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“Alle wichtigen Entscheidungen müssen auf der Basis
lückenhafter Daten getroffen werden.”

“All important decisions must be made on the basis of
incomplete data.”

— Mariana Leky, Die Herrenausstatterin



A B S T R A C T

The adaptive immune system is composed of specialised cells that detect and respond to
foreign pathogens. T cells and B cells, the main coordinators of this immune response, present
lymphocyte antigen receptors on their cell surface that can bind to antigens of foreign pathogens.
Lymphocyte antigen receptors encompasses the T-cell receptor (TCR) on the surface of T cells,
which bind peptide antigens presented by MHC complexes (peptide-MHC) on the surface of
cells. The second type of antigen receptors are immunoglobulins, which either occur as surface
expressed B-cell receptor (BCR) or secreted antibodies by B cells.

This thesis investigates how the biophysical properties of an interaction between antigen
receptors and their antigen is translated into a functional cellular response. Specifically, the
focus is on how the TCR discriminates between foreign and endogenous (self) antigens. In a
second project the mechanism of antibody/antigen binding and its impact of antibody function
is examined. This involved developing advanced SPR methods to measure ultra-low affinity
interaction and bivalent binding. The affinity measurements are then compared with the
functional responses the antigens evoke by measuring T-cell activation and the neutralisation
potency of antibodies.

project 1 : antigen discrimination by the tcr T cells use their TCRs to discriminate
between lower-affinity self and higher-affinity foreign antigens. Early studies on murine
TCRs showed that TCRs are capable of perfectly discriminating between small difference in
antigens. This means that antigens with a slight change in structure and binding affinity
compared to the cognate, stimulatory antigen were unable to activate T cells, regardless
of their concentration. The concept of perfect antigen discrimination cannot be reconciled
with recent clinical evidence on T-cell off-target toxicity, and autoimmune responses. To
understand this apparent discrepancy, this thesis revisits antigen discrimination by the TCR.
The discrimination strength is quantified from previously published data and by remeasuring
affinities of the OT-I-TCR to antigen variants. This analysis reveals that the discrimination
strength is significantly lower than the current consensus, which means low-affinity antigens
can induce an immune response when present at high concentrations. Though lower, TCRs
still have enhanced discrimination compared to other surface ligand receptors. This thesis also
reports the first affinity measurements of TCR binding naturally occurring self-peptide-MHCs
at physiological temperatures.
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project 2 : bivalent antibody binding Antibodies carry two identical binding sites,
which allow them to achieve strong binding to their antigen through bivalent binding and thus
increase their neutralisation potency. Although antibodies bind bivalently, current methods
to screen and optimise them rely on methods that measure monovalent binding. However
monovalent binding parameters have failed to predict the neutralisation potency of antibodies.
Interestingly, methods to measure bivalent binding using SPR are readily available but there
are currently no mathematical models that can be used to analyse this bivalent data. This
thesis presents a particle-based bivalent model that relies on stochastic-spatial simulations
to analyse bivalent binding data. The model includes a new biophysical parameter, termed
the ‘molecular reach’, that quantifies the maximum separation distance between two antigens
that still allows a single antibody to bind them both simultaneously. The model is used to
determine the binding kinetics of a panel of 80 antibodies isolated from COVID-19 patients that
recognise the receptor-binding-domain (RBD) of SARS-CoV-2. This revealed that the molecular
reach of an antibody is the strongest correlate of SARS-CoV-2 viral neutralisation. Using the
bivalent binding parameters, the antibody concentrations required for viral neutralisation were
predicted.
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1
I N T R O D U C T I O N

Cells sense and respond to their environment through expressing surface receptors that

recognise extracellular ligands. Studying this recognition event can uncover how receptors

decode and translate the information provided by the ligand to mediate a specific cellular

response. The consensus is that the biophysical properties of the receptor/ligand interaction

dictate the cellular response and that these properties are fully encoded in their atomic

structure [1]. This concept is frequently used to rationally optimise therapeutic drugs. In the

adaptive immune system, lymphocyte antigen receptors enable lymphocytes to detect foreign

pathogens in the body. There are two types of lymphocyte antigen receptors: T-cell receptors

(TCR) and immunoglobins. Immunoglobins can occur as either B-cell receptors or secreted by

B cells as antibodies. These receptors bind specifically to structures on pathogens known as

antigens. The recognition of foreign antigens is critical for the initiation of an effective immune

response that leads to the elimination of the pathogen. Despite significant advancements,

our understanding of how lymphocyte antigen receptors recognise their ligands remains

incomplete. Intriguingly, biophysical properties of the ligand-receptor interaction, such as

its strength or lifetime, appear to be inadequate to explain the cellular responses elicited by

antigen receptors. This discrepancy poses a fundamental challenge in understanding the

mechanism of lymphocyte activation. In this thesis, I will explore two main open questions

concerning the recognition of antigens by TCRs and antibodies.

The first of these questions revolves around one of the crucial features of the TCR: its ability to

recognise harmful foreign antigens while tolerating healthy self-antigens. It is unclear how

this discrimination between foreign and self-antigens by the TCR is achieved with this level of

accuracy in the periphery. This thesis will address this question by measuring the affinities and

kinetics of TCR-antigen interactions. Surface Plasmon Resonance (SPR) is a method to study
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1.1 chapter overview 2

protein interactions in vitro and is used throughout this thesis. The data is then used to test

different models and challenge our current understanding of TCR antigen discrimination.

The second question addressed in this thesis concerns the functional effectiveness of antibodies.

It is believed that the affinity of antibody-antigen interaction dictates their effectiveness in

eliminating pathogens. However, when the affinity of the interaction is measured it does not

correlate with the antibodies’ functional effectiveness. This thesis hypothesises that the ability

of antibodies to bind to multiple antigens simultaneously is crucial to understanding their

functions. In other words bivalent binding increases their overall binding strength. This thesis

presents a new model that quantifies bivalent binding from SPR binding data and successfully

identifies the properties that determine antibody effectiveness.

Overall, this thesis shows that both these questions can be resolved with more quantitative and

accurate measurements of binding properties. It proves that the function of lymphocyte antigen

receptors is intricately connected to the biophysical properties of their antigen interactions.

It establishes new SPR methods for the study of protein interactions and provides datasets

for the use of other researchers. The work presented here has implications for basic science

and clinical applications. Harnessing the unique antigen discrimination capabilities of T-cell

receptors could optimize immunotherapeutic strategies, and deepen our understanding of

autoimmune diseases. The improved understanding of antibody-antigen interactions can also

help in optimising antibodies for therapy and enhancing vaccine development.

1.1 Chapter overview

chapter 2 : background. We will review the structure and function of TCRs and

antibodies and introduce the main theories regarding TCR antigen discrimination.

chapter 3 : meta-analysis of antigen discrimination by the tcr . This chapter

systematically quantifies the antigen discriminatory strength by performing a meta-analysis of

published data for a large number of mouse and human TCR systems. We will see that the

discrimination strength of TCR is weaker than originally believed but is still uniquely enhanced
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compared to other ligand receptors. This chapter also sheds light on the cellular mechanism

that regulates antigen discrimination.

chapter 4 : revised 3d affinities for the ot-i tcr . The OT-I TCR is one of the

most commonly studied TCR systems. In this chapter, the OT-I interaction affinity to 20

variant peptides is measured at physiological temperatures. These measurements include the

interaction of OT-I with naturally occurring self-peptides. Combined with functional data, this

data validates the enhanced but imperfect discrimination strength identified in the previous

chapter.

chapter 5 : quantifying the bivalent binding of antibodies . In Chapter 5

we will shift our focus to antibodies. A particle-based model is presented that can accurately

quantify the bivalent binding parameters of antibody-antigen interaction from SPR data. This

model allows us to explain and predict the functional effectiveness of antibodies.

chapter 6 : bivalent binding to study tcr-antigen interactions . In this

chapter a new method is introduced to measure ultrafast kinetic interactions with SPR. This

method relies on creating a synthetic bivalent TCR to increase binding affinity, taking inspiration

from antibody bivalent binding. The particle model developed in Chapter 5 is employed to

obtain accurate parameters of low-affinity interactions.

chapter 7 : conclusion In the last chapter, the main findings of this thesis are sum-

marised and their future implications for both research and therapeutic applications are

discussed.

1.2 Contributions

Throughout my PhD, I collaborated with many people who contributed data to the projects

presented in this thesis. This thesis is largely written in the first-person plural to stylistically

reflect the support and influence of those involved in this research. However, all work presented

within this thesis is my own except for the contributions by others clearly stated below.
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Enas Abu Sha, Johannes Pettmann, Mikhail Kutuzov developed and tested the ultra-low

affinity SPR methods used in Chapter 4. Mikhail Kutuzov also helped me produce the soluble

TCR and pMHC proteins for the SPR experiments in Chapter 4 and Chapter 6. I would like

to thank Andrew Sewell for providing me with the expression plasmid for the OT-I TCR.

Audrey Gerade and her lab performed the functional T cell experiments in Chapter 4. Dan

Wilson derived the equation for fitting a kinetic proofreading model used in Chapter 3 and

Chapter 4.

Samuel Isaacson and Daniel Wilson developed and implemented the bivalent particle-based

model introduced in Chapter 5. Tiong Kit Tan and Wanwisa Dejnirattisai provided the anti-

RBD antibodies used in Chapter 5. Mikhail Kutuzov conducted all bivalent SPR experiments,

while Robert Donat conducted the monovalent SPR experiments. The molecular dynamic

simulations of antibody/antigen binding in Chapter 5 were performed by Daniel Nissley.

Antibody neutralisation experiments were performed by William James and Wanwisa Dejni-

rattisai.

Claudia Driscoll produced the DoubleCatcher protein and monovalent streptavidin used in

Chapter 6.

1.3 Publications

Parts of this thesis have been published in the following publications.

Pettmann J, Huhn A, Abu Shah E, Kutuzov MA, Wilson DB, Dustin ML, Davis SJ, van der

Merwe PA, Dushek O. (2021) The discriminatory power of the T cell receptor. Elife.

Pettmann J, Awada L, Różycki B, Huhn A, Faour S, Kutuzov M, Limozin L, Weikl TR, van der

Merwe PA, Robert P, Dushek O. (2023) Mechanical forces impair antigen discrimination by

reducing differences in T-cell receptor/peptide–MHC off-rates. The EMBO Journal.

Huhn A, Nissley DA, Wilson DB, Kutuzov MA, Donat R, Tan TK, Zhang Y, Barton MI, Liu C,

Dejnirattisai W, Supasa P et al. (2023) The molecular reach of antibodies determines their

SARS-CoV-2 neutralisation potency. bioRxiv.
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During the past few years, I wrote and edited several articles on Wikipedia, including articles

on the T-cell receptor, kinetic segregation, non-catalytic tyrosine-phosphorylated receptors and

neutralising antibodies.



2
B A C K G R O U N D

2.1 The adaptive immune response

The human immune system defends our body against potentially dangerous invaders. It

destroys foreign pathogens, such as viruses, bacteria, protozoa, helminths, and fungi, as well

as toxins. It also protects us from degenerated and cancer cells, and it clears our body from

dead cells and damaged tissue. These functions are performed by highly specialised cells that

employ intricate signalling networks to detect and react to incoming threats.

We generally separate the immune response into an innate response and an adaptive response.

Cells of the innate immune system produce germ-line encoded receptors that recognise

conserved patterns present in many microbes and toxins, for example, lipopolysaccharides

on the surface of bacteria, or single-stranded DNA carried by viruses [2]. This triggers an

inflammatory response resulting in the killing of the pathogens. Because of the large number

of cells that carry the same receptor, the innate immune system can rapidly recognise and

respond to an invader.

The adaptive immune system, on the other hand, recognises highly specific structures

of a particular pathogen strain, so-called antigens. The main cell types of the adaptive

immune system are lymphocytes; specifically lymphocytes derived from the thymus (T cells)

and lymphocytes derived from the bone marrow (B cells) that roam around the body and

recognise antigens. They express antigen-specific receptors: the T-cell receptor (TCR) on T

cells and immunoglobulin (Ig) expressed by B cells. Immunoglobulins occur either as B-cell

receptors (BCRs) on the B cell surface or in secreted form known as antibodies. TCR and BCR

genes have a common ancestor as evidenced by the similar domain structure, signalling pathway

6



2.1 the adaptive immune response 7

and development [3–5]. During T and B cell development, random somatic recombination of the

genes encoding these antigen receptors allows the generation of millions of different variants of

the receptor proteins. Hence, each lymphocyte carries a different antigen receptor with a unique

specificity to a pathogen. Collectively this highly diverse receptor repertoire can recognise a

plethora of different antigenic structures. Upon antigen recognition, the antigen-specific cells

start to proliferate to generate many cells with the same antigen-specificity, a process known

as clonal expansion [6,7]. Random generation of antigen receptors could generate receptors

that bind to healthy, endogenous cells, resulting in an attack of self-tissue. A crucial feature

of antigen-specific lymphocytes is therefore their ability to discriminate between foreign and

self-antigens, giving rise to immunological tolerance of self-tissue.

The adaptive immune system employs a range of effector functions to eliminate pathogens

in the most effective way. Depending on the type of pathogen, whether it is an extracellular or

intracellular bacterium, a virus infection, or a parasite, a different effector response is launched.

Even though TCRs and BCRs arose from the same ancestor, they occupy distinct functions in the

adaptive immune response and recognise different types of antigens. B cells recognise a wide

variety of structures of extracellular pathogens and their toxins. After binding to an antigen,

they start secreting antibodies with the same antigen specificity as their BCR. Antibodies

bind to pathogens or toxins. In some cases, this can directly neutralise them, for example by

blocking important structures on the surface of viruses such that they cannot infect their host

cells anymore. In other cases, antibody binding allows the recruitment of the complement

system, which can directly destroy pathogens. It also allows the recognition and elimination

of pathogens by cells of the innate immune system. T cells, on the other hand, recognise

foreign antigens in the form of short peptides presented by the major histocompatibility

complex (MHC) on cell surfaces. These peptides are generated inside the cells through routine

protein digestion, which allows T cells to detect intracellular pathogens and cancer cells. T

cells differentiate into cytotoxic T cells or helper T cells. Upon antigen recognition, cytotoxic

T cells can directly kill the infected cell, while helper T cells coordinate an immune response

through activation of other cells of the immune system, including B cells. The immune system

has the ability to remember specific antigens it has encountered by generating long-lived T

and B cells. This immunological memory allows for a more rapid and effective response upon

subsequent exposure.
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The adaptive immune response must maintain a careful balance between activation and toler-

ance to ensure adequate lymphocyte responses to infections while preventing autoimmunity

due to excessive activation. Therefore the immune system employs multiple mechanisms to

precisely control lymphocyte activation. In the following sections, the structure of lymphocyte

antigen receptors and their binding partners will be introduced as well with the processes that

regulate lymphocyte activation and immunological tolerance.

2.2 T cell receptors

2.2.1 TCR binds processed peptides presented by MHC

MHC proteins bind short peptide fragments that are between 8 - 15 amino acids in length

(peptide-MHC complex, pMHC for short), which allows the presentation of these peptides

to T cells. There are two classes of MHCs, MHC Class I and MHC Class II. The two classes

obtain their peptides from different sources and importantly differ in the immune response

they trigger [8]. The general structure of both MHC class I and II is quite similar. Both consist

of two protein chains that form a dimer (Fig. 2.1A and B). Proximal to the membrane, they

have two Ig-like domains, and further away from the membrane, two domains create a peptide

binding groove, which facilitates the binding and presentation of peptide fragments . In both

MHC classes, peptides are held in place between two anti-parallel alpha helixes with a base

composed of eight anti-parallel beta-pleated sheets (Fig. 2.1C). Peptide fragments bind stable

to the peptide binding groove via a series of ionic and hydrogen bonds. The amino acids of the

peptide that interact with MHCs are called anchor residues.

To ensure that a broad range of peptides can be bound and presented, MHC genes are highly

polymorphic, with a total of 38000 different MHC alleles currently identified in the human

population [10,11]. An individual can carry up to 6 different MHC Class I alleles and 6-8 different

MHC Class II alleles. The polymorphism is located at the base of the peptide binding resulting

in amino acid differences at key peptide binding sites [12]. Thus every MHC allele has a slightly

different substrate preference.

The MHC class I molecule is made of a polymorphic heavy α chain, composed of three

extracellular domains (α1, α2, and α3) and a transmembrane domain. Domains α1 and α2
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a b c

Figure 2.1: MHC structure. (A) MHC Class I schematic (image taken from [9]). (B) MHC Class II
schematic (image taken from [9]) (C) Structure of peptide binding groove of MHC Class I (image taken
from [9])

form the peptide binding groove, whereas α3 is an Ig-like domain. The heavy α chain is

noncovalently associated with the non-polymorphic β2-microglobulin (β2m) domain, which

forms the second Ig-like domain (Fig. 2.1A). MHC Class I molecules bind peptides that are

between 8 and 10 amino acids long. MHC class II is composed of two polypeptide chains, α and

β, each consisting of two domains and a transmembrane domain (Fig. 2.1B). The N-terminal

domains of the α and β chains combine to form the peptide binding groove. Compared to class

I, class II can bind significantly longer peptides, with a length ranging from 13 to 17 amino

acids.

2.2.2 Generation of pMHC

Class I and Class II MHCs are expressed on distinct cell types and present peptides from

different sources, reflecting the different immune responses they trigger. MHC Class I molecules

are expressed by every cell type in the body. They present peptides that are derived from

proteins in the cytosol of the cells [13]. This enables the detection of antigens associated with

intracellular infections and cancer cells. Peptides presented by MHC Class I are identified by

cytotoxic T cells, which can promptly eliminate the recognised cell. Cytotoxic T cells express

the CD8 surface receptor (CD8
+ cells) that binds to MHC Class I.

On the other hand, MHC class II molecules are exclusively found on "professional" anti-

gen presenting cells (APCs). These mainly include dendritic cells, B cells, and macrophages.

Peptides originate from materials taken up from the extracellular environment, such as extra-
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cellular pathogens, and cellular debris [13]. Recognition of MHC Class II occurs by helper T

cells, which subsequently stimulate other effector cells to efficiently eliminate the infection. T

helper cells express the CD4 coreceptor (CD4
+ T cells) that can bind MHC Class II molecules.

