The reactants are exposed for one hour

and collected using a solid surface as nitrocellulose membrane, resin or magnetic beads.
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In these studies, the authors managed to significantly enhance the number of dissocia-
tion constants we can measure in the lab by performing more than 1500 affinity measure-
ments in a single experiment. In the studies where all the binding reactions happen in
the same mix (yeast display and RBNS), the procedure is always the same: the authors
fixed the concentration of the library of ligands and varied the concentration of the tar-
get. The reactants are free during the binding reaction, and the complexes are collected
by various means (sorting according to fluorescent signal or capture with solid surfaces).
The studies based on microfluidics require sophisticated experimental setup that are not
accessible to all the labs. Using microfluidics or FACS require extra steps of optimization
before they can capture the signal of interest. RBNS has been developed for the study of
RNA and thus contained sensitive steps like transcription to generate RNA ligands and
reverse transcription to deep-sequence RNA sequences. Each new approach has its own
sources of noise: In FACS based approaches, the binding model must take into account
the variable number of proteins of interest that are expressed on the surface of the yeasts
as wells as the autofluorescence of the cells that can interfere with the fluorescence of the
selection. In the RBNS experiments, the non-specific recovery of the free molecules must
be included in the binding model to obtain a more accurate description of experimental
data.

4.1.3 Our approach

In this project, we designed a calibration experiment that is a cheap, easy to set-up and
high throughput approach to measure multiple Ky in parallel between a library of DNA
ligands and a target protein. We re-purposed SELEX (Systematic evolution of ligands
by exponential enrichment) which is a high-throughput binding assay used to identify the
DNA ligands with the highest affinities for a protein of interest. The output of this assay
are deep-sequencing data (the sequence of several millions of DNA molecules are read
among those present in the output of the assay) that contain the sequences of the DNA
ligands that interacted the most with the protein. While SELEX is generally used to
qualitatively identify the best DNA binders for a protein of interest with little knowledge
about the fundamental drivers and the crucial parameters of this experiment, we propose
to adapt the protocol of SELEX to the problem of measuring dissociation equilibrium
constant by performing multiple SELEX experiments over a range of concentrations of
one of the reactants. From deep-sequencing data, we measure the number of copies of
DNA ligands after and before their selection in order to calculate their enrichments (the
enrichments are normalized so their sum equal 1) for each tested concentration, then we

build their individual binding curves from which the dissociation constant can be inferred.

In this chapter we propose to: (1) perform the calibration experiment and build the
binding curves of 1 target protein for 218 DNA ligands in parallel, (2) identify the factors

that link the experimental measurements of enrichments to affinities and (3) explore the
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experimental parameters that maximize the resolution of the calibration experiment.

Our goal is to propose an experimental setup that measures quickly and with little
material the affinity profile of a synthetic antibody for a library of single-stranded DNA
ligands. The long term goal is to apply this technique to several synthetic antibodies in

order to quantitatively compare their binding profiles for this DNA library.

4.2 Presentation of the calibration experiment

4.2.1 Our ligand-target system

The target model used in this section is a synthetic antibody (“GNT3”) designed and
studied as part of previous works [Boyer et al., 2016] [Schulz et al., 2021]. The syn-
thetic antibody is a recombinant human heavy chain that consists in a 100 amino-acids
sequence acting as a scaffold (the sequence comes from a Germline(-reversed) antibody),
and a CDR3 sequence of 4 amino-acids (R, T, K and H) acting as a binding site (Fig. 1.3).

The ligand model is a single-stranded DNA molecule with a stem-loop structure (Fig.
6.2). We designed a library of 218 different DNA ligands that have the same stem but
different loop sequences. This minimalist DNA library was used for the proof of concept

of our calibration experiment.

4.2.2 The calibration experiment is a high-throughput technique to mea-
sure the K, of a protein for 218 ligands in parallel

The goal of this high-throughput calibration experiment is to generate binding curves of

218 DNA ligands in parallel. The procedure is the following:

stepl : Selection experiments

The calibration assay consists in 7 SELEX experiments that are performed in parallel, in
separate wells. Different concentrations of the DNA library (0.1pM, 1pM, 10pM, 100pM,
1nM, 10nM, 100nM and 1uM) are added to the same quantity of immobilized antibody
(12.5 pmol). The DNA and antibodies are incubated together for one hour, and the free
DNA molecules are removed with multiple washing steps. The DNA molecules in complex
with the antibody are detached and collected for the next step (Supp. 6.2.3).

step2 : Deep-sequencing

Deep-sequencing is used to measure the number of occurrences of each DNA ligand before
and after its selection. The selected and non-selected DNA libraries are prepared for deep-
sequencing with 2 successive PCR reactions during which the DNA ligands are amplified

and extended with extra nucleotides. The goals of these extra nucleotides are to link each
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DNA library
(10°< N < 10%)
1

Ml e secion WL q

deep-sequencing deep-sequencing

SBP

antibody

Figure 4.1: The high-throughput calibration assay is based on SELEX approach.
(The calibration assay is composed of 7 SELEX experiments performed in parallel with
the same concentration of antibody but different concentrations of DNA library). For
each SELEX experiment, a DNA library (whose diversity can reach 10* DNA ligands) is
selected against a synthetic antibody immobilized on a solid surface. After one hour of
incubation, DNA ligands with the lowest affinities are washed away and DNA ligands with
the highest affinites are collected and deep-sequenced to be identified and quantified.

DNA molecule to the selection experiment it comes from and to allow its deep-sequencing

(for more detail, see protocol 6.2.4).

step3 : Enrichments and binding curves

We calculated the enrichment of each DNA ligand as the ratio between its number of
copies after and before its selection against the antibody (we systematically normalized
the enrichment values so their sum equal 1). Here we assess that all the calculated en-
richments are representative of the affinities between the DNA ligands and the antibody
(i.e. the enrichment values are positively correlated with affinities). This assumption has
limitations: DNA ligands with small copy numbers are particularly exposed to experi-
mental biases such as sampling! (Supp. 6.3.3). As a result, enrichment calculated with
small copy numbers does not reflect the affinity of the DNA ligand for the antibody. In
this section, we assumed that this experimental bias was negligible and we plotted the
enrichment of each DNA ligand according to the DNA library concentrations that were

used during selection to build the 218 binding curves.

'The sampling is the sudden reduction of the number of DNA ligands during the calibration experiment.
The most critical sampling steps are the following: (1) during selection, a limited number of DNA ligands
can interact with the antibodies and (2) for deep-sequencing, we only collect a small fraction of the total
DNA ligand population. During these sampling steps, the small copy numbers are more sensitive to
variability and consequently do not reflect the frequency of the DNA ligands in the total population.
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To sum-up, we used 7 wells to obtain 218 binding curves in a single calibration exper-
iment. From these binding curves, we proposed 2 approaches to measure the dissociation

constants in this chapter.

4.2.3 ELISA is used as a low-throughput technique to measure the K
of a protein for one ligand at a time

From the library presented above, we took 3 DNA ligands and measured their affinity for
the antibody (GNT3) with another approach (ELISA) in order to compare these results
with the data obtained with the high-throughput calibration assay. ELISA assay described

below allows the measurement of one binding curve at a time:

stepl : Selection experiments

The calibration procedure consists in 8 binding experiments that are performed in paral-
lel, in separate wells. Different concentrations of antibodies (one single antibody is used,
in multiple copies) are added to the same quantity of immobilized DNA molecules (one
single DNA sequence is used, in multiple copies). The DNA molecules and antibodies
are incubated together for one hour, and the free antibodies are removed with multiple
washing steps. The antibodies in complex with the DNA molecules are quantified in the

next sep (Supp. 6.2.2).

step2 : Quantification of the formed complex and binding curve

The concentration of formed complexes at equilibrium is indirectly measured via the
ELISA colorimetric assay (The absorbance measured in each well is positively correlated
with the concentration of formed complexes). We plotted the measured absorbance ac-
cording to the antibody concentration that was used during the selection to build the
binding curve. From the binding curve, we inferred the dissociation constant (The proce-

dure is explained in Supp. 6.2.2).

To sum-up, we used a total of 24 wells to obtain 3 binding curves. We directly inferred

the dissociation constant from each binding curve using a Hill function.

4.3 Results
4.3.1 Our calibration experiment allows us to generate 218 binding

curves at the same time

4.3.1.1 This experimental setup provides a high-throughput access to enrich-

ment values

We selected the 218 DNA ligands of the minimalist library against the synthetic antibody

and measured their binding curves using the calibration experiment presented above. The
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results are shown in Fig. 4.2. We can observe 3 regimes of DNA concentration. The first
and third regimes, corresponding respectively to DNA concentrations smaller or larger
than 10?nM, show enrichment values of antibody-DNA complexes that are closer to each
other. The second regime, corresponding to the DNA concentrations around 10%nM, cor-
responds to the regime where the enrichments are the most different from each other (the
ranking between the enrichment values is the most conserved among DNA concentrations

ranging from 10! to 10°nM ,supplementary Fig. 6.16).

0.016
0.014 -
0.012 -
0.0101
enrichment
0.008
0.006

0.004 -

0.002 -

10-> 102 10!  10° 10! 102 103
[DNATJtotal (NM)

Figure 4.2: 218 binding curves are obtained in a single high-throughput cali-
bration assay. The enrichments of 218 DNA ligands have been measured for 7 selection
experiments with DNA concentrations ranging from 1072 to 10® nM. We can identify 3
regimes of DNA concentration: the first regime with [DNA]< 10*nM, the second regime
with [DNA]~ 10?°nM and the third regime with [DNA]> 10*nM. The dynamic range of
the enrichment values it the highest in the second regime.

Conclusion:

e The high-throughput calibration assay allowed us to measure 218 binding

curves at the same time.

e There is an optimal DNA concentration that maximizes the discrimina-

tion of the DNA ligands during selection.
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4.3.1.2 The comparison of the high-throughput calibration and ELISA data

shows a linear relationship

To verify that the enrichments we measured are linked to the affinity of the DNA ligands
for the antibody, we compared the high-throughput calibration data (for [DNA]=10?nM)
with ELISA data for 3 DNA ligands. We compared the binding energies with the logarithm
of the enrichments in Fig. 4.3. We observe a linear relationship between the calibration
experiment and ELISA data (the lowest binding energy correspond to the most enriched
DNA ligand).

-5.25

o RZ2 = 0.998
—-5.301 slope = -0.437
—5.351
—5.40

log(enrichment) —s5.45-
—5.501
~5.55 1

—5.60 1
°

3.6 3.7 3.8 3.9 4.0 41 42 43
binding free energies (kgT)

Figure 4.3: Comparison of calibration and ELISA data for 3 DNA ligands. We ob-
serve a linear relationship between the logarithm of the enrichments measured with calibra-
tion and the binding energies indirectly measured with ELISA. The binding free energies
are estimated from the experimental dissociation constants by the equation: AG; = InK}
with AG; the binding free energy of the complex DN A;-antibody expressed in units of
kpT and K fl the dissociation constant of the complex DN A;-antibody measured by ELISA.
The sequences of the 3 DNA ligands have been picked randomly.

Conclusion:

o The ranking of the selected DNA ligands are related to their affinity for
the antibody.

o There is a linear relationship between the log of the enrichments and the
binding energies for the 3 datapoints we tested (with [DNA]=10°nM).

Discussion:

e The correlation we observe for the 3 datapoints is reinforced by the fact that the 2

experimental setups we compared are very different from each other: the antibody
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is immobilized and its concentration is fixed during the high-throughput calibration

while the antibody is free and its concentration varies during ELISA.

e We can predict a linear relationship between the log of the enrichments and the
binding energies for the ligands that are between the two extreme data-points that
we picked for the ELISA.

e In order to verify the robustness of the linearity, we could compare the binding

energies and enrichments of more DNA ligands.

e High-throughput selection experiments are commonly used to study binding proper-
ties of proteins based on enrichment data without systematically measuring affinities
[Fowler et al., 2010] [Jolma et al., 2013].

e Linearity assumption is validated under the condition that the dynamic range of the
studied K4 does not exceed 10 [Kowalsky and Whitehead, 2016]. This condition is
rarely verified in studies working with selection experiments, and thus the building

of binding curves is necessary to accurately measure affinities.

4.3.1.3 A combined use of SELEX and ELISA can provide access to affinity

distributions under linear conditions

We used the enrichment values (for [DNA]=10*nM) to deduce the binding energies of
the 218 DNA ligands based on the linear relationship we observed for the 3 tested DNA
ligands in the previous section. The distribution of the binding energies is presented in
Fig. 4.4. The 2 dashed lines correspond to the binding energies of the tested DNA ligands
(we represented the 2 most different binding energies, the ligands located between these
values represent 52% of the DNA library). The binding energies between these limits have
been interpolated and thus should be more trusted than the binding energies outside these
limits that have been extrapolated. We need more measurements of binding energies to

verify if the extrapolated values are correct.

Conclusion:

e Under linear condition, we can deduce binding energies by combining
high-throughput calibration and ELISA data.

Discussion:

e The assumption of a linear relationship between the calibration experiment and the
ELISA data has limitations.

e The long-term goal of our approach is to compare antibodies with different binding

profiles, and thus Ky that can be very different for the same ligands. Consequently,
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Figure 4.4: Distribution of the binding energies of the DNA library deduced
from the linear relationship between calibration and ELISA data. The vertical
dashed lines correspond to binding energies of the 2 (most different) datapoints we tested.
The linear relationship between calibration and ELISA data allowed us to interpolate
(deduce energies between the tested datapoints) and extrapolate (deduce energies outside
the tested datapoints) the 218 binding energies using their enrichment values. We have a
higher confidence in the binding energy values between than outside the tested datapoints
because we don’t know what is the dynamic range of the binding energies that are linearly
related to the enrichments.

we need to find a new approach to measure dissociation constants, that does not

depend on a linear relationship between the enrichments and binding energies.

e We need to understand how the enrichments we measure experimentally are linked

to the K4. This is the purpose of the next section.

4.3.2 A simple binding model based on the specific binding of the DNA
ligands to the antibody does not describe the experimental data

4.3.2.1 Why do we need to identify the factors that link the experimental

data to the KDs we want to infer?

1- We identified 3 regimes of selection in the experimental data (Fig 4.1). This observation
suggests a non-trivial relationship between the enrichments and the K; that depends on

the concentrations of reactants we use during calibration.

2- Without further experimental verification, we do not know if there is a linear relation-
ship between all the binding energies and their corresponding enrichments. Consequently,

we need to identify the model that links both measurements.
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3- The studies presented in the beginning of this chapter reported the presence of exper-
imental noise in their data. Consequently, they had to adapt their selection model to
accurately measure the dissociation constants: (1) during yeast display, the authors took
into account the varying number of antibodies expressed on the surface of the cells as well
as the auto-fluorescence of the cells during sorting in their binding model [Adams et al.,
2016] (2) The collection of formed complexes during RBNS experiment was accompanied
with the unwanted capture of free reagents, so the authors included this non-specific re-

covery in their binding model as well [McGeary et al., 2019].

Multiple factors can be considered in the link between experimental data and Ky we
want to measure. To identify these factors, we can simulate the calibration experiment

with several selection models and identify the one that could possibly explain our data.

4.3.2.2 Presentation of the selection model & identification of the factors that

link our data to the affinities

The output of the calibration experiment are enrichments® of DNA ligand A° (i € {1,...,N}),
obtained for different DNA concentrations. The enrichment of a ligand A; can be written

as following;:

Psel,Ai
N
Z Psel,Aj
Jj=1

enr gi = (4.3)

where Py 4i is the probability of A; to be selected (enr4i normalize Py, 4i values so
their sum equal 1, as we did for the enrichment values measured experimentally). We can
formulate different selection models to link the probability of a A; to be selected to its

affinity for the protein target T' (the concentrations are measured at equilibrium):

1- Selection model 1 (specific binding):
We make the assumption that the only interaction that happens during selection is the
binding of the DNA library to the target. In this scenario, A; can be in 2 states: either
it is bound to the target (A'T) or it is free in solution (A%). Its probability of selection
P,

sel,Ai 18 written as following:

[A'T]eq 1 1
Py ai = — = — = v (4.4)
L, [AZT]eq + [A’L]eq 1+ [[%ZT 14+ KﬁzT
’ (Thot= 32 [A7T]eq

?We experimentally measure the enrichment of each DNA ligand as the ratio between its number of
copies after and before the selection. We systematically normalized the enrichment values so their sum
equal 1.
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AT oo[Te
w, the affinity of A; for T. Note that [T, depends on the con-
eq

centrations and the affinities of the other DNA ligands present in the mix during selection.

with KAiT =

(Using this selection model and simulations, we studied the impact of the calibration pro-
tocol on the enrichment values by either varying the concentration of the DNA library, or
by varying the concentration of the target in supp. 6.3.7). Note that if the total concen-
tration of target [T];o is significantly larger than the dissociation constant of the complex
AT, the probability of selection of the ligand A; tends to 1 independently of its affinity
for the target (we are in a titration regime). Consequently, every calibration assay must

be performed with [T];o; small enough to discriminate the ligands [Jarmoskaite et al., 2020].

We simulated a high-throughput calibration experiment using this selection model (we
fixed the concentration of the target and varied the concentration of the DNA ligands).

The binding curves are presented in Fig. 4.5 A.

The qualitative comparison of the simulated data with the experimental data (Fig.
4.2) shows significative differences in the regimes of selection. In the simulated data, the
enrichments are independent of the DNA concentration and different from each other. We
observe a single regime of selection. In the experimental data, the enrichments depend on

the DNA concentration and we can identify 3 different regimes of DNA concentrations.

Conclusion:

e A selection model based solely on the specific interaction of the DNA

library to the antibody does not describe the experimental data.

Discussion:

e This selection model potentially describes the experimental enrichments correspond-
ing to the intermediate DNA concentration (10°nM) where the enrichments are the

most different from each other (in Fig. 4.2)

e The presence of 2 regimes of DNA concentrations in the experimental data that are
not described with this model suggests that there are additional factors that must

be taken into account in the probability of selection of the DNA ligands.

e We can formulate hypotheses regarding the nature of these additional factors by

looking at the results of control experiments:

— The non-specific binding of DNA molecules to the plate: we systematically
performed control experiments where we replicated all the steps of the selection,
but no antibody was present in the plate. In every control experiments, we
managed to collect DNA molecules at the end of the selection, suggesting that
the DNA molecules interacted with the plastic of the plate (Supp. 6.3.3).
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A selection model 1 B selection model 2
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Figure 4.5: The experimental data are not exclusively described by a simple
selection model based on the specific binding of the DNA library to the an-
tibody. We chose 20 binding energy values ranging from 3.5 to 5.8 k7. We set the
antibody concentration to 10nM and tested DNA concentrations ranging from 1073 to
10°nM. A. The simulated data have been generated with a selection model based on the
the specific binding of the DNA ligands to the antibody. The simulated enrichment values
are nearly independent of the DNA concentrations contrary to what we observe in experi-
mental data (Fig 4.2) . B. The simulated data have been generated with a selection model
based on the the specific binding of the DNA ligands to the antibody, the non-specific
binding of the DNA ligands to the plastic of the plate and the unspecific recovery of free
DNA molecules. The affinity of the DNA ligand A for the plastic P K 4p is set to 20nM
and the concentration of the plastic binding sites P [P]; is set to 200nM. The recovered
free DNA molecule represents 1% of the total DNA concentration. The relationships be-
tween the enrichment values and the DNA concentrations are qualitatively similar for the
simulated and experimental data (Fig. 4.2).

— The recovery of free DNA molecules due to insufficient washing: at the end of
the binding reaction, we keep the DNA in complex with the target and remove
the free DNA molecules with multiple washing steps (that dilute the free DNA
molecules). However, for selections with high concentrations of DNA, the wash-
ings may become insufficient, leading to a concentration of recovered free DNA
molecule that is not negligible anymore and that must be taken into account in
the selection model. This hypothesis is supported by the control experiments
where we observed proportional increase of recovered free DNA molecule as we

were increasing the concentration of DNA during the calibration experiment.