The mechanism of peptide generation and presentation on MHCs is described in detail in the

following section.

for mhc class i peptide presentation, proteins in the cytosol are degraded by the ubiquitin-

proteasome complex [14]. Cytosolic proteins tagged for degradation with ubiquitin are delivered

to the proteasome, a multicomponent protease complex [15]. The central core of the proteasome

contains catalytically active β-subunits that cleave proteins into peptides, typically 8-10 amino

acids in length. These peptides are then transported into the endoplasmic reticulum (ER) by

the transporter associated with antigen processing (TAP), an ABC transporter composed of a

TAP1–TAP2 heterodimer [16]. Inside the ER, peptides are loaded onto MHC Class I molecules

by a large multimeric complex called the peptide-loading complex (PLC). The PLC includes

TAP, tapasin, ERp57, calreticulin, and calnexin [17]. Calnexin stabilises the MHC Class I alpha

chain until beta2m is bound. In the absence of a peptide, the MHC molecule is very unstable

and requires the chaperones calreticulin and ERp57 for stabilisation. Tapasin binds both to

ERp57 and the TAP complex, positioning the empty MHC Class I molecules close to the source

of peptides. Furthermore, tapasin stabilises the peptide-binding groove in an open position for

optimal peptide loading [18]. Once loaded with a peptide, the MHC Class I molecule dissociates

from the PLC and is transported to the cell surface.

for mhc class ii peptide presentation, extracellular antigens are captured via phagocytosis

or endocytosis, mediated by various receptors such as the BCR, mannose receptor, complement

receptors, and Fc receptors [13]. Alternatively, antigens can be taken up nonspecifically through

macropinocytosis and autophagy. Internalised antigens are delivered to endolysosomal vesicles

where antigen processing and MHC loading take place. Here, the proteins are exposed to

acidic and reducing conditions that help unfold the proteins [19]. Proteolysis is catalysed by

cathepsin proteases [20]. During the synthesis of class II MHC molecules in the endoplasmic

reticulum, they associate with the invariant chain (Ii). The Ii blocks the MHC binding cleft to

prevent peptide loading with cytosolic peptides and contains a sorting signal in its N-terminal

tail that directs the transport of MHC Class II to endolysosomal vesicles. Once in these vesicles,

cathepsins cleave the invariant chain, leaving a small fragment bound to the binding groove,
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called the CLIP peptide. HLA-DM, a protein similar to MHC Class II, facilitates the exchange of

CLIP for antigenic peptides. Through interactions with HLA-DM, bound peptides are removed

from the MHC Class II binding groove and replaced with other peptides [21]. This cycle of

peptide replacement continues until a high-affinity peptide is found that can no longer be

displaced by HLA-DM. This process generates highly stable MHC Class II-peptide complexes.

The pMHC complex is then transported to the cell surface for presentation to T cells.

Importantly, during pMHC generation, antigen-presenting cells do not differentiate between

antigens from foreign pathogens and antigens that originate from healthy endogenous cells

(self-antigens) and thus process and present a large number of self-protein derived pMHCs

whether an infection is present or not. In an infected cell, the numbers of foreign pMHC can be

very low. For example in HIV-infected CD4+ T-cells, only 8-46 pMHCs out of approximately

100 000 total pMHCs per cell present HIV-specific peptides [22].

2.2.3 Structure of the TCR

Peptide-MHC complexes interact with the αβTCR that is expressed by most T cells. The

αβTCR is a heterodimeric protein consisting of an α chain (TCRα) and a β chain (TCRβ)

linked by a disulfide bond. Every T cell expresses about 30,000 - 40,000 T-cell receptors on its

membrane [23]. A minority of T cells express the unconventional γδ TCR. Here we will only be

discussing the αβTCR.

The TCRα and TCRβ chains both consist of two extracellular domains - a variable domain

and a constant domain. These are followed by a connecting peptide (Cp), a transmembrane

domain, and a short cytoplasmic tail (Fig. 2.2A). The variable domain is responsible for binding

to pMHC. This region is assembled by random recombination during T cell development in

the thymus and therefore differs between TCRs. The structure of the constant region, on the

other hand, is germ-line encoded and shared by all TCRs.

Structural diversity of the variable domain is achieved by somatic recombination from a

large number of potential gene fragments in the TCR loci [9]. The TCRα locus is formed

from the variable (V) and joining (J) gene segments, while the TCRβ locus includes an

additional diversity (D) segment along with the V and J gene segments. VDJ recombination is
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a b c

Figure 2.2: TCR structure. (A) Schematic of αβTCR (image taken from [9]). (B) CryoEM structure of
full αβTCR-CD3 complex (image taken from Sušac et al. [24]) (C) Schematic of full TCR-CD3 complex
(image taken from [9]

carried out by the recombination activating gene (RAG)1 and RAG2, which randomly bind

to recombination signal sequences (RSS) flanking the V, D, or J gene segments. This binding

brings the segments into close proximity, allowing the intermediate DNA sequence to be

excised. Non-template encoded and palindromic nucleotides are randomly added at VDJ joints

by terminal deoxynucleotidyl transferase (TdT), a template-independent DNA polymerase, and

the Artemis nuclease, respectively, along with the removal of nucleotides. Random nucleotide

addition by TdT contributes to approximately 90% of T cell repertoire diversity [25].

The TCR variable region contains six complementarity-determining regions (CDRs), three

per chain called CDR1, 2 and 3. CDRs are hypervariable loops that form the binding site for

pMHC. Importantly, they bind to both the antigenic peptide and the MHC itself [12,24]. Structural

analyses of TCR of TCR/pMHC complexes have revealed that the peptide is primarily bound

by the CDR3α and CDR3β loops. CDR3 lies at the junction between the rearranged V, D,

and J segments and thus includes randomly added nucleotides, resulting in a high degree of

genetic variability. CDR3 loops therefore significantly contribute to the specificity of the TCR.

The interaction between MHC and TCR is primarily mediated by CDR1 and CDR2 however

they frequently also contribute to peptide binding. In contrast to the CDR3, CDR1 and CDR2

are entirely encoded by V genes [12,26]. The αβTCRs bind pMHC with relatively weak affinity

(1 µM-100 µM) compared to other surface ligand receptors [27,28].

Crystal structures reveal that both TCR and pMHC extracellular domains measure about

7 nm in length [29,30]. Together, a TCR-CD3 complex bound to pMHC spans an intermembrane
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distance of approximately 14 nm [24,31] (Fig. 2.2B). In contrast to the crystal structures, recent

CryoEM structures of human TCR-CD3 complexes obtained in a native-like lipid environ-

ment suggest that the TCR’s extracellular domain has a more compact structure, measuring

approximately 3-4 nm [32].

In the plasma membrane, the αβTCR forms a complex with the CD3ϵγ, CD3ϵδ, and CD3ζζ

dimers through interactions in their transmembrane and Cp domains [33] (Fig. 2.2C). The

CD3 proteins have long, unstructured cytosolic tails containing tyrosine residues that can

bind signalling proteins during TCR activation. Specifically, they contain immunoreceptor

tyrosine-based activation motifs (ITAMs), which are short amino acid sequences consisting of

two conserved tyrosines and two leucines or isoleucines spaced at specific intervals (YxxL/I-

X(6-8)-YxxL/I, where Y is tyrosine, L is leucine, I is isoleucine, and X is any amino acid) [34,35].

When the tyrosine residues within ITAMs become phosphorylated they serve as binding sites

for SH2 domain-containing proteins. The TCR alpha and beta chains themselves do not carry

any signalling domains; thus the CD3 domains act as adapter proteins that propagate the

pMHC/TCR binding event to the downstream signalling pathway. Each of the CD3γ/δ/ϵ

subunits is composed of a single extracellular Ig domain and a cytosolic domain containing

a single ITAM motif. On the other hand, CD3ζ only has a short extracellular domain but

a long cytoplasmic domain containing three ITAM motifs. In addition to ITAMs, the CD3

cytoplasmic tails contain a proline-rich region (PRR) and “basic rich stretch” (BRS) motifs that

are abundant in positively charged amino acid residues. Only recently the structure of the full

TCR-CD3 complex has been solved, providing insight into the arrangement of TCR and CD3

dimers [24,32,36,37]. The structure shows that the αβTCR is positioned at the centre of the complex

while CD3 dimers assemble around it. The structure of the cytoplasmic tails has not yet been

resolved due to low electron density in cryoEM images, likely because they are unstructured

and highly mobile. However, Nuclear Magnetic Resonance (NMR) and fluorescence resonance

energy transfer (FRET) experiments have shown that the CD3 cytoplasmic domains bind to the

plasma membrane via their BRS domain interacting with anionic phospholipids [38,39]. Upon

binding of TCR/pMHC, these domains dissociate from the membrane [40].
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2.2.4 T cell signalling and activation

T cells travel through the body via the blood and lymphatic system, continuously searching for

foreign antigens. They move in response to chemical signals, known as chemokines, which

guide them towards areas of infection or inflammation. When T cells encounter antigen-

presenting cells or other target cells, they scan the pMHC molecules on the surface of these

cells for their cognate pMHC, which their TCR can bind with high specificity.

Upon binding to pMHC, the TCR initiates a signalling cascade that leads to the activation

of the T cell. The signalling pathway involves protein phosphorylation, transcription factor

activation and cytoskeletal remodelling. During this process, T cells form an immunological

synapse that allows them to stay in contact with the target cell for several hours. Once activated,

T cells undergo rapid proliferation, and antigen-inexperienced naïve T cells differentiate into

effector and memory cells. Effector T cells then carry out various functions, such as releasing

cytokines to recruit other immune cells, providing help to B cells to produce antibodies, or

directly killing infected or abnormal cells. TCR activation is modulated by additional signals

from co-signalling receptors and cytokines. In the following section, the antigen recognition

and signalling events leading to T cell activation are discussed.

2.2.4.1 Target cell scanning by microvilli

The extracellular surface of APCs and other target cells are covered by the glycocalyx, a dense

matrix of glycoproteins, glycolipids, and carbohydrates that extends 50 nm-500 nm from the

membrane. It acts as a physical barrier, protecting the cell from close membrane contact with

other cells [41,42]. The glycocalyx also hinders TCR/pMHC recognition [43]. To penetrate the

glycocalyx, T cells have numerous finger-like protrusions on their membrane surface termed

microvilli, first observed by scanning electron microscopy [44]. Microvilli measure between

100 nm and 4 µm in length and between 70 and 350 nm in diameter [45,46]. They contain actin

filaments, which allow them to be highly mobile and exert force on the glycocalyx of the target

cell. This process physically excludes the glycocalyx on the target cells [47]. Glycocalyx puncture

by microvilli and the formation of small contacts of less than 0.5 µm in diameter on supported

lipid bilayers were observed using total internal reflection fluorescence microscopy [43]. T cells

express CD2, a cell adhesion protein interacting with CD58 on the target cell [48]. This interaction

is required to stabilise the contact between the T cell and the target cell for efficient pMHC
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scanning [43]. Thus, microvilli allow the penetration of the glycocalyx and drive membrane

apposition for CD2 binding, allowing the T cell to establish close membrane contacts and scan

the surface for their cognate antigen [47].

2.2.4.2 TCR triggering

The first observable step in the TCR signalling pathway is the tyrosine phosphorylation of

the CD3 ITAM motifs by the protein tyrosine kinase Lck [49,50]. The phosphorylated ITAM

residues serve as docking sites for downstream signalling molecules, which can propagate the

signal [51,52]. Receptor triggering describes the process by which a ligand-receptor interaction

induces biochemical changes in the intracellular signalling domain of the receptor. For the

TCR this involves inducing changes in the CD3 proteins that result in ITAM phosphorylation.

The TCR-CD3 complex has no intrinsic kinase activity, the ITAMs of the CD3 proteins are

instead phosphorylated by the Lck kinase. Dephosphorylated Lck in its open and active

conformation was found to be present in T cells before TCR/pMHC binding, indicating that a

significant proportion of Lck is active and capable of phosphorylating CD3 ITAMs before TCR

engagement [53,54]. To prevent tonic signalling, TCR triggering needs to make ITAMs receptive

to phosphorylation upon pMHC binding, while an unphosphorylated state is maintained in

the absence of TCR engagement. How pMHC binding to TCR accomplishes this perturbation is

not fully understood. Various mechanisms have been proposed, including kinetic segregation

of kinases and phosphatases, TCR clustering and conformational changes of the TCR-CD3

complex [55]. These competing mechanisms are discussed below.

kinetic segregation The kinetic segregation model proposes that even before pMHC

binds the TCR, CD3 ITAMs are accessible for phosphorylation and are thus constantly phospho-

rylated by Lck [56]. However, TCR triggering is avoided in the unbound state due to the presence

of the CD45 phosphatase which readily removes phosphorylations from tyrosine residues and

inhibits signal initiation. According to the model, CD45 is physically excluded from the bound

TCR complex, perturbing the balance of kinase activity to phosphatase activity in favour of

phosphorylation. This results in the accumulation of ITAM phosphorylation and initiation

of the signal. The concept of physical exclusion of CD45 stems from the observation that the

ectodomain of CD45 is much larger than the TCR pMHC complex [48]. The interaction between

ligand and receptor brings the membranes into close contact, and the gap between membranes
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of approximately 14 nm is too narrow for membrane proteins with large ectodomains to diffuse

into the region, while it is still accessible for the small Lck kinase.

Support for this model comes from the observation that the chemical inhibition of tyrosine

phosphatases induces ITAM phosphorylation and signalling even in the absence of ligand

binding [57]. Furthermore, the segregation of CD45 from ligand-binding regions has been

confirmed experimentally using super-resolution microscopy [31]. It was also shown that when

the extracellular domain of CD45 was artificially truncated such that it was able to enter the

close contact zone, TCR triggering was inhibited [58,59]. The same behaviour was observed when

MHC was elongated such that it could not form close contact zones [58,59].

clustering The discovery that the TCR is not activated by a single soluble pMHC, but by

pMHC dimers or other multimeric pMHC complexes led to the idea that TCR multimerisation

or clustering is necessary for TCR activation [60–63]. It was also observed that TCR microclusters

form around the initial pMHC binding site [64–66]. Further support came from experiments show-

ing that receptor crosslinking or artificial CD3ζ clustering is sufficient to initiate a signal [67,68].

Although it has been clearly shown that artificial clustering can induce T cell activation, we

lack evidence that clustering is happening in vivo. Analysis of the stoichiometry of TCRs upon

ligand binding identified exclusively monomeric TCR–CD3 complexes, contradicting T cell

activation via clustering [69].

conformational change Another model proposes a conformational change of the

TCR-CD3 complex as a mechanism for TCR triggering. Structure analysis using NMR and

cryoEM have revealed that the TCR-CD3 complex can adopt different conformations [32,70]. It

has been proposed that when the CD3 cytoplasmic tails are membrane-bound in the untriggered

state of the TCR, the ITAMs are inaccessible for Lck phosphorylation [38,39]. According to this

model, the binding of pMHC induces a conformational change in the receptor. Through

allosteric effects, the structural change at the pMHC/TCR interface is propagated to the

cytoplasmic CD3 regions. As a result, the CD3 cytoplasmic domains dissociate from the

membrane and become accessible for phosphorylation.

Conformational changes in the TCR ectodomains upon pMHC binding have been ob-

served [71], and modelled using molecular dynamic (MD) simulations [72]. Furthermore, in a

cell-free assay using a purified TCR-CD3 complex, it was shown that the Nck tyrosin kinase
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only interacted with CD3 when pMHC was bound by the TCR, indicating that a conformational

change takes place upon pMHC binding, even in the absence of ITAM phosphorylation [73].

However, we currently still lack evidence that conformational change is required for ITAM

phosphorylation. It was later shown that the Nck/CD3 interaction is not essential for TCR

triggering [74,75]. Furthermore, in experiments where the BRS regions that allow CD3 mem-

brane interaction were mutated to prevent membrane binding, no increased signalling was

observed. [40,76]. Experiments using mutated ITAMs suggest that TCRζ membrane dissociation

requires phosphorylation of TCRζ ITAMs [40]. So far no crystal or cryoEM structures of the TCR-

CD3 complex have shown direct evidence for a conformation change in the CD3 cytoplasmic

tails upon pMHC engagement, as resolving the unstructured CD3 tails with these methods has

proven challenging. Experimental systems that use artificial TCR systems, for example when

the extracellular domain was exchanged against photoreceptor phytochrome B [77], DNA [78],

SpyCatcher system [79] or antibodies as in the case of chimeric antigen receptor (CAR), also

allow TCR triggering, which questions the importance of a conformational change of the TCR

for triggering.

In augmentation to the conformational change model, recent studies have proposed that

the TCR acts as a mechanosensor; conformational change of the αβTCR is induced due to the

presence of tangential force on the TCR/pMHC complex generated by cell movement [80,81].

Force is generated by membranes deforming to allow for TCR-pMHC binding, by additional

adhesion bonds between T cells and target cells, as well as cell movement [82]. The induction of

conformational change by force on the cell-cell interface would explain why conformational

change is not observed in crystal and cryoEM structures of the TCR/pMHC complex, as these

structures are generated in the absence of force. Furthermore, it explains why single soluble

pMHC do not trigger a TCR response. However, precise measurements of the force acting

on the TCR/pMHC complex via a FRET-based sensor revealed a force of less than 5 pN,

indicating a minimal force that may not be strong enough to induce significant conformational

changes [83].

2.2.4.3 Proximal pathway

Once a pMHC molecule binds to TCR, the coreceptors CD8 and CD4 can bind MHC Class I and

Class II, respectively. Lck is associated with the cytoplasmic tails of CD4 and CD8
[84]. The role

of the coreceptor interaction for TCR signalling in mature T cells is not fully understood. Ex-
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periments have shown that the coreceptor binding can stabilize the TCR/pMHC complex [85,86]

and increase T cell sensitivity by facilitating the recruitment of Lck to the TCR [87–89]. The aug-

mentative effect of coreceptors may depend on the strength of the TCR/pMHC interaction [90].

After CD3 ITAMs are phosphorylated by Lck, the protein tyrosine kinase ZAP-70 is re-

cruited to the TCR-CD3 complex [51]. ZAP-70 has a tandem SH2 domain that can bind to the

phosphorylated ITAM motifs. This brings ZAP-70 into close proximity to Lck which in turn

phosphorylates and thereby activates ZAP-70. ZAP-70 can phosphorylate multiple tyrosine

residues of the transmembrane protein LAT. LAT is a scaffolding protein that is attached to the

cell membrane. Although it lacks any catalytic activity, it plays a crucial role in the activation

of many downstream signalling proteins. These proteins, along with other scaffolding proteins,

bind to the phosphorylated tyrosine residues on LAT via their SH2 domains. This brings them

in close proximity to ZAP-70 and Lck which facilitates the activation of downstream signaling

proteins and promotes the further phosphorylation of scaffold proteins. This results in the

formation of large clusters of LAT that act as highly cooperative signalosomes [91,92].

2.2.4.4 Downstream pathway

Molecules that bind the LAT complex include the guanine nucleotide exchange factor VAV1 and

Phospholipase Cγ1 (PLCγ1). VAV1 stimulates cytoskeletal reorganization through activation of

Rho family GTPases, while PLCγ1 generates second messenger molecules diacylglycerol and

inositol-trisphosphate. These molecules disperse throughout the cell to trigger a calcium release

and to activate downstream signalling effectors such as mitogen-activated protein kinases and

protein kinase C.

The result of these signalling events is the activation and nuclear translocation of transcription

factors. This includes the activator protein 1 (AP1), the nuclear factor-κB (NFκB), and the

nuclear factor of activated T cells (NFAT). These factors, along with signals from co-signalling

receptors and cytokine receptors, coordinate diverse T-cell responses, including proliferation,

differentiation, migration, cytokine generation, and cytotoxic activity.