2- Selection model 2 (specific binding 4+ non-specific binding + free DNA

molecules recovery):
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In this selection model, we considered 2 additional ways for the ligand A’ to pass the
selection: (1) it binds to the plastic of the plate (we can make the hypothesis that DNA
ligands interact with the plastic independently of the sequence in their loop, and thus they
all share the same affinity K4p for the plastic of the plate) and (2) it gets through the

washing steps.

First, we only consider the first scenario where each DNA ligand can be in 3 different
states: free in solution (A%), bound to the antibody (AT) and bound to the plastic (A*P).
The probability of A® to be selected is written as:

ATy + [APP).
) 2L —— [ q_ q_ 4.5
sebA* T [AiT g + [ATP]eg + [Aleq (4.5)

Then we consider the next scenario where each DNA ligand can be in 3 states (A%, A"P,
A'T) and can get through the washings. The probability Pfel i of A’ to be selected is
written as:

S

Pfel’ ai= (1= a)Plel’ Lt (4.6)

with « the fraction the free DNA molecules that gets through the washings (if the wash-
ings remove 100% of the free DNA molecules, o = 0 and Pfel, pi = Pslel, A1)

We simulated a calibration experiment using this second selection model. The binding
curves are presented in Fig. 4.5 B. The simulated data are qualitatively more similar to
the experimental data with this new selection model. The simulated data show 3 regimes
of selection that are also present in the experimental data. The first and third regimes cor-
respond to DNA concentrations where the enrichments are the most similar. The second

regime correspond to DNA concentrations where the enrichments are the most different.

Conclusion:

e The addition of external factors in the selection model (as the non-specific
binding of the DNA ligand to the plastic and the unwanted recovery of
free DNA molecules) generate artificial data that are qualitatively more

similar to the experimental ones.

o A realistic selection model must contain terms describing experimental
bias in addition to the specific binding of the ligands to the target (this
observation has also been made in the calibration studies presented pre-

viously).
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Discussion:

e Here we make the assumption that we measure concentrations of complexes at equi-
librium. However, in order to remove the free DNA molecules, we must perform
multiple washing steps that are susceptible to disrupt the equilibrium state of the
reaction. Therefore, during calibration experiment, we perform the washings as

quickly as possible to minimize the disruption of equilibrium.

o We identified at least 2 additional factors that could explain the presence of 3 regimes
of selection in the calibration data, based on the analysis of control experiments
(however, we must be careful with the use of additional parameters as they will
always make easier the fit of the model to experimental data, even if the model is

not appropriate).

e We can perform extra control experiments to validate the presence of these factors
in our selection model (We can replicate the calibration experiment with different
washing protocols, stronger and weaker, and see if we can predict the change in the

experimental data).

e For both selection models, we verified if the enrichments and binding energies were
linearly related under an optimal DNA concentration (Fig. 6.7). The results show
that the most sophisticated selection model (with non-specific binding and non-
specific recovery terms) generates enrichments that can be linearly linked to binding
energies if the dynamic range of these binding energies is small enough. Conse-
quently, the simulated data confirms that a linear relationship can be approximated
between the enrichments and binding energies measured experimentally under par-

ticular conditions.

e An additional factor that we did not include in the selection model but that is
not negligible in the experimental data is the sampling of the DNA library (Supp.
6.3.3.3). The sampling noise is systematically observed in our deep-sequencing data
(in particular when we compare the number of copies after and before selection). In
the next section, we study the impact of the sampling noise on the resolution of the

selection experiment.

4.3.3 There is a tradeoff between the diversity of the library and the

resolution of the experiment

4.3.3.1 Experimental data suggest that the design of the DNA ligand library

impacts the resolution of the selection experiment

In this section we test the limits of our calibration experiment by measuring the resolu-

tion ® of the data for different library designs. We did 2 separate calibration experiments.

*We define the resolution as the minimal value we can measure with little error. A high resolution
allows the accurate measurement of small values. In our case, the values are enrichments. Enrichments
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In the first experiment, the library is composed of 218 DNA ligands while in the second
experiment, the library is composed of 32,768 DNA ligands. We adapted the number of
sequencing reads to each assay in order to expose them to the same level of sampling dur-
ing deep-sequencing. However, we used the same number of antibodies for both libraries

during selection.

For each calibration assay, we qualitatively measured its resolution by comparing the
enrichment values between near-replicate experiments (we compared enrichments obtained
with [DNA]=10% and [DNA]=10% nM). The results are presented in Fig 4.6. The DNA
library with a high diversity has the lowest resolution (only the highest enrichments are
reproducible from one experiment to another). The DNA library with a low diversity
shows a higher resolution with enrichments that are more reproducible independently of

their value.

A diversity B diversity
=218 =32,768 #sequences
-18{R2=0.853 -3.25{R?=0.404 -
-3.501 “
-2.0
-3.751
logio(enrichment) -22 T : -4.00]
[DNAJiotai=10°nM it ‘
—24 . iﬁi‘ K 4231 i
' | '.';"fz-'..
e —4.50

—-2.6 *uw

—4.75

26 24 22 -20 -18 a5 4.0 35 e

logio(enrichment)
[DNAJwotai=1 0’nM

Figure 4.6: Experimental data show that the resolution of measured enrichments
is impacted by the diversity of the DN A library. We compared the reproducibility of
enrichments measured for 2 different DNA libraries. We assessed the reproducibility of the
measurements by comparing selection experiments that have a hundred fold difference in
DNA concentrations ([DNA]=10? and [DNA]=10"nM. A. The first library is composed of
218 DNA ligands. B. The second library is composed 32,768 DNA ligands. The enrichment
values are more reproducible for the small DNA library than for the big DNA library (The
R? score is higher for the small than for the big library).

Conclusion:

e The diversity of the DNA library impacts the resolution of the experi-

measured with little error allow us to infer K4 with a high accuracy).
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ment.

e The DNA library with the highest diversity has the lowest resolution.

Discussion:

e The reproducibility of the enrichments is limited by the sampling noise that can be
generated at different steps during the selection experiment (principally during the

binding of the DNA ligands to the antibody or during the sequencing step).

e We adapted the number of reads to the diversity of the DNA library so a similar
number of reads was attributed to each DNA ligand (and thus the sampling due to

the deep-sequencing is the same for both assays).

e Consequently, the difference in resolution we observe is due to to the sampling during

the binding step.

e For the same number of selected DNA molecules, the average copy number of DNA
ligands in the high diversity library is smaller and thus more sensitive to variability
during sampling. This is why the enrichments below a threshold value are not

reproducible for this library.

e So far, we studied the impact of the diversity of the library on the resolution of
the experiment. It would be more accurate to consider the distribution of affinities
of the DNA library because it would also impact the resolution of the experiment.
However, during the design of the DNA library, we only have access to its diversity,

this is why we focused our study on this parameter.

4.3.3.2 Simulated data suggest a tradeoff between the diversity of the ligand

library and the resolution of the experiment

We simulated multiple selection experiments where we fixed the total concentration of the
DNA library and varied its diversity (we used the selection model described in eq. 6.1).
For each diversity value, we simulated different numbers of antibodies because we don’t
have access to the exact experimental number (we describe how we simulated different
numbers of antibodies in Supp. 6.3.6). For each experimental condition (diversity and
number of antibodies), we identified the smallest enrichment value we could measure with
less than 10 percents of error and calculated a resolution score. We set the resolution
score as the the ratio between the dissociation constant corresponding to the smallest en-
richment with less than 10% of error and the highest dissociation constant of the library
(as a reminder, the highest dissociation score corresponds to the smallest affinity in the
library) (Fig 4.7).
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The simulated data show that the resolution of the experiment is maximal when the

number of DNA molecules collected at the end of the selection is significantly higher than
the diversity of the DNA library.

resolution score

1.0
103 - 10 10 11 3.2e+02 e
0.6
diversity of )
the DNA library 100 - o

-0.4

10 - 2.2e+02 1e+03
-0.2
103 104 10° 106 o0

Number of selected DNA molecules

Figure 4.7: Simulated data show that the resolution of selection experiment is
negatively correlated with the diversity of the library, for a fixed number of
selected DN A molecules. We identified the smallest enrichment value we can measure
with less than 10% of error for different DNA libraries (with diversity ranging from 10 to
103, and K, values ranging from 10 to 1000nM) and for different numbers of selected DNA
molecules (ranging from 10° to 10%) . We set the resolution score as the ratio between
the K, of the smallest enrichment (with less than 10% of error) and the highest Ky in
the library. We represented in the matrix the K values (in nM) corresponding to these
enrichments. A small number of selected DNA molecules results in a high sampling noise
that negatively impact the resolution of the experiment.

Conclusion:

e The experimental and theoretical data show a trade-off between the diver-
sity of the DNA library and the resolution of the calibration experiment

due to sampling noise.

Discussion:

e In order to increase the number of selected DNA molecules, we would need to increase
the number of antibodies per well and take the risk of being in a titration regime
where the probabilities of selection do not depend on the affinities anymore (Section
4.3.2.2). There is a maximal diversity we cannot exceed without impacting the

resolution of the experiment.
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1435 e Thus, the only parameter we can optimize during the calibration experiment is the
1436 diversity of the DNA library.

1437

ws 4.4  Summary

1439 e We designed a protein-ligand system (composed of a synthetic antibody and a li-
1440 brary of 218 single-stranded DNA ligands) to set-up the high-throughput calibration
1441 experiment.

1442 e The high-throughput calibration assay allowed us to build 218 binding curves using

1443 7 wells and few days of experimental work while the regular ELISA approach would
1444 have required 1744 wells corresponding to 27 plates and as many days of experimental
1445 work.

1446 e For 3 DNA ligands, we compared their enrichments measured with the high-throughput
1447 calibration experiment, with their binding energies measured with an independent
1448 assay (ELISA). We observed a linear relationship between calibration and the ELISA
1449 data.