2.2.4.5 Signal intergration

When TCRs are stimulated, the quality or quantity of the resulting signalling is affected by

various factors, such as the strength and length of stimulation. For full T cell activation, it is

proposed that multiple TCRs must be engaged, either by multiple pMHC molecules interacting
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simultaneously or through serial triggering [93]. Serial triggering refers to the sequential

engagement and activation of numerous TCR molecules by a single pMHC ligand [94]. Studies

have shown that a single pMHC ligand can engage and trigger up to 200 TCRs in less than an

hour [95].

At the single-cell level, T-cell activation follows a digital, switch-like response, where T cells

only activate if the stimulus exceeds a specific threshold [96,97]. Below the threshold, the T cell

remains in a non-activated state, without any intermediate states. This switch-like response

may help to reduce noise and may allow complex dynamics on a population level [98]. The

precise biochemical steps encoding this response are not yet fully understood.

On a population level, the T cell response gradually increases as the concentration of ligands

increases, representing an analogue response [96]. The difference between single-cell and

population response can be attributed to the biological noise the system experiences, such

as the non-uniform distribution of pMHCs on APCs and variations in sensitivity within the

T-cell population. The population response can be characterized by a dose-response plot,

which tracks the T-cell response over a range of pMHC concentrations. The response of T

cells to a specific ligand can be assessed in terms of its efficacy and potency. Efficacy denotes

the maximum amplitude of the signalling response triggered by the ligand. Potency refers

to the concentration of the ligand required to induce a physiological response, with lower

concentrations indicating higher potency. Potency is commonly quantified using the EC50 value,

which represents the concentration of the ligand necessary to elicit a half-maximal response.

Both efficacy and potency can be influenced by various factors, including the affinity of the

pMHC for the TCR, the abundance of TCRs on the cell surface, the efficiency of downstream

signalling pathways, and the presence of co-stimulatory or inhibitory signals.

2.2.5 T cell maturation

T cells originate as precursor cells from the bone marrow and mature in the thymus. The

thymus is made up of numerous lobules, each separating into a peripheral thymic cortex, and

a central medulla. It contains a network of epithelial cells known as thymic stroma with which

the developing T cells (called thymocytes) interact. Intrathymic dendritic cells can also be

found in the medulla, along with macrophages. Early experiments revealed the crucial role of
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the thymus in T cell development. When the thymus was removed from mice directly after

birth, it was observed that they did not produce functional T cells [99].

After commitment to the T cell lineage, T cell progenitor cells initiate rearrangement of

their TCR genes beginning with the TCR beta chain and subsequently proceeding to the TCR

alpha chain. T cells that fail to express a functional TCR after recombinations are deleted. To

make sure the newly assembled TCR can recognise peptides in an MHC Class I or Class II

context, only T cells that interact with peptide-MHC complexes receive a survival signal, a

process known as positive selection. To prevent T cells from reacting against self-peptides,

developing T cells whose receptors interact strongly with self-antigens get eliminated in a

process called negative selection. [100]. Positive and negative selection occurs in discrete thymic

microenvironments. The resulting T cell population express a TCR repertoire that possesses a

high specificity towards foreign antigens. Below, the process of positive and negative selection

is discussed in detail.

positive selection Positive selection occurs in the thymic cortex and requires thymo-

cytes to interact with cortical thymic epithelial cells (cTECs) presenting self-peptides on MHC

molecules. Only thymocytes that can recognise pMHC receive survival signals and mature

further. Positive selection ensures that the mature T cells are "MHC-restricted," meaning they

can only recognise antigens when they are presented on the host’s own MHC molecules [101].

The peptides presented by cTECs originate from their cytosol. The cTECs express a unique

catalytic subunit of the proteasome called β5t, which assembles with 3 other subunits to form

the catalytic domain of the proteasome complex [102]. The β5t subunit has an altered substrate

specificity compared to proteasomes incorporating the β5 subunit expressed under normal

conditions and the β5i subunit expressed by infected cells. This results in the production of

different peptide fragments for MHC Class I presentation [103]. Similarly, for antigen presenta-

tion by MHC Class II molecules, cTECs express the unique lysosomal proteases cathepsin L

and thymus-specific serine protease [101]. While studies have demonstrated that mice lacking

a specialized peptidome in the thymus cortex exhibit significant defects in T cell positive

selection [102,104], the exact function of this altered peptidome remains unknown.

Positive selection does not just depend on TCR recognising the MHC, but it has been shown

that the structure of the peptide bound to the MHC molecule significantly influences the

outcome of positive selection. It has been shown that only certain self-peptides can induce
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positive selection of TCR transgenic thymocytes [105] and that self-peptides that induce positive

selection for one T cell clone are not capable of inducing positive selection of another clone [106].

During positive selection, the linage fate of T cells is determined. Double-positive thymocytes,

which initially express both CD4 and CD8 co-receptors, cease to express one co-receptor to

become single-positive cells based on whether their TCR recognises MHC class I or II [107].

CD8 is initially downregulated regardless of whether the TCR recognises MHC class I or

II [108,109]. This observation led to the proposal of the kinetic signalling model as a mechanism

for T cell lineage fate commitment. The model argues that the lineage is decided by TCR

signalling duration [108]. For MHC class I-restricted TCRs that depend on CD8 for signalling,

CD8 downregulation leads to shorter, interrupted signals, directing differentiation into CD8+

cytotoxic T cells. Conversely, TCR signalling in MHC class II-restricted cells remains persistent,

promoting differentiation into CD4+ helper T cells. Recent findings support this model,

showing that the T cell functions are reversed if the co-receptor proteins encoded by the Cd4

and Cd8 genes are switched [110]. CD4+ T cells become cytotoxic, and CD8+ T cells take on

helper functions.

negative selection After successive positive selection, thymocytes migrate to the

medulla. Here, medullary thymic epithelial cells (mTECs) and dendritic cells present a wide

array of self-antigens to developing thymocytes. This repertoire of self-antigens includes

tissue-specific antigens due to the expression of the autoimmune regulator (AIRE) gene in

mTECs, which allows for the presentation of antigens that are otherwise restricted to specific

peripheral tissues. Thymocytes that are strongly activated by binding to self-antigens are

eliminated via induced apoptosis. This process ensures that the mature T cell repertoire does

not contain any potentially autoreactive T cells. This is known as the central tolerance.

The percentage of thymocytes that complete maturation is estimated to be around 5% or

lower [111]. Only roughly 20-25% of thymocytes successfully survive positive selection, indi-

cating that the majority of generated TCRs are incapable of binding to peptides presented by

MHC. Following positive selection, between 10 and 50% of thymocytes proceed to survive

negative selection.

After positive and negative selection, the resulting T cell population express a TCR repertoire

that possesses a high specificity towards foreign antigens. Studies have shown that pMHC
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complexes with low affinity for TCRs (T-cell receptors) induce positive selection, while high-

affinity pMHC complexes lead to negative selection [112–114]. Experiments conducted on fetal

thymic organs have demonstrated the existence of a distinct affinity threshold that separates

positive and negative selection [114]. Positive and negative selection occurs in different temporal

and spatial locations, which could explain the observed affinity distribution. Initially, during

positive selection, all TCRs with any level of affinity to pMHC (low and high) are selected.

Then, during negative selection, only high-affinity TCRs are eliminated. The difference in

response could be regulated by the TCR’s sensitivity. In line with this, it has been demonstrated

that certain proteins expressed in thymocytes can modulate sensitivity [115].

It has been observed that ligands that positively select a TCR in the thymus can induce

proliferation in mature T cells, but the T cells did not differentiate into effector cells [116–119]. This

led to the hypothesis that low-affinity self-peptide interactions contribute to the maintenance

and homeostasis of peripheral T cells.

In summary, after positive and negative selection in the thymus, the TCR repertoire is biased

towards recognising foreign antigens with higher affinity compared to self-antigens, while

maintaining a low but not neglectable affinity toward self-antigens.

2.2.6 Requirements for antigen recognition

Antigen recognition by the TCR faces unique requirements which involve balancing sensitivity,

specificity, cross-reactivity, and speed to ensure effective immune responses against pathogens

while avoiding harmful reactions against self-antigens. Their importance for antigen recognition

is discussed below.

affinity The affinity of a TCR/pMHC interaction is determined by the stability of the

complex. Higher affinity indicates greater stability, typically characterized by long binding

times and slow unbinding rates. Affinity is quantified in units of Molar, with lower values

indicating higher affinity. The affinity between TCR and its cognate pMHC, which induces

a strong activation, is in the range of 1 µM-100 µM. This is a weaker binding affinity in

comparison to other surface ligand receptors such as cytokine receptors (1 pM-100 pM) [120] or

antibodies.
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Various affinity measurements have been conducted to determine what is the affinity of

interactions between positive selecting peptide-MHCs and TCRs. One study by Alam et al. [112]

found that the affinity of a positive selecting peptide was only 4-fold lower than that of the

cognate peptide (20 µM compared to 6 µM for the cognate ligand). The affinity of naturally

occurring peptides for the same TCR was found to be approximately 140 µM measured at

10
◦C. Other studies have estimated affinities for positive selecting peptides to be over 10-fold

lower than that of the cognate pMHC, with affinities of over 500 µM. So far, we do not have a

conclusive affinity measurement of positive selecting self-peptides at 37
◦C. The weak affinity

may allow TCR to screen a large number of pMHC on a target cell within a short time and

engage in serial triggering.

sensitivity TCRs must be sensitive enough to respond to foreign pMHC even if present

at low concentrations on antigen-presenting cells. For example in HIV-infected CD4+ T-cells,

only 8-46 pMHCs out of approximately 100 000 total pMHCs per cell present HIV-specific

peptides [22]. Other studies showed that only 0.1% of all MHC molecules on a cell present a

specific peptide [121]. Some viruses, like Cytomegalovirus, are able to downregulate pMHCs

presentation.

In vitro T cell activation assays have shown that the TCR can be activated by as little as one

high-affinity pMHC, demonstrated with using APCs presenting a single pMHC [122,123], with

an isolated pMHC coupled to a DNA origami surface [93].

The sensitivity of T cells towards antigens is not a constant value. It can be adjusted by

altering the expression levels of TCR, coreceptors, and co-signalling receptors, or by expressing

intracellular proteins that influence the TCR signalling pathway [124].

discrimination TCRs exhibit high specificity for foreign antigens, preventing the im-

mune system from targeting the body’s own cells. While thymic selection biases the TCR

repertoire towards foreign peptides, TCRs maintain a low, but non-neglectable affinity for self-

peptide-MHC complexes as a consequence of positive selection [119]. Consequently, additional

tolerance mechanisms in the periphery are necessary to prevent T cells from being activated by

low-affinity self-pMHC interactions, even when present at high concentrations. This ability of

T cells to discriminate between foreign and self-pMHCs is termed antigen discrimination.
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The challenge is that foreign and self-antigens can be quite similar. For instance, cancerous

tissue may differ from healthy tissue by only a few mutations while viruses like the Epstein-Barr

virus mimic human proteins to evade immune detection [125,126]. Early experiments investigating

the effects of peptide variants on TCR affinity and T cell function have revealed that positive-

selecting, self-peptides can differ from the activating, cognate peptide by just a single amino

acid and only have a marginally, 3-5-fold lower affinity. However, they completely failed to elicit

a T cell response, even when the pMHC concentration was increased by 105-106-fold [112,127–131].

These studies suggested that TCRs are capable of detecting minute biophysical differences

in pMHCs and amplifying them to large differences in potency. Decreased binding strength

cannot be compensated by an increase in pMHC concentration.

Failure in precise antigen discrimination can have detrimental consequences, such as T cells

wrongly recognising and attacking self-tissue and thus causing autoimmune diseases, or T

cells not reacting to pathogens and cancerous cells.

cross-reactivity While antigen specificity is essential, some level of cross-reactivity

is also an inherent and necessary feature of TCR recognition to provide broad protection

against diverse pathogens. TCR cross-reactivity refers to the ability of a single TCR to recognise

multiple distinct pMHC complexes. This concept was initially proposed by Mason [132], who

showed that the necessity for cross-reactivity arises from the vast number of potential peptide

fragments - estimated at over 1015 - that can be presented by MHCs, while the number of

T cells in the body is limited to about 5 × 1011 cells [133]. Thus, for the limited pool of TCRs

to effectively recognise the multitude of theoretical foreign peptides, each TCR must be able

to respond to multiple antigens. In consequence, each peptide can be recognised by several

different receptors, which leads to polyclonal T-cell responses. There are further advantages

of cross-reactivity for the immune response. Firstly, it enables a quicker adaptive immune

response, as a cell presenting a foreign peptide needs to encounter fewer T cells before a T

cell is found that responds to it. Additionally, cross-reactivity provides a robust response to

pathogens that mutate their antigens, as memory T cells can still recognise and respond to

similar epitopes. Mason’s theoretical calculations estimated that each TCR needs to respond to

106-107 different antigens, a figure that has been corroborated experimentally [134–136].

The mechanism underlying cross-reactivity involves flexibility in the CDR loops of the TCR

or altered binding orientation, allowing for slight alterations in peptide shape [137]. Interestingly,
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studies have shown that not all recognised peptides exhibit the same potency [134]. While a

fraction of peptides elicit a strong response at low antigen concentrations, comparable to the

cognate peptide, a larger proportion of peptides require higher concentrations to activate the T

cells. Moreover, TCR cross-reactivity is not solely achieved by the recognition of numerous

unrelated peptides. Instead, peptide residues that are in direct contact with the CDR loops

tend to be conserved, while there is more tolerance for substitutions in peptide residues that

are located outside the TCR interface [136].

While cross-reactivity enables T cells to identify a diverse range of pathogens, excessive cross-

reactivity may prompt immune reactions against endogenous tissues, resulting in autoimmune

disorders. Thus, T cells need to uphold non-responsiveness to self-peptides despite the

substantial level of TCR crossreactivity.

speed TCR recognition needs to be rapid to mount an effective immune response against

invading pathogens. T cells must quickly identify foreign antigens to initiate the appropriate

immune reaction, whether it involves activating other immune cells, killing infected cells, or

producing antibodies. Experiments have shown that T cells spend only 1-5 minutes with an

APC if they fail to recognise an antigen [138] and T cell activation occurs within seconds of

binding to a specific antigen [91,96].

2.2.7 Models for antigen discrimination

It is remarkable how TCRs achieve high antigen discrimination, while also maintaining high

sensitivity and cross-reactivity and making the decision to activate at an incredible speed [139].

TCRs must discriminate between structurally similar foreign and self-peptides while being

sensitive to low antigen quantities. Typically, specificity and sensitivity are inversely related,

yet TCRs optimize both simultaneously. They need to maintain non-reactivity to self-antigens

despite high TCR cross-reactivity. Finally, the decision whether to activate or not must happen

within seconds. No other surface receptor has been found to exhibit such a level of ligand

discrimination, emphasizing the exceptional nature of TCRs in this regard.

The degree of antigen discrimination and its underlying mechanisms are still debated. While it

is widely acknowledged that the potency of a pMHC is influenced by its binding strength to the
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TCR [140], there is controversy regarding the specific chemical parameters of pMHC molecules

that determine TCR triggering. While some studies argue for the affinity of pMHC/TCR

interaction as the primary factor, others propose the influence of the mechanical properties of

pMHC under force. It is further debated whether antigen discrimination is an intrinsic property

of the TCR-CD3 complex or if it is encoded within the TCR signalling pathway. Multiple

mechanisms for antigen discrimination have been proposed [55,139,141,142], which are discussed

below.

occupancy model One of the simplest models that describes the relationship between

ligand binding and receptor response is the occupancy model, introduced by Clark [143] in 1926.

This theory is based on the law of mass action, and it states that the response is directly propor-

tional to the number of receptors occupied, ie. bound, by the ligand at equilibrium binding [144].

Receptor occupancy is determined by ligand affinity and concentration. Importantly, with the

occupancy model, a reduction in ligand affinity can be compensated by a linear increase in

ligand concentration. While this model is routinely used to model drug interactions for many

surface receptors [145], it fails to explain the high discrimination strength of the TCR [112,141].

This required the development of more advanced models for antigen discrimination beyond

mass action.

kinetic proofreading model The kinetic proofreading (KP) model was originally

introduced by Hopfield [146] as a mechanism for error correction during the loading of tRNAs

with the correct amino acids. McKeithan [147] applied the model to TCR activation to explain

antigen discrimination. Essentially, the model introduces a time delay between ligand binding

and receptor activation. This delay is achieved by several biochemical steps, called proof-

reading steps, that take place between ligand binding and receptor activation. Only once all

proofreading steps are completed, the receptor is activated. Dissociation of the ligand from the

receptor before all proofreading steps have occurred leads to a reversal of the modification.

From a thermodynamic perspective, the energy required to perform the proofreading steps

allows the discrimination strength to be increased beyond what is possible with mass-action

kinetics. In this model, the T cell activation is determined by the lifetime of the TCR/pMHC

complex. Only pMHCs that bind long enough to the TCR can trigger the downstream TCR

pathway. According to the KP model, a decrease in lifetime can still be compensated by an
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increase in concentration. However, increasing the time delay, either by increasing the number

of proofreading steps or by decreasing the rate at which each step takes place, amplifies the

difference in lifetime between two pMHCs in a non-linear manner. This means, that the longer

the delay, the higher the concentration needed to compensate for the difference in lifetime.

Biologically, it is assumed that the delay comes from multiple phosphorylation events on the

TCR adaptor protein CD3 and other signalling components of the TCR signalling pathway such

as ZAP-70
[148]. If the pMHC dissociates before the receptor is triggered, the TCR is rapidly

dephosphorylated. Support for the model comes from experiments using an artificial TCR

system where the pMHC binding time is under optogenetic control, while all other binding

parameters stay constant [77,148]. In this experimental system, the complex lifetime is a good

predictor of T cell response. Comparing kinetic proofreading simulations to experimental data

shows that the model can account for specificity, however may not be able to account for the

sensitivity of the TCR [148]. Altan-Bonnet and Germain [96] simulated the kinetic proofreading

model for two pMHC with a 5-fold difference in complex lifetime, to test whether the T cell

can be differentially activated by only the peptide with longer binding while maintaining the

experimentally determined sensitivity and speed of the activation. The simulation revealed

that the kinetic proofreading model is not sufficient to explain antigen discrimination without

the loss of ligand sensitivity.

extended kinetic proofreading models Doubts about whether the KP model

can sufficiently explain the high specificity and sensitivity of the TCR led to proposals of

additional mechanisms that augment kinetic proofreading. Aleksic et al. [149] proposes that

not just the binding time but instead the confinement time determines TCR activation, which

not only depends on the complex lifetime but also the time it takes for pMHC/TCR to form.