1450 e The measurement of affinities with no selection model is possible under the condition
1451 that the calibration data are linearly linked to independent measurement of binding
1452 energies (this is generally the case when the dynamic range of K is small enough).
1453 If this condition is not verified, we must define a selection model to infer affinity.
1454 e The selection model must take into accounts additional factors in order to link the
1455 data to the affinities. Our calibration experiment probably contains at least 2 sources
1456 of noise based on the results of control experiments and the qualitative comparison
1457 of simulated data (generated with the second selection model) with experimental
1458 ones.

1450 e Experimental and simulated data show a tradeoff between the diversity of the DNA
1460 library and the resolution of the experiment.

1461 e With more time, we could investigate the limits of the linearity observed between
1462 calibration and ELISA data by comparing the data of more than 3 DNA ligands.
1463 e In parallel, we could infer the 218 dissociation constants using different selection
1464 models and validate the results with independent measurements of affinities (ob-
1465 tained with ELISA).

we 4.5  Discussion

167 The main goal of the calibration experiment is to combine high-throughput selection assay

ues  With quantitative measurement of affinity. The output of the assay is a distribution of
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affinities between a protein of interest and a library of DNA ligands. This distribution
that we call “affinity profile” can be used as a proxy of the specificity of the protein. The
long-term goal of the calibration experiment is to measure the binding profile of several
Germline and Limited antibodies and use the parameters (average and standard deviation)

of the affinity distributions to quantitatively compare their specificity.
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Chapter 5

Conclusion, discussion and

perspectives

5.0.1 Conclusion

Our work was motivated by the following question: Can we quantitatively measure the
specificity of antibodies 7 We decomposed this general question into 3 sub-questions:

(1) Do different synthetic antibodies have different average affinities for DNA ligands ?
(2) Do different synthetic antibodies select the same DNA sequences, with the same di-
versity ?

(3) Can we propose a high-throughput selection assay to measure multiple dissociation

constants in a single experiment ?

To answer the first and second questions, we estimated the average affinity of antibod-
ies with different framework and CDR3 regions for 2 DNA libraries, and we compared the
diversity of the DNA sequences that were selected by these antibodies. The following con-
clusions have been made based on the study of few synthetic antibodies. We observed that
antibodies with different frameworks and CDR3 regions have different average affinities
for DNA and they select DNA sequences with different levels of diversity. More precisely,
we observed that the frameworks and CDR3 regions have different effects on the selection
of the DNA ligands:

Impact of the frameworks on selection:
First, we observed that the frameworks control the dynamic range of the affinities that
the CDR3 can reach. More precisely, the Germline framework allows a higher maximal
affinity than the Limited framework. Second, we observed an impact of the framework
on the role of the CDR3 region in the discrimination of the DNA sequences: different
antibodies with the Germline framework selected the same DNA sequences while different

antibodies with the Limited framework selected different DNA sequences.

71
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Impact of the CDR3 region on selection:
First, we observed that antibodies with different CDR3 regions have different affinities for
DNA ligands (within the dynamic range fixed by the framework). In particular, the CDR3
that have been selected for their high affinity for 1 particular DNA ligand have an average
affinity for DNA that is higher in comparison with CDR3 randomly chosen. Second, we
observed that under the same experimental conditions, the CDR3 selected against 1 DNA
ligand can discriminate the DNA library while random CDR3 cannot.

To answer the third question, we set-up a high throughput selection assay to build the
binding curve of 218 DNA ligands in a single experiment. With more time, these binding
curves could be used to infer the dissociation constants of the 218 DNA ligands. The
high-throughput calibration assay is a promising approach to obtain quickly and simply a

more quantitative specificity profile.

5.0.2 Discussion and perspectives
5.0.2.1 Limits of our approach

Our experimental and theoretical results suggest that there is a tradeoff between the di-
versity of the DNA library and the resolution of the selection experiment. Indeed, we
couldn’t accurately measure the enrichment values of the 32,768 DNA ligands from the
high diversity library (the smallest enrichment values were dominated by sampling noise).
Consequently, we cannot rigorously measure the dissociation constant of the ligands with
the smallest enrichment values. These observations set the limit of our system: with the
actual experimental setup, we cannot measure the dissociation constants of 10° DNA lig-

ands at the same time.

To address this tradeoff, we can use the same experimental setup and limit our mea-
surement to few hundred K; (We can generate a new DNA library where we randomize
4 consecutive nucleotides instead of 7, based on the observation that 4 nucleotides motifs
are selected by antibodies). We can also change the experimental setup and perform the
selection step with free DNA ligands and antibodies in solution (the immobilization of
antibodies on a solid surface may prevent the optimal interaction between DNA ligands

and antibodies).

5.0.2.2 Next experiments

Our preliminary results suggests that a DNA library can be used to measure different
binding behaviors between different synthetic antibodies. It motivates the continuation of

the project using the same system.



1541

1542

1543

1544

1545

1546

1547

1548

1549

1550

1551

1552

1553

1554

1555

1556

1557

1558

1559

1560

1561

1562

1563

1564

1565

1566

1567

1568

1569

1570

1571

1572

1573

1574

1575

1576

1577

1578

1579

73

Short term experiments:

(1) With more time, we could continue our anlaysis of the 218 binding curves to infer
the corresponding dissociation constants. Once the pipeline of the inference is set-up, we
could generate the same binding curves for the different Germline and Limited antibodies
we studied in chapters 2 and 3. Then we could quantitatively compare their specificity by
measuring the parameters (mean and standard deviation) of their distributions of affinities

for the same library of DNA ligands.

(2) So far we only tested the additive model to understand the link between the sequence
of the selected DNA ligands and their affinity for the synthetic antibodies. With more
time, we could test more sophisticated models that take into account the correlations be-

tween the positions in the selected DNA sequences.

Long term experiments:

We could perform in vitro affinity maturation of Germline antibodies (with multiple cycles
of mutation, selection and amplification) in order to increase their affinity for a particular
DNA ligand. We could then investigate the relationship between the evolving affinity of
these synthetic antibodies and their specificity for DNA ligands.

5.0.2.3 Comparison of our results with previous works

The few Germline and Limited antibodies we tested in this project came from larger anti-
body libraries that have been studied as part of previous work [Boyer et al., 2016] [Schulz
et al., 2021]. Germline and Limited antibody libraries have been selected against a single
DNA ligand, separately (Fig. 5.1). The resulting distribution of selectivities (i.e. enrich-
ments, not normalized) for each library was used as a proxy of their selection potential

(i.e. their ability to yield a high affinity for a new target).

The authors showed that Germline antibodies have a higher selection potential than
Limited antibodies: most of the Germline antibodies have a low affinity for the DNA lig-
and that has been tested, but few antibodies have a very high affinity for this DNA ligand
(their distribution of selectivities are characterized by a low average selectivity and high
standard deviation). On the other side, most Limited antibodies have a higher affinity
for the same DNA ligand, but no Limited antibody has a particularly high affinity for
the DNA ligand (contrary to what we observe for Germline library) (their distribution of

selectivities are characterized by a high average selectivity and low standard deviation).

We can equivalently characterize the specificity profile of these antibodies as the pa-
rameters of the distribution of their affinity for the DNA library (the affinities can be
measured with the calibration experiment we present in chapter 4). Based on our obser-

vations, we can predict that Germline antibodies have a higher average affinity for DNA,
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A

10! 102

selectivity

Figure 5.1: Distributions of selectivities of Germline (in blue) and Limited (in
green) antibody libraries. Both libraries of antibodies have been selected against a
DNA ligand by phage Display. The antibodies (before and after their selection) have been
deep-sequenced and their selectivity have been calculated as the ratio between their copy
numbers after and before the selection (selectivities are equivalent to the non-normalized
enrichments measured in our project). Taken from [Schulz et al., 2021].

with a smaller dynamic range of affinities, while Limited antibodies have a smaller average

affinity for DNA, with a higher dynamic range.

The parameters describing the specificity profiles are potentially opposite to the param-
eters describing the selection potential, when comparing Germline and Limited antibodies.
This observation suggests that antibodies with the highest selection potential may have
the smallest specificity and antibodies with the smallest selection potential may have the
highest specificity (this hypothesis must yet be validated with the quantitative analysis of

more Germline and Limited antibodies).

These predictions are surprising as Germline antibodies analyzed in Fig. 1.4 seem to
be more specific than Limited antibodies for 2 DNA ligands. However, we must keep in
mind that Phage Display and SELEX are not symmetrical experiments (During Phage
Display, antibodies are expressed on the surface of phages and DNA ligands have a small

stem while during SELEX, antibodies are purified and DNA ligands have a long stem).

Taking a step back, we used a minimalist format of antibody in order to simplify the
study of the relationship between the sequence and the phenotype. The preliminary results
suggest that mutations in the framework that are potentially far away from the binding
region may have an impact on the binding specificity of the protein. Our minimalist system
potentially highlighted the long-range interaction between amino-acids in the sequence (the
mutations by which Limited differs from Germline framework are 4 to 76 amino-acids away

from the CDR3 region) and their impact on the specificity of antibodies.
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Chapter 6

Supplementary material

6.1 Design

6.1.1 Presentation of the synthetic antibodies

A
framework amino acids sequence
OLOLOQESGPGLVKPSETLSLTCTVSGGSI YWGWIRQPPGKGLEWIG
germline YYSGSTYYNPSLKSRVTISVDTSKNOFSLKLSSVTAADTAVYVYCAR. ... .F
DYWGQGTLVT
.. QLOLOQESGPGLVKPSETLSLTCIVSGGSTI YWGWIRQSPGKGLEWIG
limited YYSGKTYYNPSLKSRVTISIDTSKNHFSLRLISVTAADTAVYHCAR. ... .F
DYWGQGTLVT
B C
name | group | framework | CDR3 name | group | framework | CDR3
GNT2 TOP germline | RKLH LBT1 TOP limited RSCS
GNT3 TOP germline | RTKH LNT3 TOP limited ARYK
GBT3 TOP germline GRAT LNT4 TOP limited GRYK
GNT4 TOP germline RSKH LR2 Random limited WLLG
GR1 |Random | germline | KVRR LR3 Random limited CTSQ
GR2 Random | germline | GWWI

Figure 6.1: Amino-acid sequences of the frameworks and CDR3 regions. Blue
amino-acids are different between Germline and Limited framework. Red dots correspond
to the amino-acids in the CDR3 regions (CDR3 sequences are detailed in tables B and C).