Specificity can be further improved by introducing positive or negative feedback to the kinetic

proofreading (KP) model, for example by adding negative feedback in the proximal TCR

signalling pathway that reduces the impact of high pMHC concentrations [150]. Phosphatase

SHP-1 was suggested to be the main regulator of the negative feedback. The model can explain

the discrimination of pMHC with five-fold different affinity. However, the model predictions

for SHP-1 have not been verified so far. Another model suggests induced TCR rebinding

upon ligand binding [151]. According to this model, TCR clusters grow when TCR is triggered,

such that a pMHC that dissociates from one TCR is likely to rebind another TCR immediately,
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creating positive feedback. However, interactions between TCRs upon pMHC binding have not

been experimentally observed [152].

tcr as mechanosensor Huang et al. [153] measured the lifetimes of the TCR/pMHC

complex at the cell-to-cell interface. These interactions are considered two-dimensional (2D)

due to the proteins being restricted to lateral movement on the membrane. Unexpectedly, the

2D lifetimes were significantly different than the three-dimensional (3D) lifetimes measured

between soluble TCRs and pMHCs in solution. Furthermore, the 2D affinities correlated better

with T cell response than the 3D counterparts. This observation suggested that pMHC-TCR

bond lifetimes are modulated by the cellular environment.

The observation that TCR triggering is sensitive to mechanical force has led to experiments

testing the impact of force on antigen discrimination [81]. Liu et al. [154] showed that TCR

interaction with activating pMHC has an increased lifetime at higher forces. This phenomenon,

so-called catch bond formation, was not observed for non-activating peptides. A dynamic

structural model of TCR activation was proposed. According to this model, non-activating

peptides form slip bonds, where the lifetime of the receptor interaction decreases with increas-

ing tensile force, while catch bonds are produced by activating peptides, where the lifetime

increases with increasing force. Hence, antigen discrimination with a strong affinity threshold

is explained by the increased difference in bond lifetime under force at the cell-cell interface.

Structural analyses further suggested that the binding of activating pMHC under force induces

a conformational change in the TCR [155]. This insight has prompted the integration of the

catch bond model of antigen discrimination with the conformational change model of TCR

triggering, proposing that antigen discrimination is an intrinsic property of the TCR. This

model can explain the high discrimination; only the cognate peptide can induce the specific

conformational change. If a peptide with a small variation in sequence fails to induce the

conformational change, it cannot activate the receptor [139]. This lack of activation cannot be

compensated by an increase in ligand concentration. Therefore discrimination is completely

defined at the level of the TCR/pMHC interaction.

However, the experiments that observed catch bonds upon pMHC binding have been

performed with living T cells, capable of signalling. In the experiments, TCR and pMHC

were brought into contact for approximately 100 ms. This may be enough time to initiate an

intracellular response by the TCR. Thus we cannot conclusively say whether the catch bond
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phenomenon is the cause of antigen discrimination or just a consequence of it because T cells

had time to build up additional adhesion bonds after activation. Cell-free measurements of

TCR-pMHC bond kinetics under force did not show catch bond behaviour, arguing for catch

bond being a consequence of antigen discrimination [156,157].

In conclusion, we must obtain more precise data on both 3D and 2D affinities and kinetics across

various TCR systems to effectively compare different models and elucidate the mechanisms

underlying antigen discrimination.

2.3 Antibodies

Antibodies are produced by B cells during an immune response and form the humoral

component of the adaptive immune system. Unlike TCRs, which are restricted to binding short

peptides presented by MHC on cells, antibodies can bind a much wider range of antigens. In

general, they can recognise any structure whose surface complements that of the antibody [158].

This includes fully folded proteins such as viral glycoproteins [159], polysaccharides, [160,161],

microbial toxins [162], and lipids like phospholipids on apoptotic cells [163,164]. This versatility

enables antibodies to target a wide range of potential pathogens and foreign substances. By

binding to their targets, antibodies can neutralise pathogens or toxins and mark them for

destruction by other immune cells.

B cells mature within the bone marrow, where they undergo somatic recombination of the

BCR encoding genes, akin to TCR gene recombination, to generate a diverse repertoire of BCR

structures. Like T cells, self-reactive B cell clones are eliminated during maturation to prevent

autoimmune reactions. After maturation, B cells migrate to lymph nodes and the spleen, as

well as other SLO [165]. In SLOs, antigens from lymphatic fluid or blood accumulate and are

presented to B cells, increasing the chances for B cells to encounter their cognate antigens

and providing the optimal environment for B cell activation. Upon recognition of a foreign

antigen binding to the BCR, B cells proliferate and differentiate into plasma cells, which start to

produce and secrete large quantities of antibodies. Antibodies undergo a second diversification

step after antigen recognition, called affinity maturation, where B cells increase the binding

strength of antibodies to their specific antigens through mutations and selection.
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Figure 2.3: Antibody structure. (A) Antibody schematic (image taken from Murphey [9]). (B) Two
antibodies interacting with two separate epitopes on the same antigen (image taken from Murphey [9])
(C) Crystal structure of IgG1 antibody (PDB structure 1IGY)

2.3.1 Antibody structure

The first crystal structures of antibodies were published in 1971 by Sarma et al. [166] and Poljak

et al. [167]. Antibodies consist of four polypeptide chains, two identical heavy chains and two

identical light chains. The chains assemble into a Y-shaped structure (Fig. 2.3A). Each “arm” of

the Y-shaped structure is formed by one light chain and the N-terminal half of one heavy chain.

This part of the antibody is called Fab fragment, for fragment antigen binding. It resembles the

structure of the TCR, separating into a variable domain that forms the antigen binding site

and varies between antibodies, and a constant domain. The two Fab fragments are connected

to the “trunk” of the Y-shaped structure via a flexible polypeptide chain called the hinge

region. The flexibility of the hinge allows the independent movement of the Fab fragments, as

demonstrated by electron microscopy [168–172]. The trunk is also called Fc fragment (fragment

crystallizable) and is formed by the C-terminus halves of the heavy chains. The Fc fragment is

part of the constant region of the antibody.

Antibody diversity is achieved by somatic recombination of variable (V), diversity (D), and

joining (J) gene segments in the BCR loci similar to the TCR rearrangement. The heavy chain of

the BCR is assembled from V, D, and J segments, while the light chain is formed from V and J

segments only. As for the TCR, this recombination is mediated by RAG1 and RAG2. Additional

diversity is generated at the V(D)J junctions by the random addition of non-template encoded

nucleotides by TdT.
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As for the TCR, antibodies have 6 hypervariable CDR loops at the tip of each arm that create an

antigen-binding site. Antigens for antibodies can be complex macromolecules, mainly proteins,

but also sugar molecules and lipids [158]. Antigens can be soluble or bound to the surface of

a pathogen. The specific site of an antigen to which an antibody binds is called an epitope.

A single antigen can have multiple epitopes (Fig. 2.3B). The binding modes of antigens to

antibodies can vary widely. Antibodies can bind conformational epitopes, made up of separate

segments of the antigen, or linear epitopes, made up of a single segment. The interface between

the antibody and epitope can be concave, flat, or convex, with the antigen-binding site forming

pockets, grooves, or even extended loops protruding into recesses on the surface of the antigen.

Binding involves noncovalent interactions such as electrostatic interactions, hydrogen bonds,

and van der Waals forces [9].

Because antibodies have two antigen binding sites they are able to simultaneously bind

to two antigens, such as two glycoproteins on a virus surface or repeating sites on bacterial

lipopolysaccharides. This bivalent binding increases the overall binding strength of antibodies

to surface antigens and allows cross-linking of soluble antigens [173]. The flexibility of the hinge

region and the V-C junction provide spatial tolerance, enabling them to bind to two antigens

that are spaced apart by varying distances.

The constant region can take one of five biochemically distinguishable structures, that

differ in their hinge and Fc fragment structure. Based on the structure of the constant

domain we differentiate five antibody isotypes. The five isotypes are immunoglobulin M

(IgM), immunoglobulin A (IgA), immunoglobulin D (IgD), immunoglobulin G (IgG) and

immunoglobulin E (IgE) and they have different functions in the immune response. The most

abundant isotype is IgG which itself has several subclasses ( IgG1, 2, 3 and 4 in humans).

The B-cell receptor is a membrane-bound antibody. Similar to the TCR, the BCR associates

with two adaptor proteins Igα and Igβ, which have long intracellular domains containing

ITAM motifs that are critical for signalling [174]. The whole complex spans approximately 18

nm [175].

2.3.2 Effector functions of antibodies

Antibodies make up the humoral responses of the adaptive immune system. They have several

different functions:
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neutralisation Binding to a pathogen or its toxic product, antibodies can directly

inhibit infection or killing of host cells. Neutralisation can happen through various mechanisms,

including aggregation of pathogens or sterically blocking receptors of pathogens needed for

attachment and entry of host cells. [176]

complement activation The complement system is a set of proteins in the blood and

other fluids that assemble on the surface of pathogens, leading to the destruction of pathogens,

the recruitment of immune cells and the phagocytosis of the pathogen. Antibodies bound to

pathogens can recruit the first component of the complement system, initiating its assembly

and activation [9].

opsonisation Antibodies can bind to pathogens and tag them for destruction by immune

cells. Immune cells, such as granulocytes (neutrophils, eosinophils, basophils and mast cells),

macrophages, natural killer (NK) cells, and dendritic cells, express Fc receptors that bind

to the Fc fragment of antibodies [177]. This interaction triggers various downstream effects

depending on the type of immune cell involved. Granulocytes and macrophages are capable

of phagocytising and breaking down antibody-coated pathogens [176]. NK cells among other

immune cells initiate antibody-dependent cellular cytotoxicity (ADCC), which kills pathogens

through the release of proteins such as perforin and granzymes [178]. Furthermore, dendritic

cells capture pathogens to present antigens to T cells, thereby facilitating adaptive immune

responses [179].

2.3.3 B cell activation

In the lymph node, B cells encounter a variety of antigens [180]. These include soluble antigens,

such as low molecular mass toxins, which can freely diffuse into secondary lymphoid organs

(SLOs). Larger antigens are membrane-bound and presented on the surfaces of macrophages,

dendritic cells, or follicular dendritic cells (FDCs). These larger antigens consist of intact

pathogens like viruses and bacteria, as well as antigenic material secreted by pathogens or

cleaved off by proteases and other enzymes. Antigens can be directly bound by pattern

recognition receptors and scavenger receptors, or in opsonised form as immune complexes via

complement or Fc receptors.
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The signalling pathway of the BCR is similar to that of the TCR. Antigen binding to the

BCR triggers the phosphorylation of ITAMs in its Igα and Igβ adaptor proteins, leading to a

phosphorylation cascade that results in calcium influx and NF-κB activation [181]. The exact

mechanism of BCR triggering is still debated. It has been shown that only multivalent, large

monovalent, or membrane-bound antigens can activate BCRs, whereas small monovalent

antigens do not [182,183]. In the resting state, BCRs occur as monomers, dimers, or loosely

associated clusters on the B cell membrane [182]. Upon antigen binding, large BCR clusters

form [184,185]. This clustering may change the accessibility of ITAMs for kinases and exclude

phosphatases, thereby allowing ITAM phosphorylation. Consistently, CD45 segregation from

these BCR clusters has been observed [186]. Further experiments have shown that antigen

binding causes a conformational change, unmasking a clustering interface within the membrane-

proximal domains of BCRs that facilitates oligomer formation [187]. Mechanical forces acting on

the BCR-antigen bond may contribute to this conformational change (Wan 2015, Shen 2019).

Moreover, kinetic segregation of CD45 by bulky or multivalent antigens has been suggested

as a mechanism for BCR triggering, similar to the model proposed for TCR triggering [182]. It

could be that in order to accommodate and respond to a broad range of antigen structures,

the BCR triggering mechanism varies depending on the size, structure, and presentation of

antigens on antigen-presenting cells.

Full B cell activation requires a second signal from activated T helper cells that are specific

for the same antigen. To achieve this B cells take up the recognised antigen and present it to T

cells. The uptake of the antigen occurs in an immune synapse that forms between the B cell and

the APC upon BCR engagement, [188]. BCRs cluster in the centre of the synapse surrounded by

a ring of adhesion molecules. The B cell exerts a pulling force, generated by the cytoskeleton,

on the bound BCR-antigen complex to extract the antigen from the presented surface and

internalise it [189]. The applied force weakens the bond between antibody and antigen, resulting

in low-affinity interactions to rupture within physiologically relevant timescales (1 - 3min),

while allowing the preferred internalisation of high-affinity antigens. This allows B cells

to efficiently scan antigens in a short time frame [190,191]. This “mechanical testing” of the

strength of the BCR-antigen interactions has been suggested as a mechanism for antigen

discrimination [189,192–194].In addition to force exertion, lysosomal proteases are secreted at the

immune synapse to enhance the extraction of immobilised antigen [195].
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Internalised antigens are degraded and loaded onto MHC Class II for the presentation of

antigens to helper T cells. T cells specific for the presented antigen then provide signals required

for B cell survival and proliferation through engagement of the CD40 surface receptor and

release of cytokines. Afterwards, B cells either differentiate into extrafollicular plasmablasts,

which rapidly produce antibodies, or they remain in the follicle and undergo affinity maturation.

After this process, they can further specialise into either plasma cells, which secrete high-affinity

antibodies, or memory B cells.

Some antigens, such as non-protein microbial antigens, can activate B cells without T cell

help. In this case, a second signal comes from the recognition of pathogen-associated molecular

patterns via pattern recognition receptors (e.g., lipopolysaccharides or bacterial DNA) or from

binding repetitive, polymeric structures found on the surface of bacteria.

2.3.4 Diversification of the antibody response

After the initial antigen recognition by B cells, the antibody repertoire is further diversified in or-

der to enhance antigen binding and improve the effector functions [196]. Diversification happens

through two processes: somatic hypermutation in the variable region and isotype switching.

Unlike the generation of the initial antibody repertoire during B cell maturation, which happens

in the absence of antigen, this secondary diversification is driven by BCR/antigen interactions.

This secondary modification of the immunoglobulins genes is in stark contrast to the TCR

genes that cannot further adapt to the antigens. Somatic hypermutations are introduced in the

variable region of immunoglobulins. B cells express activation-induced cytidine deaminase

(AID), which selectively deaminates cytidine residues (converting cytosine to uracil) in the

variable region. The subsequent DNA repair process introduces random mutations around

the deaminated site. Because mutations are random, they can both improve or decrease the

binding affinity to the antigen. Through interaction with antigens and T cells in the lymph

nodes, only B cells that have generated immunoglobulins with a high affinity are selected for

survival. B cells with detrimental mutations are eliminated by apoptosis because they either

fail to produce functional BCRs or are outcompeted by B cells with higher antigen affinity and

therefore do not receive T cell survival signals. Through multiple rounds of mutations, the

antigen affinity of the immunoglobulin repertoire is increased. . Through the process of affinity

maturation, the affinity of the antigen binding site to the epitope can be increased by 300-fold
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Figure 2.4: Antibody isotypes. Schematic of antibody isotypes IgM, IgG, IgD, IgA and IgE found in
humans (image taken from Wikipedia [200]).

(measured for influenza-specific antibodies [197]) up to a 10 000-fold increase (measured for

antibodies binding small haptens [198]). Affinity-matured antibodies have a mean affinity of

1 nM [196].

For isotype switching the constant domain of the immunoglobulin is changed via DNA

recombination [199]. AID introduces double-strand breaks in specific switch regions upstream of

the constant region. The breaks are then repaired by joining different switch regions, resulting

in the expression of a new antibody isotype. Naive B cells express IgM and IgD. After antigen

recognition, the same variable domain can be expressed as IgG, IgA or IgE isotype. Which

isotype is expressed depends on which effector capacities are required. The different functions

of the isotypes are discussed in the next section.

The different antibody subtypes can be found in different regions of the body and have different

functions [181,199] (Fig. 2.4):

igm IgM is expressed on the surface of naive B cells and acts as the BCR that initially binds

to a complementary antigen. Upon antigen stimulation, it can be secreted as a pentameric

version, with five units held together by a protein called the J chain. IgM is especially important

during the initial immune response and is efficient at cross-linking pathogens and activating the
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complement system. IgM is produced early in the immune response when affinity maturation

has not yet occurred. The affinity between IgM and epitope can therefore be relatively low,

however, the high multivalency of pentameric IgM can make up for this by increasing binding

strength through binding up to 10 antigens at once.

igd IgD is coexpressed with IgM on the surface of all mature B cells and secreted to a very

small amount. Its exact function is not fully understood, but it may play a role in the activation

of B cells and the regulation of immune responses. After activation, B cells can undergo isotype

switching to produce the IgG, IgA or IgE subtypes.

igg IgG is the most abundant antibody in the bloodstream, comprising about 75-80% of

total circulating antibodies. It is found in all body fluids and is involved in opsonization,

neutralization, and complement activation. IgGs have a long half-life (24 days) and therefore

play a key role in long-term immunity.

iga IgA is predominantly found in mucosal membranes. It can be secreted as a dimeric

version with the J chain linking two IgA units together. IgA protects against infections at

mucosal sites, for example by preventing pathogen attachment to mucosal surfaces.

ige IgE is primarily associated with allergic reactions and defence against parasitic in-

fections. IgE binds to Fc receptors on mast cells and basophils, triggering the release of

inflammatory mediators such as histamine in response to allergens.

2.4 Protein-protein interactions

Protein-protein interactions give rise to protein complexes with high specificity and affinity,

which play a central role in coordinating various biological functions within the dynamic

environment of the cell. These interactions include receptor-ligand interactions which enable

cells to sense and respond to their surroundings, as we have seen for the TCR and antibodies in

the previous sections. The atomic details of protein binding interfaces encode the information

about how proteins interact. Techniques such as X-ray crystallography and surface plasmon
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resonance facilitate the study of both static structures and dynamic parameters of these interac-

tions, providing insights into the thermodynamic principles that govern protein interactions.

The following section discusses the fundamental principles governing protein interactions and

introduces methodologies employed to characterize these mechanisms.

2.4.1 Molecular mechanisms of protein interactions

Protein-ligand interactions are governed by thermodynamic principles. Favourable intermolec-

ular forces and bond formation drive the formation of non-covalent protein complexes. The

thermodynamic system of protein interactions consists of the solute (protein and ligand) and

the solvent (water and buffer ions). Electrostatic forces, hydrogen bonds, van der Waals interac-

tions, and steric complementarity at the protein-protein interface influence the formation and

stability of the protein complexes. These factors are determined by the protein structure.

When a protein-ligand complex forms at constant pressure, changes in the system’s enthalpy

(∆H), entropy (∆S), and Gibbs free energy (∆G) occur. The Gibbs energy change is the key

parameter indicating the spontaneity of the binding process:

∆G = ∆H − T · ∆S (2.1)

For the protein-ligand binding to occur spontaneously, the change ∆G must be negative. This

negative ∆G results from the favourable interactions between the protein and ligand, which

contribute to a negative binding enthalpy (∆H). However, this must overcome the entropic

penalties, represented by the negative change in entropy (∆S), that occur upon binding. The

stability of the protein-ligand complex is determined by the magnitude of the negative free

energy change upon binding. A larger negative free energy change indicates a more stable

complex, reflecting stronger favourable interactions between the protein and ligand relative to

the entropic penalties.

2.4.2 Parametric description of protein interactions

An interaction can be defined by its binding parameters, which allow the quantification of

the binding rate and strengths of an interaction. For instance, in a reversible bimolecular
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interaction involving ligand L and receptor R mixed in solution, their time-dependent reaction

can be expressed as

R + L
kon−−⇀↽−−
koff

RL ,

where RL is the receptor-ligand complex. The kinetic rates kon and koff describe the time it takes

for the receptor to bind to the ligand (association) and unbind in reverse reaction (dissociation).

association rate (kon ) The association rate kon (in units M−1s−1) is the rate at which

a receptor and ligand bind to form a complex at a given concentration. Association happens

upon random collisions of the proteins, and kon is therefore dependent on the concentration

of R and L; the higher the concentration, the higher the likelihood of a collision. Diffusion is

often the key rate-limiting factor for protein association. Furthermore, precise orientation of

the protein interfaces is required for binding, which decreases the association rate. Long-range

electrostatic forces can increase association rates by facilitating attraction between the proteins.

Structural flexibility of the complex also affects kon; if structural rearrangements of proteins are

needed for binding, kon is reduced. Typical kon rates range from 105 to 107 M−1s−1 [201].

dissociation rate (koff ) Dissociation rate koff characterizes the rate at which the

protein-protein complex unbinds. Unlike kon, koff is not concentration dependent. koff is

determined by the strength of short-range interactions between the proteins, such as van der

Waals forces, hydrogen bonds, hydrophobic interactions, and ionic bonds. Normal ranges for

koff can vary widely, ranging from 1 s−1 to 10−7 s−1. koff allows the calculation of the average

bond lifetime (1/koff) and half-life of the complex (τ1/2 = ln(2)/koff), which represents the

time required for half of the complexes to dissociate on average.

At thermodynamic equilibrium, the forward binding reaction is equal to the reverse unbinding

reaction, the overall change complex concentration is zero. We can therefore write:

kon[R][L] = koff[RL] , (2.2)
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where [R], [L] and [RL] are the equilibrium concentrations of the free receptor, free ligand, and

receptor-ligand complex, respectively. Following the law of mass action, we can define the

dissociation constant KD:

KD =
koff

kon
=

[R][L]
[RL]

(2.3)

The dissociation constant KD, first introduced by Schild [202] is a quantitative measure of the

strength of an interaction between two molecules, such as a protein and a ligand. It is defined

as the concentration of the ligand at which half of the binding sites on the protein are occupied

by the ligand. The dissociation constant is often used to quantify the affinity of an interaction.

A lower KD value indicates higher affinity, meaning that the molecules bind more tightly to

each other. Conversely, a higher KD value indicates lower affinity, meaning that the binding

interaction is weaker.As KD is determined by the ratio of koff to kon, interactions with the same

affinity can have very different kinetics.

The relationship between the affinity of an interaction (as determined by KD) and the

thermodynamic energy (Gibbs free energy (∆G)) associated with the formation of the interaction

can be described by the following equation:

∆G = RT ln
(

KD

c0

)
(2.4)

where R is the gas constant, T is the temperature of the system and c0 represents the concentra-

tion chosen to define the standard state. In the context of the equation, c0 typically refers to the

concentration of the interaction partners in the absence of the interaction.

The simple reaction used above describes the interaction between two monovalent proteins,

i.e. each binding partner has only a single binding site and therefore they form a 1:1 complex.

This is the case for the interaction between the TCR and its pMHC ligand. However many

protein interactions are multivalent, i.e. proteins with multiple binding sites participate in

the interaction. Antibodies can engage in bivalent interactions, interacting with two binding

sites as presented by IgG and IgE, in tetravalent interactions, such as IgA with four sites and

decavalent interactions, such as IgM with 10 binding sites. Multivalent interactions increase the

overall binding strength of the binding partners and can lead to the formation of higher-order

complexes, such as protein aggregates or multimeric protein assemblies [173].
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The 3D affinity of a soluble receptor-ligand interaction may not directly correspond to the

2D affinity they experience on the cell surface [203,204]. Unlike soluble proteins with three-

dimensional translational and rotational freedom, translational and rotational freedom for

membrane proteins is limited to two dimensions. 2D association rates can be reduced due to

the slower diffusion proteins experience in the cell membrane or enhanced due to proteins

being anchored in the membrane in the preferred orientation of the interaction partners [205,206],

while decreases in dissociation rates have been observed in 2D systems [207–209]. While 2D and

3D parameters generally correlate when measured for the same protein pairs, differences arise

across different protein pairs [205].

2.5 Surface Plasmon Resonance

Surface Plasmon Resonance (SPR) is a label-free, highly sensitive technique used for the study

of biomolecular interactions, including protein binding. SPR measures the binding over time,

which allows the determination of the specificity, kinetics and affinity of an interaction. Some

of the earliest protein interactions studied with SPR were antibody-antigen interactions which

were conducted in 1983
[210–212]. The first SPR measurements of TCR interacting with pMHC

were performed by [213] in 1994. Since then SPR has been widely used in drug discovery, protein

engineering, and basic research in biochemistry and biophysics.

In an overly simplified way, when polarised light with a particular angle hits a thin metallic

film, the energy of the light is absorbed and causes the oscillation of free electrons (Fig. 2.5A).

The phenomenon is called surface plasmon resonance. The angle at which the incident light

excites the surface plasmon resonance depends on the refractive index of the metallic film and

is highly sensitive to any change such as the adsorption of molecules to the surface. This makes

it ideal for detecting molecular interactions [216] without the need to label the molecule with

fluorescent, radioactive, or other detectable markers. When molecules bind to the surface of

the metallic film, the shift in resonance angle is detected. The magnitude of this shift is directly

proportional to the amount of molecule bound to the surface.

To measure protein binding between a ligand and its receptor, the ligand is immobilized

on the metallic surface of a sensor chip. The receptor is then injected over the sensor surface

(Fig. 2.5B). The shift in resonance angle that happens when the receptor binds the ligand is
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Figure 2.5: Surface Plasmon Resonance (SPR) for measuring protein binding. (A) SPR detects
changes in the refractive index within a limited detection region, typically spanning less than 500

nanometers, resulting in shifts in the resonance angle. Image taken from Yanase et al. [214]. (B) These
changes in resonance angle are then translated into measurable signals (resonance units), providing
real-time analysis of biomolecular interactions occurring at the sensor surface. During the association
phase, the analyte is injected over the ligand immobilised on the sensor chip. The analyte binds to the
ligand and an increase in response is observed until it reaches a steady state. Subsequently, during
the dissociation phase, buffer solution replaces the analyte, the analyte unbinds and a decrease in
signal is observed. Figure modified from Nguyen et al. [215].
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measured over time and converted into arbitrary response units (RUs). This produces binding

curves that can be analysed using various models to extract kinetic parameters of the binding

interaction, including association and dissociation rates and affinity.

For the simple 1:1 interaction introduced above, the association phase can be fitted with the

following equation to estimate the kinetic parameters of the interaction:

[RL] = [RL]eq (1 − exp(−(kon[R] + koff)t)) , (2.5)

where [RL]eq is the amount of receptor-ligand complexes in steady state, and [R] is the

concentration of free receptor.

Receptor dissociation follows a simple one-phase exponential decay model:

[RL] = [RL]0 exp (−kofft) . (2.6)

KD can be either calculated from the kinetic parameters or using the steady state binding

response and concentration using the relation:

[RL]eq =
[R][Lmax]

KD + [R]
(2.7)

where [Lmax] is the total amount of ligand on the surface of the sensor chip.

Here, binding parameter estimation from SPR data was exemplified using a simple 1:1 interac-

tion model. Multivalent protein interactions require more complex interaction models.



3
M E TA - A N A LY S I S O F T C R D I S C R I M I N AT I O N

3.1 Introduction

In contrast to other ligand receptors, such as Cytokine receptors or receptors binding to

neurotransmitters, the TCR has not co-evolved with its ligand. Instead, each T cell expresses a

clonotypically unique TCR generated by gene rearrangements, insertions, deletions, and point

mutations during T cell development in the thymus. As a result, an individual human has a

large repertoire of more than 108 TCRs [217–219] that allows T cells to recognise a large number

of peptide sequences presented by the host MHC molecules.

APCs present both antigens derived from foreign pathogens and antigens that originate

from endogenous cells (self-antigens) on their surface. Even during an infection, the number of

foreign antigens that are presented can be quite low compared to the large number of only

self-protein derived peptide-MHCs (pMHC) [22]. The difficult task to discriminate between

foreign antigens and self-antigens therefore falls to the TCR. After thymic selection, the TCR

repetoire can bind foreign antigens with a high affinity and self-peptides with a low, but

non-neglectable affinity [114]. To prevent T cells from being activated by self-peptides, the TCR

therefore must be able to discriminate between high-affinity foreign pMHCs, present at low

frequencies and low-affinity self-pMHCs, present at high frequency.

The degree of this discrimination between antigen affinities and the underlying mechanisms

are still debated [55,139,142]. Early experiments using T cells from the OT-I, 3L.2, and 2B4

transgenic TCR mice, have shown that MHCs presenting mutated peptides with a very small

3-5 fold reduction in affinity abolished the T cell response [112,127–131]. This suggests that the

TCR is capable of near-perfect antigen discrimination, where only higher affinity pMHCs can

43
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elicit a T cell response, but not slightly lower-affinity pMHCs and increasing the concentrations

of the ligand does not compensate for the low affinity.

A simple receptor occupancy model, where the T cell response is directly proportional to

the number of ligands bound to the TCR, cannot explain near-perfect discrimination [139,220].

Hence there is considerable effort in the community to identify the underlying mechanism of

TCR discrimination. One of the most widely accepted model is the KP model, which suggests

that the TCR undergoes several time-delaying steps before the TCR is fully activated [147,221].

Only ligands that remain bound for a long enough time to complete all proofreading steps can

activate the receptor. However, the model is unable to explain near-perfect discrimination with-

out losing the high ligand sensitivity of the TCR [96]. This has led to the proposal of additional

mechanisms that augment the kinetic proofreading model such as feedbacks, conformation

changes and catch bonds induced by molecular forces [71,96,150,151,153,222–231].

However, recent studies have found T cells to respond to lower-affinity antigens if expressed

at higher concentrations. For example, the recognition of low-affinity self-pMHCs has been

implicated in off-target toxicity in T cell therapies [232] and T cell-mediated autoimmune diseases

have been associated with an increased expression of self-antigens [233,234]. It has also been

shown that interactions with low-affinity self-peptides induce the proliferation of T cells in

the periphery [235,236]. Moreover, as the number of potential antigens is larger than the size

of the TCR repertoire, cross-reactivity must be inherent to the TCR to prevent pathogen

evasion [132,237].

To resolve the apparent discrepancy between the original mouse TCR data suggesting near-

perfect discrimination and data emerging from the other T-cell studies, we systematically

quantified the antigen discrimination strength of the TCR. A large number of different mouse

and human TCRs have been isolated and the affinity and potency of their TCR/pMHC

interaction have been characterised. This motivated us to perform a meta-analysis of existing

data to quantitatively determine the discrimination strength. In this chapter, we will introduce

a quantitative measure of discrimination, the discrimination power α, that allows us to compare

the discrimination strength across different studies, TCRs, and experiment setups. In contrast

to the original murine studies, we find that the ability of T cells to discriminate antigens

is enhanced, but imperfect and trace discrepancies to issues with the TCR/pMHC affinity

measurements for the original murine TCRs. We then combine the experimentally observed



3.2 results 45

discriminatory power with mathematical modelling to test mechanistic models of antigen

discrimination. We show that the standard kinetic proofreading model is capable of explaining

the imperfect discrimination strength. We also identify signalling proteins that can influence

the strength of antigen discrimination.

3.2 Results

3.2.1 Quantifying ligand discrimination with a discrimination power

The TCR/pMHC interaction is characterised by the association rate (kon, M−1s−1), the dissocia-

tion rate (koff, s−1) and the dissociation constant KD = koff/kon, a measure of affinity between

pMHC and TCR (Fig. 3.1A). We define the strength of ligand discrimination as the ability of the

TCR to amplify differences in ligand affinity (or off-rate) into larger changes in ligand potency,

which is the ligand concentration required to produce a given level of T cell response. This is

seen as a shift in the dose-response curve (Fig. 3.1B).

Ligand potency (P) often correlates linearly with KD on logarithmic axes (Fig. 3.1B). This

suggests a power-law relationship (i.e. P = 10C(KD)
α). The power (α) is the slope on logarithmic

axes (i.e. log(P) = C + αlog(KD)) and relates the fold change in KD to the fold change in

potency. Power α is a measure of discrimination strength. It is a dimensionless parameter,

independent of different affinity and potency measurements, and hence can be used to compare

discrimination between studies. The y-intercept, C, is a measure of ligand sensitivity, however,

it is not dimensionless, and hence cannot be used to compare sensitivity between studies. To

illustrate how α can be obtained from T-cell experiments, we simulated the T-cell response (R)

over ligand concentration (L) using a saturated Hill function (R = L/(KD)
α + L) for ligands

of different affinities and different α values (Fig. 3.1C). Ligand potency can be obtained from

these dose-response curves by calculating ligand concentration at 50% of the maximal T-cell

response. When plotting ligand potencies over KD, we obtained a straight line on a logarithmic

scale with the slope being equal to discrimination power α (Fig. 3.1C). Depending on the value

of α, we observe a different level of discrimination. When α = 9, a small, 4-fold increase in

KD nearly abolishes the response, consistent with near-perfect discrimination observed for the

TCR. On the other extreme, when α = 1, a 4-fold change in affinity can be compensated by
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Figure 1: Quantifying ligand discrimination with a discrimination power (↵). A) TCR/pMHC binding
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plotting potency over KD produced a steep slope (↵ = 10.5) with near-perfect discrimination (Fig. 2A,
bottom). This is a result of the E1 peptide variant having a 5� 106-fold lower potency despite binding with
only a 3.5-fold lower affinity compared to the wild-type OVA peptide. We found similar values of ↵ (12, 18,
and > 5.1) when using functional data from other studies (5, 25, 37) (Table S1 ID 1-4).

Similar to OT-I, the original 3.L2 (7, 8) (Fig. 2B) and 2B4 (9) (Fig. 2C) data also produced perfect
discrimination powers. In the case of 3.L2, we plotted potency over koff instead of KD because kon was
different between pMHCs (8) (Fig. 2B, bottom). A significant correlation was only produced for the 3L.2
TCR, which is partly a result of fewer data points for the OT-I and 2B4 TCRs. Notwithstanding this limita-
tion, the analysis confirmed that the original mouse TCR data produced large powers consistent with perfect
discrimination.

Revised data for the original mouse TCRs produce lower discrimination powers

The OT-I, 3L.2, and 2B4 transgenic mice have been instrumental in advancing our understanding of T cell
immunity. As such, substantial data has been generated relating to these TCRs over the years, including new
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Figure 3.1: Quantifying ligand discrimination with a discrimination power (α). (A) Schematic
showing TCR binding to peptide-MHC on the surface of an antigen-presenting cell. (B) TCR
discrimination can be quantified by measuring how much a change in ligand affinity affects ligand
potency. Lower affinity peptides (left) have a dose-response curve that is shifted to the right (middle).
The concentration of ligand producing a response of 50% (potency) is plotted over affinity (KD),
producing a linear correlation on a log-log plot (right). The discrimination power (α) is the slope of
this correlation. (C) Simulated T-cell response over the ligand concentration for four representative
ligands with KD 1, 2, 4 and 8 µM. Examples of T-cell response profiles are shown for near-perfect
discrimination (α ≥ 5, left), good discrimination (1 < α < 5, middle), and baseline discrimination
(α = 1, right). (D) Potency/affinity plot from data in (C), showing the difference in slope for different
discrimination strengths.
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Figure 3.2: Original mouse TCR data suggests near-perfect discrimination. T cell dose-responses
over the peptide concentration (top row) and potency/affinity plots (bottom row) for the (A) OT-I, (B)
3L.2, and (C) 2B4 mouse TCRs. The log-transformed Affinity/potency data was fitted with a linear
regression. The discrimination power (α) equals the slope on the log-transformed data. Additional
information on each data is provided in Table A.1 (ID: 2 (OT-I), 11 (3L.2), and 14 (2B4)).

the same 4-fold change in ligand concentration. We define discrimination powers between

α = 2 − 5 as enhanced but imperfect discrimination, whereas discrimination power of 1 and >5

as baseline and near-perfect discrimination, respectively.

3.2.2 Early mouse TCR data suggests near-perfect discrimination

First, we sought to determine the value of α for the original mouse TCR data, which has shaped

our current view of TCR being capable of near-perfect discrimination.

The OT-I TCR recognises the chicken ovalbumin peptide with the amino acid sequence

SIINFEKL when presented on MHC class I H2-Kb molecules. The affinity of OT-I to a set of

variant peptides was originally measured by SPR by Alam et al. [128]. In this study, binding

kinetics at 37
◦C showed an unusual biphasic binding behaviour. We therefore used the affinity

data at 25
◦C to determine the discrimination power. Functional T cell response, measured

by the percentage of target cells killed (Fig. 3.2A), was published in an earlier study [127]. We

defined ligand potency as ligand concentration that produces 10% T-cell activation to include

peptide variant E1 in the dataset. When we plotted potency over KD, we found a near-perfect

discrimination power α of 10.5 (Fig. 3.2A). This is a result of the E1 peptide variant having
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a 5 × 106-fold lower potency despite apparently binding with only a 3.5-fold lower affinity

compared to the wild-type OVA peptide. We found similar values of α (12, 18, and > 5.1) when

using affinity and functional data from other studies [96,112,238] (Table A.1 ID 1-4).

Similar levels of antigen discrimination were observed for the 3.L2 TCR, a TCR that recognises

a murine haemoglobin peptide presented on MHC class II I-Ek. T cell response to a range of

peptide variants was measured by target cell lysis [129] (Fig. 3.2B). In a following study, affinity

and binding kinetics were measured [130]. In this case, dissociation rate koff correlated better

with peptide potency than KD values, and were therefore used to calculate discrimination

power α (Fig. 3.2B and Table A.1 ID 11). As koff rates and KD values correlate well [149,239], we

assume that using koff instead of KD values will not affect the final result. The data produced a

discrimination power α of 6.9.

Affinity and potency data measured for the 2B4 TCR further supported the idea of perfect

discrimination [131]. The 2B4 TCR recognises a Moth Cytochrome C peptide (MCC) presented

on MHC class II I-EK. T cell response measured by IL-2 production showed that a 7-fold

decrease in affinity between the cognate MCC peptide and the variant peptide K99R completely

abolished T cell response (Fig. 3.2C). The resulting discrimination power is α = 6.7 (Fig. 3.2C

and Table A.1 ID 14)

Due to a limited amount of data points in these experiments, the correlation was only

significant for 3.L2 TCR. Nevertheless, a mean power α of 9.0 calculated from the original

mouse studies suggests near-perfect discrimination.