6.1.2 Presentation of the DNA library

We used 2 libraries of 32,768 different DNA sequences as potential ligands to study syn-
thetic antibodies (Fig. 6.2). The libraries are composed of multiple single stranded DNA
molecules of 54 or 57 nucleotides. Single stranded DNA molecules have the particularity

to fold on themselves via the complementarity interaction of the nucleotide A with T and

7
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C with G. We designed the DNA molecules to have a stem loop 3D structure with a stem
region where the nucleotides interact with their complementary pair and form double-
stranded DNA (the 2 libraries have different stem regions), and a loop region where the
nucleotide do not interact with others and form a single stranded DNA chain of 7nt. All
the DNA molecules from the same library share a constant region that corresponds to
the stem and that contains the sequences that are necessary for the analysis of the se-
lection experiment. The diversity of the DNA library is located in the DNA loops that
are composed of 7 random nucleotides. We designed the library with 2 possible pairs of
nucleotides (TA and CG) that can close the loop. Thus the library can reach a diversity
of up to 2 %47 = 32,768 different DNA ligands. We designed these libraries to study
the interaction between the CDR3 region of the synthetic antibodies and the loop of the
DNA ligands. The presence of two libraries allows us to detect a potential impact of the
constant region on the selection of the loops. DNA libraries with different constant regions
are regularly tested when the interaction DNA-protein is studied in the literature, in order

to see if the constant region interferes in the binding [Jolma et al., 2010].

ELISA assay used to measure K  requires the DNA to be immobilized in each well. To
do so, the DNA is synthesized with a biotin on its 5’ end so the molecules get covalently
bound to the streptavidin of the well. In turn, SELEX assay requires the antibody (not
DNA) to be immobilised in each well. Thus, DNA is synthesized with no biotin on its 5’

end.

6.1.3 Calibration experiment

The experimental set-up of our calibration experiment is presented in (Fig. 4.1). While
the authors of the high-throughput studies presented in chapter 4 performed the binding
steps with reactants that are free in solution, we decided to immobilize the antibody on a

solid surface for the 3 following reasons:

1- The long term goal of our approach is to compare the affinity profile of various syn-
thetic antibodies. Thus, we need the experimental conditions to be as constant and robust
as possible from one antibody to another. Saturating a solid surface with the antibody
ensures we always work with the same concentration of antibody independently of the
yield of the purification that can greatly vary from one synthetic antibody to another.
2-Our approach requires the use of one single plate. There is no need for an extra step for
the capture of the formed complexes that are free in the solution. Our approach maximizes
the recovery of the formed complexes.
3-The configuration where the antibody is immobilized by one of its extremities is symmet-
rical to the phage display experiment (used for the selection of the synthetic antibodies)

where one single end of the protein was presented to the DNA ligand.
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Figure 6.2: Our ligand system The ligands are single-stranded DNA molecules with a
stem-loop 3D structure. There is a constant region forming the stem and a 7 nucleotides
variable region forming the loop. 2 DNA libraries have been designed with different
constant regions. The DNA library 1 is presented in figA, and the DNA library 2 is
presented in figB.

Working with antibodies immobilized on a solid surface constrains our choice regarding
which concentration of reactant we fix and which concentration of reactant we vary during
the binding experiments. In this configuration, we had to vary the concentration of the

DNA ligand library for the 3 following reasons:

1-If we vary the concentration of the antibodies that are immobilized on the solid surface,
we vary two parameters at the same time: the concentration of the immobilized antibody,
and the concentration of the non specific binding sites (If the number of antibodies in the
plate decreases, the surface of plastic that is not covered increases).

2-Decreasing the concentration of the antibodies on the solid surface is not trivial. The ca-
pacity of binding of the plates indicated by the manufacturers is generally overestimated.
It requires systematic tests to evaluate the amount of antibodies that saturates the sur-
face, every time a new batch of antibody is prepared or a new antibody is studied.

3- Varying the concentration of the antibody requires high amounts of proteins. We are
often limited in the concentration of proteins we can produce in the lab because of their

low stability or low yield of production by the cells.
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6.2 Protocols

6.2.1 Production of antibodies

Production and purification of the protein:

The gene of the protein is in fusion with a his tag (used for the purification) and a SBP
tag (used for the immobilization in the SELEX experiment). The gene is located on a
plasmid with an ampicillin resistance cassette and under the control of the T7 promoter
(Fig. 6.3).

synthetic antibody

his SBP

pIT2 (5kb)

Figure 6.3: Map of the vector that contains the synthetic antibody gene under
the control of the T7 promoter.

The plasmid is transformed into an E. coli strain (C3019). First, a 5mL liquid culture
of E. coli containing the plasmid is started in 2xYT growth medium with 1% glucose and
ampicillin at 30°C. The day after, a 100 times dilution of the overnight culture is made into
a 100mL liquid culture with 0.1% glucose and ampicillin. The OD after dilution should
average 0.06. The 100mL liquid culture is then grown into a flask at 37°C for 2 hours
until the OD reaches 0.6. Then IPTG is added (final concentration = 1mM) to turn the
lac operon on and thus induce the production of the antibody. The induced culture is
then grown at 30°C for 12 to 16 hours. At the end of the induction process, the 22.8 kDa
antibodies have been massively produced inside the cell and a non negligible fraction of
them can be found in the supernantant (their small size allows them to go through the
cell membrane). The day after, the liquid culture is spinned for 10 minutes at 8000rpm
in order to collect the supernantant and get rid of the cells. (this procedure is repeated
twice). From now on the rest of the purification is performed on ice or at 4°C. In order
to make sure that all the cells and debris are discarded, the supernatant is filtered with
a 0.2uM membrane. Once the antibodies are released in the supernantant, their hist-tag
is used to concentrate them in a small volume of PBS buffer. To do so, 1mL of HisPur
Cobalt Resin is used for the purification of 250mL of supernatant containing the antibod-
ies. The cobalt resin is transferred to a gravity-flow column and the supernatant is added

to the column twice. The washing and elution procedures are performed following the
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online instructions. In order to get rid of the small unwanted peptides that got collected
with the protein of interest, the resin eluate is then dialysed using the float-a-lyzer kit.
The dialysed solution is aliquoted, snape freezed and stored at -80°C. In order to quantify
and evaluate the purity of the produced antibodies, the sample is run on a protein gel in

denaturing conditions.

6.2.2 ELISA assay

The following protocol has been performed using streptavidin-coated plates with different
binding capacities (5-125 pmol/ well). 8 consecutive wells are used to measure the KD
of 1 DNA ligand. Up to 7 different DNA ligands can be studied per 96 well plate (the
last row is reserved to the negative control where no DNA is immobilised in the wells).
The procedure is performed with a multichannel pipett when it is possible. First the wells
are washed 3 times with the washing buffer 1 (PBS Tween 0.1%). Then the biotinylated
DNA is added to each well in a final volume of 100uL of binding buffer/well (BW1X)
(a solution of PBS is added to the control wells). The concentration of added DNA is
at least 5 times higher than the binding capacity of the well. The biotinylated DNA is
incubated in the wells for 1h30 at 20°C or overnight at 4°C with mild shaking. The wells
are then washed once with 200ull of washing buffer 1. Because the antibodies possess a
SBP tag on their C terminal end to be immobilised during the SELEX experiment, all
the streptavidin sites of the wells must be occupied with a biotin molecule during the
ELISA experiment to prevent the unwanted binding of the antibodies to the plate. To
do so, 200uL. of PBS-biotin solution (125uM biotin) is added to each well (including the
control wells) and incubated for 30 minutes at 20°C, mild shaking. Then, the wells are
washed 3 times with 200uL. of washing buffer 1 and blocked for 30minutes at 20°C at rest
with a blocking solution (0.02%BSA). The blocking solution is then replaced with 100uL
of PBS containing the antibodies at different concentrations. The binding is allowed for
1h at 20C with mild shaking. Once the equilibrium is reached, the wells are washed once
with 200uLs of washing buffer 2 (PBST Tween 0.1% & BSA 0.02%) and 100uL of washing
buffer containing the primary antibody anti-polyhistidine and the secondary antibody anti
mouse HRP) are added to the wells and incubated for 1h at 20°C with mild shaking. The
wells are then washed 5 times with 200uL. of washing buffer and 100ulL of ELISA substrate
is added immediately. After few seconds, 50uL of HCI (1M) is added to each well to block
the reaction and the absorbance of each well (including the control wells) is measured at
450nm using the TECAN platereader.

We constructed the binding curve by plotting the measured absorbance according to
the antibody concentration that was used in each well (We normalized the data so the

absorbance values range from 0 to 1). We fitted the 8 datapoints to the Hill-Langmuir
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equation.

1
1+ (Ka/[abli)"

where abs; (the absorbance measured in the well “i”) and [ab]; (the concentration of anti-

abs; = (6.1)

body in the well “i”) are experimental measurements and K 4 (the antibody concentration
that saturate half of the DNA molecules) and n (the Hill coefficient) are the parameters
we infer. Given the absence of competition during binding (we study the binding of anti-
body with a single DNA ligand) and given that 1 single DNA and 1 single antibody are
needed to form a complex, K; equals K4. We present an example where we fitted the

experimental datapoints to the Hill equation in Fig. 6.4.