3.2.3 Revised data produce lower discrimination powers than original data

Since the original mouse studies have been published, these TCRs have been used for a variety

of other studies. As a consequence, new affinity measurements were generated, which allowed

us to revisit the original data.

Recent affinity measurements by Stepanek et al. [240] for the OT-I TCR at 25
◦C found an

8-fold lower affinity between OT-I and its cognate peptide N4 than the original measurements.

Peptides with an affinity of 1000 µM still induced a T cell response, indicating that a wider

range of affinities can be recognised by the OT-I TCR clone. Although E1 which apparently

bound with KD = 20 µM in the original studies could not activate T cells, this study reports

other peptides with KD = 288 µM that could induce T cell responses. This suggests that the
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Figure 3.3: Revised analyses of the original mouse TCRs reveal lower discrimination powers.
Revised analysis of the original murine TCRs by using (A) new functional and SPR binding data
for OT-I, (B) new SPR binding data for 3.L2, and (C) new SPR binding data for 2B4. Additional
information on each panel is provided in Table A.1 (ID: 5 (OT-I), 13 (3L.2), 17 (2B4).

original studies overestimated the affinity of OT-I/pMHC interactions. Unfortunately, affinity

measurements for peptide variants in original OT-I studies have not been repeated, preventing

us from directly comparing discrimination strength between revised and original data. Instead,

we determined the discrimination power for OT-I from a set of four other peptide variants

for which T-cell activation and OT-I-TCR binding properties were characterised by Daniels

et al. [114] and Stepanek et al. [240] (Fig. 3.3A). This dataset showed a significant correlation

between KD and potency with an appreciably lower discrimination power of 2.1 (Table A.1

ID 5). This means to fully abolish T cell response (change in potency > 10
6), peptides have to

have a 1000-fold lower affinity compared to the cognate peptide. This is in stark contrast to the

original peptides, where a fold change of 5 was enough to abolish T cell response.

For the 3.L2-TCR, revised affinity measurements for original peptide variants are avail-

able [241]. The revised measurements show a wider variation in koff and KD than originally

reported, especially weakly-stimulating peptides have a KD around 1000 µM (Fig. 3.3B). Calcu-

lating power α using the original potency data and the revised KD values produced α = 3.2

(Table A.1 ID 13). Here, KD instead of koff was used, as for 2 of 4 peptides, the koff could not be

accurately determined.

Similarly, revised SPR measurements for the 2B4 TCR by Wu et al. [242] report a 50-fold

difference in affinity between the cognate and non-stimulatory peptides (Fig. 3.3C). When
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Figure 3.4: Statistical analyses across multiple TCR/pMHC systems confirm lower discrimination
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revised SPR data, n=6), and other mouse (n=5) and human (n=15) TCRs. Statistical significance was
determined using one-way ANOVA.

re-plotting revised KD values with original potency data we found a lower discrimination

power of α = 2.2 and α = 2.3 (Table A.1 15 and 17). Data from two additional 2B4 studies

produced similar α values of 2.3 and 0.95 (Table A.1 ID 18 and 19).

The revised SPR data gives a mean value of α = 2.2 (Fig. 3.4A, Table A.1 ID 1-19), suggesting

that the discrimination power of these TCRs may be lower than previously thought.

3.2.4 Other mouse and human TCRs confirm lower discrimination

Over the last 20 years, numerous other mouse and human TCRs have been characterised. In a

literature search, we identified 12 TCR systems which had been characterised based on their

affinity and potency, allowing us to determine the discrimination power α.

For this systematic analysis, we only included studies that provided monomeric TCR/pMHC

binding data measured by SPR. In addition, dose-response data was required in order to

estimate the potency of each ligand interaction. We used studies where different peptides

bound to a single TCR, multiple TCRs bound to the same peptide, or studies that relied on a

combination of both. For additional inclusion criteria see methods.

In total, we identified 12 TCR systems, separated into 4 mouse TCRs (P14, B3K508, AH1

specific) and 8 human TCRs (1E6, gp100 specific, ILA1, gliadin specific, LC13, gag-specific, and

MEL5). We generated 51 potency plots (Fig. A.2, A.3, A.4) and calculated the discrimination
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power (Fig. 3.4A) (Table A.1 ID 20-70). Other mouse TCRs produced a mean power α of 3.2,

and for human TCRs α was 1.6. These discrimination powers are significantly lower than

those of the original mouse studies and similar to the revised studies (Fig. 3.4B). Collating all

significant discrimination powers from revised, other mouse and human systems, we found

the mean α value to be 2.0. We can conclude that the discrimination strength of the TCR is

significantly lower than previously believed. Rather than near-perfect discrimination, the TCR

displays enhanced, but imperfect discrimination, allowing low-affinity peptides to activate T

cells if their concentration is high enough.

3.2.5 The discrimination power is similar for different T-cell responses but depends on

co-receptors and the antigen presentation surface

Measurement of T-cell activation differed substantially between studies. We included potency

data obtained from both CD4
+ and CD8

+ cells and multiple activation readouts. Additionally,

we calculated the discriminatory power for experimental systems with differences in co-receptor

binding and peptide presentation. We next investigated whether these differences biased the

estimated discriminatory powers.

Grouping discrimination powers based on whether CD4
+ or CD8

+ T cells were used in the

study showed no significant difference (Fig. 3.5A). Different T-cell responses, such as lysis of

target cells, proliferation, cytokine production or surface marker expression also showed no

significant differences in discrimination (Fig. 3.5B).

Next, we examined the role of CD4/CD8 co-receptor binding on discrimination. We

identified four studies where potency was measured when co-receptor binding was ab-

sent [114,243–245](Table A.1 ID 5, 10, 55, 57, 65). We found a significant increase in power α

if co-receptors could not bind to pMHC using all data (Fig. 3.5C) as well as when we lim-

ited the analysis to paired data where both data points were measured with the same TCR

(Fig. 3.5D). The importance of co-receptor binding for T cell sensitivity has been reported

before [85,87]. Our data suggests that the increase in sensitivity due to co-receptor binding comes

at the cost of lower discrimination strength.

All studies included in the analysis so far used functional assays where pMHC was presented

on the surface of APCs. Several studies have also examined T-cell responses to recombinant

pMHCs coated on plates. In these more artificial plate assays, no co-signalling receptors are
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present that could influence T-cell activation. Comparing α values from APC assays and plate

assays, we found a significant reduction of α from 2.0 on APCs to 0.93 in the plate assays

(Fig. 3.5E). This was confirmed by experiments directly comparing discrimination power for

the 1G4 TCR on plates and APCs [246], indicating that additional interactions with the APC

membrane improve discrimination. Consistent with this, our lab found that the addition of

ligands to the adhesion receptor CD2 and LFA-1 to a plate assay can increase discrimination [246].

Taken together, this suggests that discrimination may not be entirely intrinsic to the TCR and

co-receptors and other surface receptors can influence the T-cell discrimination strength.

3.2.6 Proteins in proximal signalling pathway influence discrimination

In some studies, we found functional data from T cells with a mutation in their signalling

pathway. This gives us the opportunity to test if mutations in downstream proteins in the TCR

signalling cascade impact antigen discrimination.

Stepanek et al. [240] expressed a CD8 fusion protein that contains the intracellular tail of CD4,

which resulted in a higher number of active Lck bound to the co-receptor. When plotting

the potency over affinity we observe a decrease in power α for mutant CD8 compared to

wild-type CD8 (Fig. 3.6A). Shen et al. [247] investigated the effect of a ZAP70 mutation that

weakened the auto-inhibitory conformation of ZAP70. We observe a small decrease in power α

for this ZAP70 mutation (Fig. 3.6B). In two studies by Lo et al., the amino acid adjacent to the

tyrosine residue Y132 (human) or Y136 (mouse) of a LAT phophorylation site was mutated,

resulting in accelerated phosphorylation by ZAP70
[243,248]. When the effect of the mutation

was tested on Jurkat cells expressing wild-type or mutated LAT, no change in discriminatory

power α is observed, however, Jurakt cells with mutated LAT have higher sensitivity (Fig. 3.6C).

In a subsequent study, the effect was tested in naive OT-I T cells isolated from transgenic

mice. In contrast to the previous study, we observe a difference in discrimination power α

(Fig. 3.6D). The discrepancy between naive murine OT-I T cells and Jurkat OT-I T cells may be

a result of the Jurkat T cell being a poor model for discrimination because it exhibits baseline

discrimination, which is lower than that observed with primary human T cells.

In summary, potency data from mutated T cells suggests that the signalling proteins Lck,

ZAP-70 and LAT play a role in antigen discrimination (Fig. 3.6E). Impairing protein function in

the proximal TCR signalling pathway reduces the discrimination strength of the TCR.
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3.2.7 The kinetic proofreading model can explain TCR discrimination

We can use the quantitative value of TCR discrimination to further explore the mechanism of

antigen discrimination. The kinetic proofreading (KP) model proposes that the TCR undergoes

a series of N biochemical steps, each with rate kp, between ligand binding and a productive

TCR signal [147,221] (Fig. 3.7A). Only high-affinity ligands remain bound long enough to complete

all steps and activate the receptor. This model was rejected because it was unable to explain the

near-perfect discrimination suggested by the early mouse data without simultaneously losing

the high sensitivity [96]. In light of the lower discrimination shown by the revised data, we can

revisit the KP model. The relationship between affinity and potency predicted by the KP model

can be expressed mathematically (Fig. 3.7B). This allows us to vary the model parameters and

determine whether both discrimination and sensitivity can be achieved for different levels of

discrimination (Fig. 3.7C). We confirmed previous reports that the KP model cannot explain

near-perfect discrimination (Fig. 3.7C left). However, it simultaneously achieved sensitivity and

the revised lower discrimination (Fig. 3.7C right), suggesting that the KP model is a suitable

model to explain TCR discrimination.
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Figure 3.7: Kinetic proofreading can explain the TCR discrimination power and sensitivity. (A)
Schematic of the kinetic proofreading (KP) model with N steps and a rate kp (B) Potency over
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3.2.8 The ligand discrimination power of the TCR is higher than conventional surface

receptors

The observation that discrimination is substantially lower than previously thought raises

the question of whether the TCR discrimination strength is still unique among other ligand

receptors.

Ligands have been engineered that bind receptors with various affinities in an effort to

study their basic function and to exploit them therapeutically. This allows us to compare

discrimination strength between different receptor families. We included Cytokine receptors

type I and II, Receptor tyrosine kinases (RTK), G-protein coupled receptors (GPCRs), Chimeric

antigen receptors (CARs) and B-cell receptors (BCRs) in our analysis. We included studies

where affinity was measured by methods other than SPR, such as radioligand binding assay.

While such methods have a lower sensitivity, unable to accurately measure very low affinities,

they are accurate in the nanomole affinity range these ligand-receptors interactions exhibit.

Cytokine receptors consist of two subunits. When bound to their soluble ligand, the subunits

dimerize, which brings the Janus kinases (JAKs) bound to the cytosolic domain of each

subunit in close proximity. This allows for trans-auto-phosphorylation inducing JAK activation

leading to further signalling events that culminate in transcriptional activity mediated by

STAT molecules. We identified 5 studies that provided affinity and potency data of a panel of

mutated cytokines binding to the receptor subunits [249–253]. Shown in Fig. 3.8 as a representative

example, Moraga et al. [250] generated a panel of IL-13 mutants, that exhibited a broad range of

affinities towards the IL-13Ra1 subunit while maintaining wild-type affinity to the IL-4Ra. Cell

response induced by these mutated ligands was measured by CD86 upregulation in a dose-

response experiment, from which we obtained potency values (Fig. 3.8A left). A significant

correlation between potency and KD was observed (Fig. 3.8A right), with a discrimination

power of α = 0.44. Other studies on IL-2 [249], IL-6 [253] and IFN1
[251,252] receptors showed a

similar discrimination power, resulting in a mean discrimination power of α = 0.66 (Table A.2

ID 1-13).

Receptor tyrosine kinases consist of two subunits with intrinsic tyrosine kinase activity in

their cytoplasmic domains. Similar to cytokine receptors, ligand binding induces dimerisation

of two subunits leading to receptor activation. We identified two studies to include in the

analysis [254,255]. For example, Ho et al. [254] measured the activation of the c-Kit receptor when
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stimulated with Stem Cell Factor (SCF) mutants of different affinities. Potency measured from

ERK phosphorylation correlated well with KD, resulting in a power α of 0.83 (Fig. 3.8B). On

average we find a discrimination power of α = 0.86 across all studies (Table A.2 ID 15 and 16)

G-Protein coupled receptors undergo a conformational change upon ligand binding leading

to signal transduction. Ligands can bind to different sites on a given GPCR, inducing distinct

downstream signals. To ensure the cellular response is consistent for our analysis, we focused

only on ligands that bind the same binding site with different affinities. Sykes et al. [256]

measured the activation of the M3 muscarinic receptor by 7 agonists of different affinities.

Functional response was measured via GTPγS binding to activated G-protein and intracellular

calcium levels (Fig. 3.8C left). We identified a power alpha of 0.55 and 0.77 for GTPγS

binding and calcium response respectively (Fig. 3.8C right). We found 3 additional studies

involving A2A receptor [257], and the chemokine receptors CXCR4
[258] and CXCR3

[259]. The

mean discrimination power is α = 0.76 (Table A.2 ID 17-24).

Chimeric antigen receptors, used for T cell therapy, are designed to recognise a specific

antigen on cancer cells and initialise target cell killing when expressed on a T cell. They consist

of an antibody-like extracellular domain fused to the intracellular signalling domain of the

TCR. To optimise CAR T-cell therapies, CAR/antigen affinities have been modified and tested.

In the study by Chmielewski et al. [260], an anti-ErbB2 CAR was mutated to generate a panel of

receptors with a range of affinities. For functional T-cell experiments, ErbB2 was immobilised

on a plate at various concentrations. T cell activation was measured by IFNγ production

(Fig. 3.8D left). Potency showed a significant correlation with KD with a discrimination power

of α = 0.52 (Fig. 3.8D, right, ID 25). We identified 2 additional studies including another ErbB2

CAR [261] and a DNA-based CAR [78] (Table A.2 ID 25-28). All functional experiments in these

studies were conducted with a plate assay. The resulting mean discrimination power is α= 0.94.

The B cell receptor, similar to the TCR, has evolved to bind to a large number of unknown

foreign antigens. It consists of a membrane-bound antibody, and an adapter molecule con-

taining ITAM motifs similar to the CD3 chains of the TCR. Importantly, each BCR contains

two identical binding sites for its ligand. Although several studies measured BCR affinity to

antigens, especially in the context of affinity maturation, we only found a single study that

provides sufficient dose-response data for us to obtain potency values [262]. The study included

two lysozyme-specific BCRs exposed to a series of mutated lysozyme antigens. The average

discrimination power of these two BCR systems was α = 1.3 (Fig. 3.8E and Table A.2 ID 29
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Figure 3.9: The discrimination power of the TCR is higher than other surface receptors. Discrimi-
nation powers from all studies included in our analysis (Table A.1 for TCRs and Table A.2 for other
receptors). Comparisons within other receptors (cytokine receptors, RTKs, GPCRs, CARs and BCRs)
and between other receptors and the TCR were performed using a one-way ANOVA and a non-paired
t-test, respectively. Additional information on each panel is provided in Table A.2 (ID: 5 for panel A,
15 for B, 20 for C, 25 for D, and 29 for E).

and 30). This was the only other receptor next to the TCR that showed a discrimination power

greater than 1.

In summary, discrimination power α is near 1 for Cytokine receptors, RTKs, GPCRs, CARs

and BCRs (Fig. 3.9). We do not see any significant difference in power α between them. As a

group, the discrimination power is significantly lower compared to the TCR, confirming that

the TCR has a uniquely high discrimination among other ligand receptors.

3.3 Discussion

Systematic analysis of the discrimination power α

Understanding antigen discrimination is critical for understanding autoimmune responses

and off-target toxicity in T-cell therapies. Previous studies on pMHC-TCR affinity have

demonstrated a general role of pMHC-TCR affinity for T cell activation. However, they have

concluded that the TCR exhibits near-perfect discrimination between high and low-affinity

peptides while maintaining high sensitivity.

By introducing the discrimination power α as a measure of discrimination strength, we

calculated the discrimination for multiple TCRs using an extensive literature search. This

made it possible to perform a quantitative comparison across 12 TCR systems producing 51

potency over affinity plots. We found that the TCR exhibits an enhanced discrimination power

of α = 2.0. This is a significantly lower discrimination strength than suggested by original
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mouse data which revealed near-perfect discrimination of α ∼ 9. This imperfect discriminatory

power is consistent with recent work using human T cells expressing 1G4 and A6 TCR [246].

The discrepancies between the original and subsequent data on antigen discrimination

are likely a result of over-estimated affinity values in the original studies. These affinity

measurements were performed using SPR, which in the 1990s was an emerging technology

and its limitations and pitfalls were yet to be identified. Although the high sensitivity of

the instrument enabled the detection of low-affinity TCR/pMHC interactions, direct affinity

measurements required high TCR concentrations which were often achieved by concentrating

the TCR. This can result in protein aggregation, and indeed, the bi-phasic nature of TCR/pMHC

binding in the original studies is now understood to be a hallmark of protein aggregation in

SPR. Together with higher sensitivity SPR instruments and the pioneering work in the original

SPR data, scientists can now regularly obtain reliable monomeric affinity estimates using SPR.

Limitations of systematic analysis

It is worth noting that while potency typically correlates with the solution or three-dimensional

(3D) affinity measured by SPR, a lack of correlation was reported in a subset of the studies we

analysed. We found that in studies that varied the TCR clone rather than the peptide sequence,

there was a higher likelihood of no correlation (see Gp100-specific TCR Table A.1 ID 45 vs ID

47, and MEL5 TCR Table A.1 ID 70 vs ID 69). Serval factors could contribute to this; such as

different TCR expression levels between clones, as it has been shown that lower expression

of TCR reduces T cell response [23]. Furthermore, cell lines expressing one TCR clone that

have been in culture for a long time can diverge and may accumulate mutations that influence

T cell response. It has also been suggested that the strength of the T cell response is tuned

to the affinity of their TCR to self-peptides [263], and can therefore vary between TCR clones.

Additionally, certain methods for measuring T cell activation, such as protein phosphorylation,

calcium signalling, or degranulation, produced lower correlation as surface marker expression,

cytokine production, or target cell lysis (see ILA1 TCR Table A.1 ID 52 vs ID 53-57). This is

likely due to the lower sensitivity of these detection methods, which cannot measure T-cell

responses at low antigen densities.