1.0 ———- fit ’./__,e._ .....
e L]
e datapoints ./
0.81
III/
) . 0.61 ‘
Intensity 7
@u)  4,] /
/I
b
0.2
/y,
0.0 mmmmmmmems - ‘Kd inferred = 38.65nM
101 100 101 102 103 10

[antibody] nM

Figure 6.4: Example of a dissociation constant inference from ELISA data

6.2.3 SELEX assay

6.2.3.1 On plate

The following protocol has been performed using streptavidin-coated plates with a binding
capacity of 125pmol/well. First the wells are washed 3 times with 200uL of washing buffer
2 (PBS Tween 0.1% & BSA 0.02%). Then the antibody is added to each well in a final
volume of 100uL. of PBS (a solution of PBS is added to the control wells). The concentra-
tion of added antibody are higher than the binding capacity of the well. The antibodies
are incubated in the wells for 1h30 at 20°C with mild shaking. Then the wells are washed
3 times with the washing buffer 2 and blocked with a blocking solution (PBS Tween 0.1%
& BSA 0.02%) for 10 minutes at 20°C at rest. The blocking solution is then replaced with
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a mix of PBS Tween 0.1%, BSA 0.02%, poly(dI/dC)-oligonucleotide (150ng/250ul.) and
DNA to reach a final concentration of 1nM). The binding reaction is allowed for 1 hour
at 20°C, mild shaking. Once the equilibrium is reached, the wells are washed 25 times
with 200uL. of washing buffer 1 (PBST Tween 0.1%). The DNA molecules attached to the
antibodies are then eluted into 50ul. of ddH20 by heating at 85°C for 25 minutes. The
solution containing the eluted DNA is then transfered into DNA lobind eppendorf tubes

for long term storage at -20°C.

6.2.3.2 On beads

The following protocol has been performed using 10ul of streptavidin-coated beads per
tube. First the beads are washed 3 times with 950ul of washing buffer (PBS Tween
0.1%). Then the antibody is added to the beads (a solution of PBS with no antibody is
added to the control tube). The antibodies are incubated with the beads for 1h30 at 20°C
with mild shaking. Then the beads are washed 3 times using a magnet with the washing
buffer and blocked with a blocking solution (PBS Tween 0.1%, BSA 0.02% & 150 ng of
poly(dI/dC)-oligonucleotide) for 30 minutes at 20°C with mild shaking. The DNA library
is added to reach a final concentration of 250nM in a total volume of 250ul.. The binding
reaction is allowed for 1 hour at 20°C, mild shaking. Once the equilibrium is reached,
the beads are washed 5 times using a magnet with 950ul. of washing buffer. The DNA
molecules attached to the antibodies are then eluted into 25ulL of ddH2O by heating at
95°C for 10 minutes. The solution containing the eluted DNA is then transfered into DNA
lobind eppendorf tubes for long term storage at -20°C.

6.2.4 Deep-sequencing of the DNA library

At the end of the selection experiment, the DNA molecules in complex with the anti-
bodies are collected to be prepared for the deep-sequencing procedure. To sum-up, the
preparation consists in 2 successive PCR, a gel purification, a quantification with Qubit
device and a multiplexing of the different selection experiments. 7ul. of the DNA library
eluted from the beads, or 14ul eluted from the plate are amplified by PCR (15 cycles).
They are then PCR purified and amplified again (7-15 cycles). The primers used for these
PCR have been designed to add some extra nucleotides on each extremity of the DNA
sequences for 2 reasons: first some bare-codes are added so each sequence can be traced-
back to its selection experiment (this is necessary when several selection experiments are
sequenced at the same time). Second, short DNA sequences called adapters are added
to allow the immobilization of the DNA molecules on the chip, their amplification and
their deep-sequencing. Once the DNA samples have been amplified twice, they are run
on an electrophoresis gel in order to verify if they have the correct length. Then each

DNA sample is extracted from the gel and its concentration is measured using the Qubit
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device. The DNA sample of several selection experiments are pooled together and deep-
sequenced. We can choose between different deep-sequencing services. We can choose the
length of the sequence that are read, the direction in which the DNA is sequenced (from
its 5’ end to its 3’ or in both directions) and the number of DNA molecules that can be
sequenced. We used the Next-seq service to sequence DNA libraries with a small diversity
(218 DNA ligands) with at least 500 000 reads (measuring 75nt) per experiment , in both
directions. We used the Novaseq prestation to sequence the high diversity DNA libraries
(32768 DNA ligands) with at least 8 millions of reads (measuring 100 nt) per experiment,
in both directions.

The sequences containing different barcodes were separated from each other using python.
Only the sequences containing (1) a valid barcode, (2) a perfect match between the reads
forward and reverse and (3) the correct length were analyzed further. around 80% of the
reads obtained by Next Seq and more than 90% of the reads obtained by NovaSeq passed

these selection process.

We used high-throughput sequencing platforms of 12BC (Gif-sur-Yvette) and of ICM

(Salpétriere, Paris).

6.3 Analysis

6.3.1 Binding score based on SELEX data

At the end of the SELEX experiment, the DNA molecules in interaction with the antibody
are detached by a heat treatment. The collected DNA are then amplified with 2 successive
PCR reactions (Supp. 6.2.4) and the PCR product that contains amplified DNA is mixed
with a loading dye (that increases the density of the solution), and loaded in an agarose
gel (the gel contains a sensitive DNA gel stain that form DNA-dye complex that emits
green light under UV excitation). Once the DNA sample is loaded, an electrical current
is run through the gel so the negatively charged DNA moves across the gel according to
the length of its DNA molecules. Under UV excitation, the dye attached to the DNA
molecules emits light and the intensity of the signal increases with the number of DNA
molecules present in the sample. We estimated the amount of selected DNA for each anti-
body by measuring the intensity of the DNA signal on the gel using the image J software.
With this approach, we defined a score of binding as the average signal of the selected
DNA normalized with the signal of the molecular-weight size marker. The score of binding
increases with the amount of DNA detected in the gel and thus with the average affinity
of the antibody for the DNA library. This binding score has the advantage of reflecting
the strength of binding of the antibody for the whole library. However, this score is not a
direct measurement of affinity, it only gives an estimation of the amount of DNA molecules
that interacted with the antibody.
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6.3.2 Binding score based on ELISA data

We used the ELISA technique to measure the affinity between one antibody and one DNA
ligand. The output of the experiment is a dissociation constant. The principle is to per-
form multiple binding experiments in parallel where we fix the concentration of either the
DNA or the antibody, and vary the concentration of the other reactant. Then we plot the
concentration of the formed complexes for each concentration. We thus obtain a binding
curve from which we extract the dissociation constant (for more details, see the ELISA
protocol 6.2.2). The measurement of the dissociation constant allowed us to define a bind-
ing score as the invert of the dissociation constant. Thus a high binding score corresponds
to a low dissociation constant and by definition a high affinity. The advantage of this
binding score is that it is based on a quantitative measurement of the affinity. However,
this score only reflects the binding strength of one antibody for one single DNA ligand
and thus does not give access to the total distribution of the affinities of the DNA library.

6.3.3 The basic analysis of the deep-sequencing data informs us on 3
experimental biases

6.3.3.1 The bias in the initial library

The DNA library is designed to be an equi-molar mix of DNA ligands. However, all the
deep-sequencing data show that the number of copies are not uniformly distributed. We
used the results of a selection experiment presented in Fig. 3.1 as an example. The number
of copies in the initial library (represented on the x axis) ranges approximately from 10
to 10%. This figure shows that there is a dynamic range of 2 orders of magnitude in the
initial numbers of copies. Consequently, we must systematically compare the number of
copies after the selection with the number of copies before the selection to take this bias

into account (by calculating enrichments).

6.3.3.2 The non-specific binding of the DNA library to the plate

We systematically performed control experiments where the conditions are the same as in
regular selection experiments except that there is no antibody during the binding step. We
systematically collected DNA molecules at the end of the control experiments. The results
of the control experiment are presented in Fig. 6.8. The presence of DNA molecules after
the selection implies that the DNA interacts with the plastic or with the streptavidin of
the plate (the streptavidin is used to immobilize the DNA or antibody molecules during

selection).
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6.3.3.3 The sampling bias

We systematically observe more variability in small copy numbers than in high copy num-
bers (see Fig 3.1 as an example). This suggests that there is a sampling step in the
selection experiment that is responsible for this variability. We call sampling the action
of collecting a small amount of the DNA library and use this sample to continue the ex-
periment. During selection assay, multiple steps involve the sampling of the DNA library,
we identified 2 critical steps: (1) A small fraction of the DNA library interacts with the
target during the binding step and (2) we deep-sequence a sub-sample of the total DNA
ligand population before and after its selection. During these sampling steps, the DNA
ligands that are present in small number of copies are more sensitive to variability than the
other (If we take two samples from the same stock of DNA molecules and compare these
samples, we observe more variation in the number of copies of the less frequent molecules

than in the number of copies of the most frequent molecules).

6.3.4 Sequence logo of the most selected loops

(We used the online tool LogoMaker to generate our sequence logo). The sequence logo
is a graphical representation of the nucleotide conservation in a pool of aligned sequences
(in our case, the pool is composed of the most enriched DNA loops). The x axis of the
sequence logo represents the different positions of the nucleotides along the sequences and
the y axis gives information about the representation of the nucleotides at a given posi-
tion. For each position, the 4 nucleotides are stacked, their relative sizes indicate their
frequencies in the pool of sequences and the total height indicate the information content
of the position. The information content has been calculated in 2 steps (as described in
[Schneider and Stephens, 1990]):

First, the uncertainty measurement has been calculated as

C
H(l) ==Y f(b1)log, f(b,1) (6.2)

b=A
where H(1) is the uncertainty at the position 1 (along the sequence), b is one of the bases
(A, T, G, and C) and f(b,]) is the frequency of base b, at position 1, measured in the pool
of sequences. The uncertainty of each position is measured in bits and ranges from 0 to 2
(0 means there is one single base at a given position and 2 means that the 4 bases have
the same frequency at a given position).

Then, the information content has been calculated as

Rsequence(l) = 2 = (H(I) + ¢(n)) (6.3)

where Rgequence(l) is the amount of information present in the sequence at position 1, 2 is

the maximum uncertainty at any given position and e(n) is a correction factor (used when
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the pool of n sequences is small). The information content of each position is measured in
bits and ranges from 0 to 2 (0 means that the 4 bases have the same frequency at a given

position and 2 means there is one single base at a given position).

6.3.5 Analysis of the motifs inside the loop

“]” and the position “p” of

We can define a model where the parameters are the length
the motif along the loop of the DNA molecule. The principle of this analysis is to measure
the average enrichment of all the sequences that share the same DNA motif at the same

position in the loop, for each motif.