Some exceptions can be attributed to structural factors. For example, a pMHC was found

to be able to bind the TCR but not activate T cells due to an unusual docking geometry that
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prevented co-receptor binding [264]. In another case, mechanical forces were suggested to affect

some TCR-ligand interactions differently than others [154,155]. In a third example, surface or

two-dimensional (2D) TCR/pMHC binding parameters measured within the T cell contact

interface were found to predict the T cell response more accurately than 3D binding parameters

measured in SPR [153]. However, this result was based on the original SPR data for the OT-I

system, which was the only data available at the time. A subsequent study found that the

2D and 3D binding parameters for the 1E6 TCR were equally accurate at predicting the T cell

response [265]. Overall, these studies suggest that there may be exceptions where 3D binding

properties do not correlate with potency.

Mechanism of enhanced discrimination

Using power α as a quantitative value of TCR discrimination allows us to further explore the

mechanism of discrimination. The kinetic proofreading model can explain both the enhanced

discriminatory power and the high sensitivity of the TCR. In a recent publication, the KP

model was fitted to the affinity and potency data of the 1G4 and A6 TCR, which allowed the

determination of the number of proofreading steps N and the proofreading time. The study

estimated the number of proofreading steps to be 2.7 steps and a short proofreading time

delay of 2.8 s [246]. Consistent with these findings, studies utilizing a microscopy approach with

light-controlled pMHC binding observed similar time delays between TCR/pMHC binding and

downstream phosphorylation events [77,91]. Another study using light-controlled TCR activation

found a similar degree of discrimination that was consistent with a kinetic proofreading

model [148].

The proximal phosphorylation steps in the TCR signalling cascade may represent the

biochemical delay steps described by the KP model. Evidence for this comes from our

observation that mutations in the proximal signalling proteins Lck, ZAP70 and LAT change

the discrimination power. However, our analysis shows discrepancies between Jurkats and

naive T cells isolated from mice. Using systematic modification of proteins in the downstream

signalling pathway and measuring their impact on the discrimination power may allow us to

identify other proteins involved in kinetic proofreading [266].

Our analysis showed no difference in discrimination between different T-cell responses,

which is in line with recent data showing that CD8
+ T-cells have a shared antigen threshold for
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different T-cell responses [267]. This is further evidence that antigen discrimination is happening

in the proximal TCR signalling pathway. Furthermore, we have shown that discrimination can

be affected by the presence of CD4 and CD8 coreceptors. The increase in discrimination in the

absence of coreceptor binding could be due to impaired Lck recruitment to the TCR and/or

a lack of stabilisation of low-affinity TCR/pMHC complexes. Other co-signalling receptors

found to impact discrimination power such as CD2 and LFA-1 [246] might also interfere with

the proximal signalling pathway. Also the size of microvilli-contacts has been implicated in

modulating antigen discrimination [43].

Discrimination power of other ligand receptors

TCR shows enhanced discrimination compared to other ligand receptors, which exhibit baseline

discrimination with α approximately 1. One reason for this low discrimination strength may be

that these receptors do not employ kinetic proofreading, but rather are triggered immediately

after ligand binding. However, there are important differences in the experiments used for

determining power α for TCR and other receptors that may contribute to the apparent lower

discrimination of other receptors. Firstly, the ligands used for other receptors bind with higher

affinities (in the range of 1nM- 1µM) than pMHC to TCR (1µM - 1mM). The potency for the

TCR also shows a plateau for ligands with KD <1 µM. Therefore, conventional receptors may

also display enhanced discrimination if tested with lower-affinity ligands. Secondly, there

may be less contribution from co-signalling receptors that influence the discriminatory power,

because Cytokine receptors, RTKS, and GPCRs bind to soluble ligands, without any additional

signal. Similarly, the discriminatory power of the CAR and BCR systems included in this study

was measured with a plate assay without the presence of accessory receptors. For the TCR

we saw that functional data generated on plate experiments resulted in a power α around 1

indicating that the TCR on its own does not show any enhanced discrimination.

Only the BCR showed a power alpha above 1. However, this conclusion is made on a limited

dataset, and more data on the BCR would be necessary. For the BCR its ability to bivalently

bind to a target has to be taken into account when measuring affinities.

TCRs, CARs and BCRs belong to the family of non-catalytic tyrosine-phosphorylated recep-

tor (NTR)s, characterised by the presence of ITAM motifs in their cytosolic domains [268]. The

CAR contains cytosolic domains of the TCR and is therefore assumed to activate the same
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downstream signalling pathway. We therefore expected the CAR to have enhanced discrimi-

nation similar to the TCR. To test whether there is indeed a role for ITAM-based signalling

in enhanced discrimination, a more controlled stimulation assay needs to be developed. For

optimal comparison, we would need a system where the extracellular domain stays constant, so

it can be activated by the same ligands and in the same cellular system, while the intracellular

domains can be changed. Inspiration can be taken from other reductive platform systems such

as those developed by Denham et al. [79], Barton et al. [269], Patel et al. [270]. TCRs and BCRs

may use different mechanisms to discriminate antigens. While the signalling pathway of the

BCR is similar to the TCR, The conditions for antigen recognition by BCR differ significantly

from those of the TCR. BCR binds to its cognate antigen with higher affinity and can engage

in multivalent binding, increasing the binding strength even further. Furthermore, the B cell

exerts a pulling force on the BCR-antigen interaction [189], which has been suggested as a BCR

intrinsic mechanism for antigen discrimination [192,194].

Implications

The imperfect discrimination power that we report for the TCR highlights the important role of

T-cell extrinsic mechanisms of tolerance, such as dependence on the APC (e.g. costimulatory

and inhibitory receptor ligands) and other cells (e.g. Treg cells). Moreover, it highlights that the

concentration of lower-affinity antigens can have important roles in regulating T cell responses

in pathology and normal immune surveillance [233,234]. It may also allow a new perspective on

autoimmune diseases: An enhanced but imperfect discrimination allows T cells to respond

to low-affinity self-antigens if present at a high concentration, suggesting that abnormally

high levels of self-antigens may trigger autoimmune responses. Future research could explore

strategies to modulate or regulate these antigen levels, offering new avenues for autoimmune

disease treatment. Targeted interventions might focus on preventing the overproduction of

self-antigens, thereby reducing the likelihood of T cells mistakenly attacking healthy cells.

Further consequences of this work exist for cancer immunotherapy. Researchers might explore

ways to enhance the discrimination abilities of T cells by modifying proteins involved in kinetic

proofreading, allowing them to selectively target cancer cells without inducing off-target killing.

This may lead to more effective and precise cancer treatments with reduced side effects. Lastly,
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this work is a testimonial for the need to revisit scientific data and conclusions drawn thereof

when discrepancies arise even when they are widely accepted in the scientific community.



4
R E V I S E D 3 D A F F I N I T I E S F O R T H E O T- I T C R

4.1 Introduction

The OT-I-TCR is one of the most commonly used TCR transgenic mouse models in immunol-

ogy. Our understanding of antigen recognition and discrimination, including central and

peripheral self vs non-self discrimination, has been heavily influenced by experiments using

OT-I thymocytes and peripheral T cells [96,112,271,272].

The OT-1 TCR recognises a peptide from the ovalbumin protein (amino acids 257-264:

SIINFEKL) (abbreviated to N4) bound to murine H-2Kb MHC Class I. This TCR was initially

identified in mice primed with the ovalbumin peptide (then also known as clone 149.42 and

42.12) [273]. Using structural analysis, it has been discovered that the cognate SIINFEKL peptide

binds to H2Kb via its amino acids in position Ile-P2, Phe-P5, and Leu-P8, while the amino acids

Asn-P4, Glu-P6 and Lys-P7 are accessible for TCR binding [272,274].

Since the first experiments with OT-I, variants of the cognate N4 peptide have been created,

with amino acids in positions 1, 2, 4 and 7 mutated. In initial experiments, it was shown that

cognate N4 peptide has a high affinity to OT-I and induces negative thymic selection, whereas

variant peptides with lower affinity induce positive selection [114,127]. As discussed in Chapter 3,

the initial affinity measurements for these variant peptides gave rise to the idea of perfect

discrimination [96,112,128]; a modest 5-fold reduction in antigen affinity can abolish the T cell

response unless the antigen concentration is increased by more than 1 000 000-fold.

However, many other human and mouse TCRs show imperfect discrimination, where an

antigen with a 5-fold lower affinity can activate T cells if its concentration is increased by

just 25-fold. Recently the affinity of OT-I to different peptide variants has been measured

at 25
◦C [240]. Contradictory to the original experiments, T cells could still be activated with

65
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peptides that had an affinity of KD = 1000 µM, 20-fold lower than the affinity of OT-I to its

cognate N4 peptide, showing enhanced but not perfect discrimination. However, the affinity

measurements from original mouse studies have not yet been repeated and most published

affinity measurements were done at 25
◦C. When the affinity of OT-I binding its cognate

peptide N4 was initially measured, the binding interaction displayed a biphasic binding at

37
◦C. This behaviour was not observed at 25

◦C nor for non-stimulating peptides. Furthermore,

no kinetic binding parameters for the OT-I interactions are known. Because of this lack of data,

the original OT-I data is still routinely used in recent studies to validate models or reject ligand

affinity as a predictor of T cell response [150,153,241].

The OT-I TCR is unique in that bona fide positively selecting peptides have been identified.

Measuring the affinity of these self-peptides will give us insight into the discrimination strength

that is required for positive selection. These self-peptides were identified using experimental

methods and bioinformatics analyses [105]. Through experimental efforts, H–2Kb–associated

peptides were identified from thymus tissues, including C57BL/6 mouse thymi and thymus

cell line EL4 and LB27.4. The extracted peptides were screened for positive selection of OT-I-

expressing T cells using a coreceptor dulling assay. In parallel, a bioinformatics-based strategy

involved searching databases for mouse protein fragments with H–2Kb MHC anchor binding

motifs. These fragments were searched for analogues of the N4 peptide. Both approaches

identified peptides derived from F-actin capping protein (Cappa192−99) and from β-catenin

(Catnb329−336) as positive selecting self-peptides. Additionally, peptides Mapk1 (Mapk119−26)

from the ERK-2 protein and Stat3 (Stat353−60) were identified as peptides that neither induce

positive nor negative selection. The natural presentation of these four self-peptides on MHC

complexes in cortical thymic epithelial cells was confirmed [103].

We are lacking a complete dataset for the affinities of the OT-I at biological conditions

that also includes self-peptides. In this chapter, using an SPR protocol developed to measure

ultra-low affinity TCR/pMHC interactions, we systematically measure the interaction of the

OT-I TCR with 20 different pMHCs, including 4 self-peptides. We first determine the kinetics

of OT-I/pMHC-N4 interaction at 25
◦C and 37

◦C to understand the temperature dependence

of OT-I before turning our attention to systematically measuring affinities for all interactions.

With these revised 3D affinities at hand, we explore their implications for T-cell antigen

discrimination and the mechanism thereof. Our major conclusion is that the revised 3D
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affinities reconcile apparent differences between the OT-I TCR and other mouse and human

TCRs. This underlines the importance of accurate SPR measurements to study T-cell responses.

4.2 Results

4.2.1 OT-I affinity and binding kinetics to cognate N4 peptide

We studied OT-I interactions using a soluble OT-I TCR construct with a human constant

domain and an engineered disulfide bond between the α/β constant domains, as previously

described [240]. For SPR affinity measurments, pMHC was immobilised on a CM5 chip and TCR

was injected at increasing concentrations (Fig. 4.1A-B). All SPR binding data were referenced

against a control flow cell containing matched immobilisation levels of CD86 and against buffer

injection to prevent volume exclusion effects (double referencing). The KD of the pMHC/TCR

interaction is determined by plotting the steady-state binding response over TCR concentration

and fitting it with a 1:1 binding model (Fig. 4.1C).

Measurement of OT-I TCR binding to its cognate peptide SIINFEKL (N4) across a range of

immobilisation levels produced an average KD of 34 µM at 37
◦C, and 100 µM at 25

◦C (Fig. 4.1D).

In contrast to the original measurements, we found no evidence for a 2-step binding process at

37
◦C (Fig. 4.1A).

More recent attempts to study the OT-I/pMHC-N4 interaction suggest a very fast dynamic

interaction (koff = >1 s−1) [240], which makes it challenging to obtain accurate binding rate

measurements using the BiaCore T200 instrument with a sample rate of 10 Hertz. Additionally,

the flow cells in a Biacore T200 instrument are connected in series, which means the ligand

flows through flow cell 1, which acts as the control flow cell, before passing through flow

cell 2, used for the sample. This can lead to misaligned injection start and end times, which

introduces artificial spikes at the start and end of the injection phase after double referencing.

These spikes can conceal important kinetic information for very dynamic interactions such as

those expected for the OT-I TCR. To overcome these limitations, we used the WAVEsystem by

Creoptix, which uses grating-coupled interferometry (GCI) to measure protein binding [275].

GCI has a higher sensitivity than SPR. The WAVEsystem has flow cells connected in parallel,
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Figure 4.1: OT-I affinity to cognate peptide at 25◦C and 37◦C. (A-B) Representative SPR sensograms
showing injections of 8 different OT-I-TCR concentrations over immobilised murine H-2Kb MHC
Class I loaded with ovalbumin257−264 SIINFEKL (N4) peptide at A) 25

◦C and B) 37
◦C. (C) Steady-

state binding response (RU) from (A) and (B) plotted over the TCR concentration (filled circles).
Data was fitted with a one-site specific binding model to determine KD (solid line). (D) Fitted KD
of OT-I/pMHC-N4 interaction from multiple SPR experiments (n=2 and n=23 for 25

◦C and 37
◦C

respectively).

which ensures that each flow cell receives the analyte at the same time (Fig. 4.2A). Additionally,

the instrument has a sample rate of 40 Hertz.

The WAVEsystem employs two methods to obtain kinetic binding rates. The first method

uses multicycle injections. As for Biacore, increasing TCR concentrations are injected, and the

dissociation of each injection is fitted with a one-phase exponential decay model returning koff

(Fig. 4.2B). The second method is the waveRAPID method, in which the analyte is injected

for different lengths of time (Fig. 4.2C). Each dissociation phase is then fitted with a simple

dissociation model to obtain koff. As with SPR, we reduce potential rebinding artefacts by

ensuring that rate constants are similar across different pMHC immobilisation levels (150 RU-

350 RU). We performed both methods at 25
◦C and 37

◦C and measured a koff rate of 2.8 s−1 at

25
◦C and 4.3 s−1 at 37

◦C (Fig. 4.2D). To obtain association rate kon, the association phase in

the multicycle data was fitted with a one-phase exponential model, returning the observed

rate kobs (Fig. 4.2E). We can determine kon from kobs values over OT-I concentration using the

relation kobs =kon × [TCR]+koff. This produces a kon of 1.25 µM−1s−1 which aligns well with

the association rate estimated from KD and koff using the formula kon = koff/KD (Fig. 4.2F).

Taken together, SPR and GCI confirm that OT-I interacts with the N4 pMHC using a standard

1:1 binding model. The reported affinity for this interaction is on the weaker end for a foreign

antigen compared to other murine and human TCRs [276] and moreover, it displays the fastest

kinetics yet observed for a TCR including an on-rate of 1.25 µM−1s−1. and off-rate of 4.3 s−1.



4.2 results 69

0.0 0.5 1.0
0

20
40
60
80

100
120

Time (s)

R
es

po
ns

e 
(R

U
)

0 20 40 60 80
0

5

10

15

20

[OT-I] ( M)

k o
bs

 =
 k

on
 x

 [O
T-

I] 
+ 

k o
ff

Slope = 0.1195 
R2 = 0.98

0.0 0.5 1.0
0

20
40
60
80

100
120

Time (s)

R
es

po
ns

e 
(R

U
)

2 4 6 8
0

50

100

Time (s)

R
es

po
ns

e 
(R

U
)

Data
Fit 

Data
Fit 

25°C 37°C 
0

2

4

6

k o
ff 
(1

/s
)

4.32.9

WAVE 
Multi-cycle

Estimate
koff/KD

104

105

106

k o
n 

(M
-1

s-1
)

1.27 × 105 1.25 × 105 

Control

Sample

Chip

A B C DMulti-cycle Dissociation WAVERapid

Multi-cycle AssociationE F
Data
Fit 

Figure 4.2: OT-I kinetics measured by WAVEsystem. (A) Schematics of flow path in WAVEsystem
(B) Dissociation phase from grating-coupled interferometry (GCI) multicycle sensorgram fitted with
a one-phase exponential decay model to determine koff (red lines). (C) Representative waveRAPID
sensogram of OT-I TCR binding immobilized pMHC-N4 at one concentration of TCR injected
for increasing durations. Dissociation phases fitted with a one-phase exponential decay model
to determine koff (red lines). (D) Fitted koff values from two and four independent experiments
with different TCR and/or pMHC concentrations at 25

◦C (N=42) or 37
◦C (N=26), respectively. (E)

Association phase from GCI multicycle sensogram fitted with a one-phase exponential model to
determine kobs (red lines). (F) kobs values plotted of OT-I TCR concentration and fitted with a straight
line to determine kon. (G) Measured kon rate from WAVE multicycle experiment and calculated kon
using the fitted values of koff (4.3 s−1) and KD (34 µM).

4.2.2 OT-I affinity measurement to variant peptides display large variation

After characterising the binding interaction between OT-I and its cognate peptide N4, we set

out to measure its affinity to a range of variant peptides. We selected a panel of 20 peptides

commonly used in literature. The panel contained peptides with a single amino acid mutation,

as well as the self-peptides Catnb, Cappa1, Mapk1 and Stat3. The stability of each peptide to

the H-2Kb MHC was previously determined to be similar for these peptides [114,272].

As we expect many of these peptides to have a very low affinity to OT-I, we used a previously

published SPR protocol optimised for ultra-low TCR/pMHC affinities [246]. Interactions with

very low affinities (KD >200 µM) cannot be measured accurately with a standard SPR equi-

librium binding experiment. This is because when we plot the steady state binding response

against TCR concentration to calculate KD, the curve does not saturate at the highest TCR

concentration. Since KD is defined as the concentration of TCR producing half-maximal binding

(Bmax/2), the inability to saturate binding to determine Bmax means that it is not possible to
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Figure 4.3: Establishing an antibody standard curve for ultra-low affinity measurements. (A)
Steady-state binding over TCR concentration fitted with one-site specific binding model to obtain
TCR Bmax and KD (B) Representative SPR sensogram of B2M antibody binding human β2m domain
of pMHC following the injection of TCR in (A). (C) Empirical standard curve relating B2M and Y3

antibody binding to fitted TCR Bmax obtained using high affinity peptides N4 and A2 (N = 17 for
B2M, n = 9 for Y3). This standard curve will be used to determine the TCR Bmax for low-affinity
peptides as described in [246]. The correlation holds true for both non-denatured pMHC (filled circles)
and pMHCs partly denatured by a short injection of glycine solution with low pH (empty circles).
(D) Correlation between pMHC-N4 immobilisation level and TCR Bmax. pMHC-N4 used came from
the same protein preparation. For non-denatured pMHC (filled circles), pMHC immobilisation level
correlates well with TCR Bmax. Partly denatured pMHCs (empty circles) do not follow this correlation.

accurately estimate KD. In the past, attempts to overcome this limitation involved lowering

temperatures where KD is expected to be higher or to increase the TCR concentration. However,

the former produces estimates at non-physiological temperatures and the latter can produce

protein aggregates artificially inflating affinity values.