6.3.6 Modeling the sampling bias

We simulate a calibration experiment with a sampling noise that describes the binding of
a limited number of DNA molecules to the antibodies. The input parameters of the simu-
lation are m different sequences with m different affinities for the antibody. The antibody
is present in n copies and thus a maximum of n DNA molecules can bind the antibody
and pass the selection. The output data are enrichments of the selected sequences. The

data are simulated in 3 steps:
1- Simulation of the frequencies of each DNA sequence, before and after the selection

Initial library: We make the assumption that the DNA sequences are uniformly dis-
tributed in the library before the selection. Consequently, all the sequences have the same
frequency in the initial library.

Selected library: If the DNA sequences are uniformly distributed in the initial library,
their frequency after the selection is equivalent to their enrichment (the measurement of

the enrichment is presented in section 4.3.2.2, for different selection models).
2- Introduction of sampling noise to selected DNA sequences

In order to add a sampling noise to the simulated data, we transformed the frequency of
each sequence into number of copies:

Initial library: The DNA sequences in the initial library are not impacted be the sam-
pling noise we describe in this section (the sampling happens during selection), conse-
quently their copy numbers are uniformly distributed (the copy numbers are representa-
tive of the frequencies in the total population)

Selected library: We introduced sampling noise in the selected DNA sequences'by sim-

ulating their copy numbers using a multinomial law: n (=number of DNA molecules that

'"Without sampling noise in the simulation, the relative number of copies are directly linked to the
frequencies. With sampling noise in the simulation, the relative number of copies are not directly linked
to the frequencies anymore.
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bind the antibody) drawings are performed, and m(=diversity of the library) different DNA
ligands can be drawn every time, with a probability p; corresponding to their frequency
in the selected library. The probability mass function of the multinomial distribution is
defined as following:

n!

o m Tvm
n1!...nm!p1 ~Pm (6-4)

P(Nl =Ny, ,Nm = nm) =
with N; the number of copies of the sequence i that bind the antibody, p; the enrich-
ment (normalized) of the sequence i (i.e. its frequency in selected library) and n the total
number of sequences that bind the antibodies and pass the selection. We obtain for each
selected DNA sequence, a number of copies that depends on both the selection model and

the sampling noise.
3- Measurement of the enrichment values

We calculate the enrichment of each DNA sequence as the ratio between its number
of copies after and before its selection (we normalize the enrichment values so their sum

equals 1).

6.3.7 Impact of the calibration protocol on the shape of the binding

curves

Because our calibration protocol is different from the ones commonly used in the literature
(we fixed the concentration of the target and varied the concentration of the library of
ligands while the other studies do the opposite), we studied in this section the impact of
the calibration protocol on the output data of the assay. To do so, we simulated different
calibration protocols and compared the probabilities of selection (using eq. 6.1) as well
as the shape of the binding curves for both protocols (Fig. 6.5). The binding curves are
qualitatively different for both protocols. This results supports the fact that we need to
define a selection model to describe the relationship between the experimental enrichments

and the dissociation constants we want to measure.

6.4 Experiments

6.4.1 Reproducibility of the SELEX experiments

We evaluated the reproducibility of the SELEX experiments by comparing the measured
enrichments of each sequence between two replicate experiments. In Fig. 6.9 B are pre-
sented the results of the comparison of 2 replicate experiments for one Limited antibody.
The highest enrichments are highly reproducible while the smallest enrichments are not

reproducible between replicates. The limit between the most and the least reproducible en-
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Figure 6.5: The shape of the binding curves depends on the calibration proto-
col. In this figure, the target refers to the antibody, and the ligands to the DNA library.
We simulated 2 selection experiments. In the first column, we fixed the concentration of
the ligands and varied the concentration of the target. In the second column, we fixed the
concentration of target and varied the concentration of the ligands. We plotted the prob-
abilities of selection as a function of the concentrations of targets in figA or as a function
of the concentrations of ligands in figB. We presented in figC and D the corresponding
binding curves with enrichments measured using eq. 4.3. We obtain different binding
curves according to the calibration protocol we use.

richments correspond to the same limit that separates the outliers from the bulk sequences
in fig 6.9 A. The absence of reproducibility for the lowest enrichments is explained by the
fact that the copy numbers of the corresponding sequences are dominated by sampling
noise rather than selection. Consequently, a simple analysis of the selection based on en-
richments can only by performed for the highest values. We need a more sophisticated

analysis to extract the selection signal from the sequences in the bulk

6.4.2 Comparison of selection with control experiment

To verify if the most enriched DNA loops have been specifically selected by the antibody
and not by the plastic of the plate, we systematically compared enrichments of selection
experiment with enrichments of control experiment (where no antibody is present during

selection). We compared in (Fig. 6.10) the enrichment of one Germline and one Limited
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antibodies with their respective control experiments. For both antibodies, there is no
correlation between the enrichments measured in the selection experiment and the enrich-
ments measured in the control experiment. This results confirms that the most enriched
DNA ligands are selected by the antibody and are not the product of an experimental

bias.

6.4.3 Impact of the constant region on the selection of the DNA loops
by Germline antibodies

We systematically compared the selection of the DNA loops with 2 different constant
regions for every Germline and Limited antibodies. We show in Fig. 6.6 the enrichments
of the 2 DNA libraries for one Germline antibody. We observe no correlation between
the enrichments for this antibody (we observed no correlation for the other Germline
antibodies as well, (data not shown)). The constant region of the DNA molecules has an

impact on the selection of the loops for the Germline antibodies we tested.

#sequences

—3.25

—3.50
10?

—3.751

logio(enrichment) —4.001
(DNA library 2)  _ 55 |

~4.50 Lot

—4.75 1

—5.00

-5.25

50 -45 —40 =35
100

logio(enrichment) (DNA library 1)

Figure 6.6: Impact of the constant region on the selection of the loops for 1
Germline antibody. We compared the enrichments of the DNA loops with 2 different
constant regions for the Germline antibody (GNT3). We observe no correlation between
the enriched DNA loops. The constant region impacts the selection of the loop for this
antibody.



6.5. SUPPLEMENTARY FIGURES 91
wo 6.5  Supplementary figures
selection model 1 selection model 2
A B
o2y | 0033
o10{ — L | 0052
T T ! |
enrichment 0.06 J/:
—— | 0050 —cr—+-—"——" | —
004 ————— RN ——
e ————————— E— 0.049 ﬂ/

0.02, e ———————————————— e S———

103 102 1071 10° 10' 102 103 107 1072 107 10° 100 107 10°

[DNA] nM
-2.01, -2.92
s *. -2.941 " |
- -2.96
-3.0 Fe .
log(enrichment) *. —2.98 .
-3.5 i -3.00 ®e
-4.0 “e, -3.02 e -
‘e| -3.04{_ : : : :

—455 20 25 50 575 35 4.0 45 5.0 5.5

binding free energy (ksT)

Figure 6.7: Simulations show that the nature of the relationship between en-
richments and binding energies depends on the selection model. The parameters
of the simulations are the same as in Fig. 4.5. The red dashed lines indicate the DNA
concentration regime from which the enrichments have been picked to generate the bottom
plots. A. The first selection model predicts a linear relationship between the logarithm
of the enrichments and the binding energies. B. The second selection model predicts a
non-linear relationship between the logarithm of the enrichments and the binding energies.
However, we can make the approximation that the relationship is linear if the dynamic
range of the binding energies we consider is small enough. The 3 black dashed lines repre-
sent the binding energies of the 3 data-points estimated experimentally by ELISA. These
data-points have binding energies that are close enough to be in a linear relationship with
their corresponding enrichment values.
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Figure 6.8: The binding of the DN A library to the plate is revealed by a control
experiment. We performed a control experiment where no antibody was present in the
plate during selection. We managed to collect DNA molecules at the end of the selection
experiment. Here we present the number of copies of the DNA library before and after
the control experiment.
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Figure 6.9: The highest enrichments (dominated by specific binding) are repro-
ducible while the smallest enrichments (dominated by sampling noise) are not
reproducible. We present in figA the results of a selection experiment (DNA library
2 selected by LBT1). The red line corresponds to the enrichment limit above which the
sequences are called outliers (they are dominated by specifc binding) and below which
the sequences are called bulk sequences (they are dominated by sampling noise). In figB
are compared the enrichments between 2 replicate experiments. The red line correspond
to the same enrichment threshold as presented in figA. The threshold value that sep-
arates the outliers from the bulk also separate the reproducible enrichments from the
non-reproducible enrichments.
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Figure 6.10: The comparison of selection experiment with control experiment
shows that the DNA sequences are specifically selected by the antibodies. A.
We compare the enrichments between selection and control experiment for one Limited an-
tibody (LBT1). B. We compare the enrichments between selection and control experiment
for one Germline antibody (GNT3).
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Figure 6.11: Using the same number of selected DNA sequences, the average
information content of Limited antibodies is higher than the average informa-
tion content of Germline antibodies. Here we present the 9 nucleotides forming the
loop (including the first (position 0) and last (position 8) nucleotides that close the loop).
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Résumé

Les protéines sont des biomolécules fondamentales de tout étre vivant. Leurs fonctions
tres variées (comme la catalyse de réactions biologiques ou le transport de biomolécules dans la
cellule) sont contrblées par leur structure tridimensionnelle ; elle-méme déterminée
par leur séquence d’acides aminés. Le role des anticorps, par exemple, est de reconnaitre et
neutraliser des molécules cibles (appelées antigenes) provenant de pathogenes en se liant a ces
dernieres. Leur fonction est directement liée a leur affinité (force d’interaction) et spécificité
(précision) de liaison a ces molécules cibles. Les anticorps sont connus pour leur haute
spécificité de liaison car ils doivent distinguer les antigénes (provenant de pathogenes) des auto-
antigenes (provenant de 'organisme héte). lls sont, par exemple, couramment utilisés comme
outils permettant de révéler des structures cellulaires en se liant spécifiquement a des protéines
d’intérét. Cependant, il a également été démontré que les anticorps ont la capacité d’interagir
avec différents antigénes et donc d’étre poly-spécifiques (le cas des anticorps neutralisants a
large spectre est présenté plus loin). Lorsqu’un anticorps rencontre un antigéne pour la premiére
fois, il entre dans un processus de maturation d’affinité durant lequel il accumule des mutations
dans sa séquence afin d’augmenter son affinité pour I’antigene. Durant ce processus évolutif, il
a été démontré que la spécificité des anticorps est également modifiée. Différentes théories ont
été proposées pour décrire la coévolution de Iaffinité et de la spécificité durant la maturation
des anticorps. Il existe a ce jour deux principaux scénarios : dans le premier, les anticorps ont
initialement la capacité de reconnaitre plusieurs antigenes, mais perdent cette faculté durant la
maturation d’affinité afin de se spécialiser dans la liaison a une molécule cible particuliere ;
dans le deuxieme scénario, les anticorps développent la capacité de reconnaitre plusieurs
antigenes durant leur maturation d’affinité. Par exemple, certains anticorps ayant maturé durant
des années contre le VIH (« anticorps neutralisants a large spectre » ou « bnAb ») ont développé
la capacité a reconnaitre différentes souches de VIH et parfois des auto-antigenes. Des
observations similaires ont été faites concernant les anticorps maturés artificiellement dans le
cadre de la thérapie cellulaire « CAR-T » (les lymphocytes de patients atteints de cancers sont
collectés, maturés artificiellement pour reconnaitre les cellules cancéreuses et réinjectés dans
les patients). Ces deux scénarios suggerent |’existence de différentes pressions de sélection : (1)
dans le premier scénario, les anticorps évoluent pour se lier a un unique antigéne ; (2) dans le
deuxieme scénario, ils évoluent pour se lier a différents antigénes. Nous pouvons également
envisager un troisieme scénario dans lequel I'affinité et la spécificité des anticorps sont
indépendantes. Cependant, nous n’avons pas encore élucidé le role des pressions de sélection

dans I"éventuelle relation liant I’affinité et la spécificité des anticorps.

En résumé, bien que de nombreux travaux aient été réalisés dans le but d'étudier
I'affinité des anticorps d’une part, et leur spécificité d’autre part, nous avons a ce jour une

compréhension limitée de la relation entre ces deux propriétés fonctionnelles. Par ailleurs,



tandis que la métrique d’affinité est clairement définie (elle correspond a la constante de
dissociation entre la protéine et sa cible), il n’existe pas de métrique consensuelle de spécificité.
Nous faisons donc face a deux principaux défis : comment quantifier la spécificité de liaison de
protéines ¢ Et quelle est la nature de la relation liant I'affinité et la spécificité de liaison des

protéines ?

De maniére a y répondre, il s'agit tout d'abord de mettre au point une méthode visant a
mesurer la spécificité. Ici, nous proposons un procédé expérimental in vitro ainsi qu’une
approche statistique permettant une quantification systématique de la spécificité de liaison des
protéines. Nous avons mis au point une banque de molécules d’ADN simple brins (utilisées
comme ligands) avec une structure en tige-boucle (la diversité de la séquence étant localisée
dans la boucle longue de 7 nucléotides). Nous avons sélectionné cette banque par SELEX contre
un ensemble d’anticorps recombinants. Ils sont composés de deux parties principales
« l'ossature », constituée de 100 acides aminés (provenant d’anticorps naturels « naifs » n’ayant
jamais maturé contre un antigene ou bien d’anticorps « évolués » ayant maturé contre le VIH) ;
et la zone de liaison constituée de 4 acides aminés correspondant au CDR3 (région déterminant
la complémentarité) des anticorps naturels (cette région est connue pour son implication dans
I'affinité et la spécificité des anticorps pour leurs antigénes). Différentes séquences de CDR3 ont
été préalablement choisies pour leurs hautes ou faibles affinités pour une molécule d’ADN
particuliere. Pour chaque expérience de sélection, nous avons utilisé le séquencage a haut
débit afin d’identifier les séquences de molécules d’ADN les plus enrichies durant la sélection
(elles correspondent aux molécules d’ADN avec la plus haute affinité pour I’anticorps) ainsi que

les molécules d’ADN les moins enrichies.

Nous proposons donc d’étudier la spécificité globale des anticorps en explorant une
sous-région de l'espace des ligands ou les molécules cibles sont des acides nucléiques. En
utilisant les expériences de SELEX, nous pouvons qualitativement comparer les affinités
moyennes de différents anticorps pour la méme banque d’ADN en estimant la quantité de
molécules d’ADN qui ont interagit avec l’anticorps. Nous pouvons également comparer
quantitativement des constantes de dissociations mesurées pour un sous-échantillon de
molécules d’ADN par ELISA. En particulier, nous avons posé la question suivante : pouvons-
nous mesurer différentes affinités moyennes pour des anticorps ayant différentes ossatures (naive
ou évoluée) et différents CDR3 ?

Nous avons répondu a cette question en deux temps : premierement, nous avons vérifié
si nous pouvions mesurer différentes affinités moyennes pour des anticorps naifs ou évolués,
puis nous avons Vvérifié si des anticorps partageant la méme ossature mais ayant différents CDR3
avaient les mémes affinités ou non pour la banque d’ADN.

Nous montrons que : (1) des anticorps avec différentes ossatures présentent différentes
affinités de liaison pour la banque d’ADN, en particulier, les anticorps naifs ont une affinité
moyenne plus élevée que les anticorps évolués ; (2) des anticorps partageant la méme ossature

mais ayant différents CDR3 ont également des affinités moyennes différentes pour la banque



d’ADN ; (3) Lossature ainsi que la séquence du CDR3 contrblent la spécificité globale des

anticorps, a différents niveaux.

De-méme, nous proposons d’étudier la spécificité locale des anticorps en mesurant leur
capacité a discriminer des séquences d’ADN. En utilisant les expériences de SELEX ainsi que le
séquengage a haut-débit, nous pouvons comparer la diversité des séquences d’ADN
sélectionnées par différents anticorps.

Nous avons posé la question suivante : est-ce que des anticorps avec différentes
ossatures (naive ou évoluée) et différents CDR3 discriminent la banque de molécules d’ADN de
l[a méme maniére ?

Nous avons répondu a cette question en 3 étapes : premiérement nous avons Vérifié si
les anticorps recombinants sont capables de discriminer différentes séquences d’ADN ; nous
avons ensuite comparé les séquences des molécules d’ADN sélectionnées par des anticorps
partageant la méme ossature mais ayant différents CDR3, puis nous avons comparé les
séquences des molécules d’ADN sélectionnées par des anticorps ayant différentes ossatures.

Nous montrons que : (1) les anticorps recombinants sont capables de différencier des
molécules d’ADN ayant différentes boucles de 7 nucléotides parmi une banque de 32768
molécules ; (2) les anticorps reconnaissent des motifs de 4 nucléotides a I'intérieur des boucles
d’ADN ; (3) les anticorps naifs que nous avons testés sélectionnent les mémes boucles d’ADN
tandis que les anticorps évolués sélectionnent différentes boucles d’ADN ; (4) le degré de
maturation des anticorps affecte la diversité des boucles d’ADN qu’ils sélectionnent — en
particulier, les anticorps naifs sélectionnent des boucles d’ADN plus variées que les anticorps
évolués ; (5) I"étude de la sélection des sous-motifs de 4 nucléotides nous permet d’inclure des

données bruitées dans notre analyse.

Nous proposons ensuite une nouvelle approche permettant de mesurer plusieurs
centaines de constantes de dissociations en une seule expérience de sélection. Nous avons
développé ce procédé expérimental en utilisant un seul anticorps et une banque minimaliste de
218 molécules d’ADN.

Le principe est le suivant : 7 expériences de SELEX sont réalisées en parallele avec
différentes concentrations de banque d’ADN et une concentration fixe d’anticorps. Les mesures
d’enrichissement de chaque molécule d’ADN pour chaque concentration de la banque sont
utilisées pour construire 218 courbes de liaison. A partir de chacune de ces courbes, une
constante de dissociation peut étre inférée (correspondant a l'affinité de I’anticorps pour la
molécule d’ADN correspondante) en utilisant le modele de sélection approprié.

Nous montrons que : (1) I'expérience de calibration permet de générer 218 courbes de
liaison en utilisant simplement 7 puits (d’'une plaque 96 puits) et 2 jours d’expériences contre
environ 1500 puits et 1 mois d’expérience avec |'approche standard par ELISA ; (2) le
logarithme des enrichissements est linéairement corrélée avec les énergies de liaison pour une
concentration optimale d’ADN et a condition que les valeurs extrémes des énergies de liaison

soient suffisamment proches I'une de l'autre ; (3) le modele théorique de sélection doit inclure



différentes sources de bais afin de décrire les données mesurées expérimentalement ; (4) les
données expérimentales et simulées suggérent un compromis entre la diversité de la banque

d’ADN et la résolution de I'expérience de sélection.

En résumé, I'utilisation d’une banque de molécules d’ADN comme un outil de mesure
de spécificités globale et locale nous a permis d’identifier des différences de spécificités entre
des anticorps recombinants naifs ou maturés contre une cible biologique et ayant différents
CDRS3. En particulier, nous avons constaté que les anticorps naifs ont une affinité moyenne pour
la banque de molécules d’ADN plus élevée, et qu’ils sélectionnent avec moins de précision les
séquences d’ADN par rapport aux anticorps maturés. Nous avons en paralléle développé une
approche plus quantitative de la mesure de spécificité qui nous permettrait, a long terme, de
systématiquement relier les spécificités globale et locale a des mesures robustes et a haut-débit
d’affinités. Ces résultats ouvrent la voie vers une étude systématique de la relation entre affinité
et spécificité.

Les résultats préliminaires de mesures de spécificité peuvent étre mis en perspective
avec une récente étude de « I’évoluabilité » (décrivant la capacité a évoluer, c’est-a-dire a
sélectionner des phénotypes plus favorables sous I'effet de mutations aléatoires) de ces mémes
anticorps. Cette étude a démontré que différentes ossatures étaient responsables de différents
niveaux d’évoluabilité tout comme nous avons montré que différentes ossatures étaient

responsables de différents niveaux de spécificités.
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