Our lab recently developed a new SPR method that allows the measurement of ultra-low

affinities [246]. In this method, after the TCR injection over immobilised pMHC, an pMHC

conformation-specific antibody that only binds correctly folded pMHC is injected at the end of

each SPR experiment. Because the antibody recognises the same population of pMHCs that

the TCR can bind to, the maximum binding response of the antibody correlates linearly with

the TCR Bmax identified from equilibrium binding curves of high-affinity peptides over a range

of immobilisation levels. This correlation acts as a standard curve to calculate the TCR Bmax

given the antibody Bmax for low-affinity peptides where the TCR Bmax cannot be accurately

fitted from the binding curve. By constraining the Bmax to the Bmax value obtained from the

standard curve, an accurate KD can be obtained.

The standard curve relating maximum antibody binding to TCR Bmax was generated with

the cognate N4 peptide. The N4 peptide allowed an accurate measurement of TCR Bmax

(Fig. 4.3A). Antibodies used for the standard curve were conformation-specific, including the

Y3 antibody and an anti-β2m antibody (Clone B2M), both binding only correctly folded pMHC

complexes. The antibodies were injected for 800 s and the maximum binding response was
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recorded (Fig. 4.3B). The TCR Bmax plotted against maximum antibody response produces

a linear correlation with a slope of 0.56 and 0.65 for antibodies B2M and Y3, respectively

(Fig. 4.3C). No significant difference between the standard curves of B2M and Y3 was observed.

To test if antibody binding accurately predicts the amount of TCR binding, pMHC was

partly denatured after immobilisation to remove the bound peptide. Even after denaturing,

the data points of the antibody and TCR Bmax for both the B2M and Y3 antibody fall on the

standard curve (empty circles in Fig. 4.3C). When plotting immobilisation levels against TCR

Bmax, again a strong correlation is observed, however, pMHC that were partly denatured no

longer correlate with TCR Bmax (Fig. 4.3D). This confirms that the antibodies and the TCR

recognise the same correctly-folded pMHC population immobilised on the chip and underlines

the importance of predicting TCR Bmax with a conformation-sensitive antibody.

For all subsequent experiments, we used the B2M antibody, which has the advantage of

being universally applicable to all measurements with pMHC proteins containing human β2m.

To avoid extrapolation from the standard curve, we only used pMHC immobilisation levels

less than 2000 RU.

Next, we performed SPR experiments for 20 variant peptides, including 4 self-peptides

(Fig. 4.4A-S, left). Steady-state binding response over OT-I concentration was fitted with

a 1:1 binding model to estimate KD, with the Bmax constrained to the value obtained from

the antibody standard curve (Fig. 4.4A-S, right). Average KD values for the peptide panel are

summarised in Table 4.1. All peptide information and KD values are provided in Table S4.1.

The affinities ranged from 34 µM for the cognate N4 peptide, to 2280 µM for R4 peptide.

Peptides that exhibited higher affinities had one or two mutations with amino acids that have

similar properties (e.g. lysine replaced by arginine in position 7) or with small and neutral

amino acids (e.g. glutamine, threonine, alanine) (Fig. 4.4A-I). On the other hand, peptides with

lower affinity had asparagine in position 4 replaced by a charged amino acid such as lysine,

arginine, or glutamic acid (Fig. 4.4J, M-O). Alternatively, multiple amino acids were replaced by

alanine, as was the case with the null peptide (SIAAFASL), which was designed to minimize

TCR contacts (Fig. 4.4K). Some low-affinity peptides also had a very different sequence, such as

the vesicular stomatitis virus-derived peptide VSV (Fig. 4.4L). Self-peptides produced affinities

around 1500 µM- 2000 µM (Fig. 4.4P-S). Unexpectedly, the B2M antibody did not bind to the



4.2 results 72

0 10 20 30 40
0

100

200

300

400

Time (s)

0 10 20 30

0

50

100

150

200

Time (s)

0 10 20 30

0
20
40
60
80

100

Time (s)

R
es

po
ns

e 
(R

U
)

R
es

po
ns

e 
(R

U
)

R
es

po
ns

e 
(R

U
)

[OT-I] ( M)
0 50 100 150 200

0

100

200

300

400 Bmax = 374 RU
KD = 36 M

0 10 20 30 40 50
0

50

100

150

200

[OT-I] ( M)

Bmax = 768 RU
KD = 177 M

0 10 20 30 40 50
0

20

40

60

80

100

[OT-I] ( M)

Bmax = 770 RU
KD = 409 M

-5 0 5 10 15 20

0
50

100
150
200
250

Time (s)

0 10 20 30 40

0

50

100

150

Time (s)

0 10 20 30

0

40

80

120

Time (s)

0 10 20 30 40
0

50

100

150

200

250

[OT-I] ( M)

Bmax = 723 RU
KD = 79 M

0 50 100 150 200
0

50

100

150

[OT-I] ( M)

Bmax = 383 RU
KD = 420 M

0 20 40 60 80 100
0

40

80

120

[OT-I] ( M)

Bmax = 865 RU
KD = 648 M

0 10 20 30

0

100

200

300

Time (s)

0 10 20 30

0

20

40

60

80

Time (s)

0 10 20 30

0

40

80

120

Time (s)

0 20 40 60 80 100
0

100

200

300

400

[OT-I] ( M)

Bmax = 921 RU
KD = 208 M

[OT-I] ( M)
0 10 20 30 40 50

0

20

40

60

80 Bmax = 666 RU
KD = 376 M

0 40 80 120
0

40

80

120

[OT-I] ( M)

Bmax = 865 RU
KD = 756 M

R
es

po
ns

e 
(R

U
)

R
es

po
ns

e 
(R

U
)

R
es

po
ns

e 
(R

U
)

R
es

po
ns

e 
(R

U
)

R
es

po
ns

e 
(R

U
)

R
es

po
ns

e 
(R

U
)

A    N4 B    A2 C    Q4

D    Q4R7 E    T4 F    Q7

G    Q4H7 H    V4 I    G4

Higher affinities

R
es

po
ns

e 
(R

U
)

R
es

po
ns

e 
(R

U
)

R
es

po
ns

e 
(R

U
)

R
es

po
ns

e 
(R

U
)

R
es

po
ns

e 
(R

U
)

R
es

po
ns

e 
(R

U
)

J    E1 K    Null L    VSV

M    K4 N    R4 O    E4

0 10 20 30

0

20

40

60

Time (s)

0 10 20 30

0

10

20

Time (s)

0 20 40 60 80 100
0

20

40

60

[OT-I] ( M)

Bmax = 493 RU
KD = 898 M

0 10 20 30 40 50
0

10

20

[OT-I] ( M)

Bmax = 791 RU
KD = 1930 M

0 10 20 30

0

20

40

60

Time (s)

0 10 20 30
-10

0

10

20

30

40

Time (s)

0 20 40 60 80 100
0

20

40

60

[OT-I] ( M)

Bmax = 931 RU
KD = 1561 M

0 20 40 60 80 100
0

10

20

30

40

[OT-I] ( M)

Bmax = 814 RU
KD = 1952 M

0 10 20 30
-10

0
10
20
30
40
50

Time (s)

0 10 20 30

0

10

20

Time (s)

0 20 40 60 80 100
0

10

20

30

40

50

[OT-I] ( M)

Bmax = 748 RU
KD = 1414 M

0 10 20 30 40 50
0

10

20

[OT-I] ( M)

Bmax = 847 RU
KD = 2228 M

Low affinities

R
es

po
ns

e 
(R

U
)

R
es

po
ns

e 
(R

U
)

P    Catnb Q    Cappa1

0 10 20 30
-10

0
10
20
30
40
50

Time (s)
-5 0 5 10 15 20

-10

0

10

20

30

40

Time (s)
0 20 40 60 80 100

0

10

20

30

40

50

[OT-I] ( M)

Bmax = 748 RU
KD = 1394 M

0 20 40 60 80
0

10

20

30

40

[OT-I] ( M)

Bmax = 590 RU
KD = 1381 M

R
es

po
ns

e 
(R

U
)

R    Mapk1

-5 0 5 10 15 20
-10

0

10

20

30

40

Time (s)
0 20 40 60

0

10

20

30

40

[OT-I] ( M)

Bmax = 917 RU
KD = 1614 M

R
es

po
ns

e 
(R

U
)

S    Stat3

-5 0 5 10 15 20
-10

0
10
20
30
40
50

Time (s)
0 20 40 60 80 100

0

10

20

30

40

50

[OT-I] ( M)

Bmax = 877 RU
KD = 2037 M

Self-peptides

Figure 4.4: SPR curves for peptide variants. (A-R) Representative Surface Plasmon Resonance data.
Left: Double-referenced sensograms. Right: Steady-state binding RU over TCR concentration. Data
fitted with one-site specific binding model, where Bmax was constrained to Bmax determined from
B2M antibody binding according to the standard curve in Fig. 4.3.
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Figure 4.5: Affinities for peptide panel binding OT-I. KD values measured for a panel of peptide
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to the cognate N4 peptide. Mean values of KD values are indicated in bars.
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Figure 4.6: SPR of V-OVA. Representative Surface Plasmon Resonance data. Left: Double-referenced
sensograms. Centre: Antibody B2M binding correctly folded pMHC in (A). Right: Steady-state
binding RU over TCR concentration. Data fitted with one-site specific binding model, where Bmax
was constrained to Bmax determined from B2M antibody binding according to the standard curve in
Fig. 4.3.

V-OVA peptide even though it was immobilized on the SPR surface and detectable binding was

observed to OT-I (Fig. 4.6). Therefore, we were unable to report an affinity for this interaction.

We compared our revised KD values at 37
◦C to the original KD values published previ-

ously [112,128,238] (Fig. 4.7A). Our revised measurements show lower affinity and while the

affinity to the cognate N4 peptide is in a similar range (34 µM to 5 µM in the original data),

the difference is amplified for non-stimulatory peptides E1 and R4 (Fig. 4.7A left). We now

report that these peptides have a 30-65-fold lower affinity than the cognate peptide rather than

the small difference of 5-10-fold difference originally reported (Fig. 4.7A right). The revised

KD values at 37
◦C correlate well with more recent affinity measurements at 25

◦C (Fig. 4.7B).

However, we observe slightly higher affinities at 37
◦C. This is in line with our measurement

of N4-OT-I interaction at 25
◦C (Fig. 4.1). Similarly, we find a large >40-fold lower affinity for

self-peptides whereas more modest 15-25-fold differences were previously reported at 10
◦C [113]

(Fig. 4.7C).
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Table 4.1: KD values for OT-I TCR at 37◦C.

Peptide Sequence Mean KD (µM) STD N

N4 SIINFEKL 34 4.4 24

A2 SAINFEKL 92 8.1 4

Q4 SIIQFEKL 190 36 5

Q4R7 SIIQFERL 250 63 3

T4 SIITFEKL 350 50 4

Q7 SIINFEQL 490 110 3

Q4H7 SIIQFEHL 520 100 3

V4 SIIVFEKL 650 89 4

G4 SIIGFEKL 680 56 4

E1 EIINFEKL 1000 250 10

VSV RGYVYQGL 1600 260 6

Null peptide SIAAFASL 1400 200 3

K4 SIIKFEKL 2100 230 3

R4 SIIRFEKL 2300 290 6

E4 SIIEFEKL 2200 290 3

Catnb RTYTYEKL 1500 98 6

Cappa1 ISFKFDHL 1700 440 6

Mapk1 VGPRYTNL 1900 580 4

Stat3 ATLVFHNL 2000 310 3

V-OVA RGYNYEKL n.d.
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Figure 4.7: Comparison of KD values to previously published data. (A) Comparison between
original OT-I KD values measured by SPR at 25

◦C [112,128,238] and our KD values measured at 37
◦C.

Our KD values divert from the original values by a 5-fold difference for higher affinity peptides
and an up to 70-fold difference for lower affinity peptides. (B) More recently published KD values
at 25

◦C for a smaller peptide panel [240] correlate well with our 37
◦C KD values. (C) Comparison

between self-pMHC KD values measured at 10
◦C [113] and our revised KD values measured at 37

◦C.
(D) Correlation between OT-I 2D affinity values [153] and 3D affinity using original OT-I KD values
measured by SPR at 25

◦C [112,128,238] and our KD values measured at 37
◦C.

4.2.3 Revised 3D affinities display similar variation to 2D affinities

In contrast to interactions between molecules in solution as measured by SPR, T cells recognise

antigens on the surface of APCs, with TCR and pMHC restricted to the two-dimensional (2D)

plane of the interacting cell surfaces. This has motivated the direct measure of 2D kinetics and

affinities of the TCR/pMHC interaction [153]. Huang et al. [153] found that 2D affinities of the

TCR for a panel of pMHC ligands possess broad dynamic ranges resulting in 2D affinity being

a much better predictor of T cell activation than the 3D binding parameters. However, this

comparison was made with the original KD values. When we replot the 2D affinities with both

the original KD values and our revised data, we find that both datasets have a strong correlation

with 2D affinity (Fig. 4.7D). However, the original 3D data displayed a very steep slope. On

the other hand, the revised KD values at 37
◦C display a more modest slope (Fig. 4.7D). While

the original data suggests that the binding dynamics on the membrane are fundamentally

different than soluble proteins in a 3D environment, the revised KD values show that 3D affinity

values faithfully reproduce the 2D affinities and hence T cell responses. Nevertheless, the slope
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Figure 4.8: Immobilisation level compared to antibody binding, determining the fraction of
correctly folded pMHC. (A) Correlation between pMHC Immobilisation level and B2M antibody
binding RU for all peptide variants. Denatured pMHC-N4, as well as the peptide variants E1 and
V-OVA divert from the general correlation, indicating partly or fully denatured pMHCs. (B) Ratio
antibody binding to immobilisation level for all tested peptides. Peptides that have a ratio significantly
less than 1 are marked with *.

between revised 3D data and 2D data is larger than 1, indicating that there is still a difference

between 2D and 3D binding.

4.2.4 SPR binding controls verify accurate affinity measurements

Several control experiments were conducted to test the reliability of these affinity measurements.

Firstly, the pMHC antibody binding might depend on the peptide, affecting the apparent levels

of properly folded pMHC on the surface and thereby influencing affinity estimates. However,

we observed a significant correlation between antibody binding and pMHC immobilisation,

mostly unaffected by the peptide sequence (Fig. 4.8A), which is expected given that this

antibody binds β2M and not the peptide. The fraction of correctly refolded pMHC, calculated

by dividing immobilisation level by antibody binding, was consistent for all peptides except

V-OVA and E1 (Fig. 4.8B). In the case of V-OVA, we found that the antibody did not bind

and therefore, we could not estimate affinity. In the case of E1, the antibody binding was

consistently lower than expected. We observed a similar discrepancy between antibody binding

and pMHC immobilisation when we intentionally denatured the pMHC on the surface. This

may indicate that the pMHC stability of E1 and V-OVA in particular is much lower than the

other pMHCs used in our study.

Surprisingly, even though fully denatured peptides and V-OVA do not show any antibody

binding, we observed OT-I binding, indicating that the OT-I can bind the unfolded pMHC
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(Fig. 4.9). As the antibody does not bind denatured pMHC, no Bmax can be obtained using the

standard curve. However, we can use the relation between pMHC-N4 immobilisation and OT-I

TCR Bmax in Figure 4.3 to estimate the Bmax of the denatured pMHCs. Applying this analysis

to both the denatured N4 and V-OVA peptides, we obtain a KD of approximately 1500 µM for

the denatured N4 and V-OVA pMHC.

Suppose the lower antibody binding to E1 is due to a part of the immobilised pMHC being

unfolded. In that case, it raises the question of whether binding to the unfolded pMHC can

influence the observed KD measurement. We found that partly denatured pMHC-N4 resulted

in the same KD value as non-denatured pMHC. However, E1 is a low-affinity peptide, relying

on an accurate determination of Bmax. Furthermore, the affinity to unfolded pMHC is similar

to E1 (1500 µM vs 1000 µM) and may therefore have a stronger effect on the measurement. To

see whether partly denatured pMHC influences low-affinity measurements, we immobilised

VSV to equal levels in three flow cells. VSV was chosen because it has an affinity similar to

E1. In two flow cells we then partly denatured the pMHC to different extents by injecting

low-pH glycine solution for different time lengths, resulting in the removal of 130 RU and

200 RU protein material. The Bmax was estimated from the B2M binding, showing a decrease in

correctly folded protein. However, the amount of TCR binding stayed the same. Fitting a one-

site-specific binding model with constrained Bmax resulted in a lower KD for flow cells with a

higher proportion of denatured peptide. This is likely due to the OT-I being able to bind to both

denatured and correctly folded pMHC-VSV with a similar affinity, however the B2M antibody

only binds correctly folded pMHC-VSV. Because of the lower Bmax together with equal or

higher binding response the estimated KD progressively decreases as the degree of denaturing

increases. This suggests that the estimated KD for the pMHC-E1 is likely underestimated.

Even at high TCR concentrations, the low-affinity pMHCs that result from point mutations and

self-pMHCs produce less than 50 RU. Small differences in binding response can occur due to a

mismatch in immobilisation levels between the sample flow cell and control flow cell. This is

known as volume exclusion effect; on an empty flow cell containing only streptavidin, analytes

can come closer to the chip surface due to the lack of ligands and produce a signal without any

specific binding. If this reference signal is subtracted from the sample flow with immobilized

pMHC, it can result in an apparent negative binding. To prevent this, we immobilise CD86

in the control flow cell because it has a similar molecular weight as pMHC and will therefore
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Figure 4.9: Effect of denaturation on KD measurements of low-affinity pMHCs. (A) Representative
SPR sensogram of B2M antibody binding pMHC-N4 that was fully denatured by injecting a glycine
pH2 solution. The low antibody binding RUs indicated that most pMHC-N4 molecules are in an
unfolded state. (B) Steady-State binding curve for denatured pMHC-N4. To estimate the affinity of
OT-I to unfolded pMHC, the relation between TCR Bmax and pMHC immobilisation in Fig. 4.3D was
used to calculate a Bmax. The data was fitted with a one-site specific binding model with constrained
Bmax. (C) Mean estimated KD for TCR to denatured pMHC, calculated from denatured N4 and V-OVA.
(D) Antibody binding curve to VSV denatured to different extents. (E) Effect of denatured pMHC on
KD measurement for VSV peptide. VSV was denatured to two different levels by injecting Glycine pH
1.7 solution for different lengths of time. The Bmax was estimated from B2M antibody binding using
the standard curve in Fig. 4.3D. Steady-state RUs were fitted with a one-site specific binding model
with constrained Bmax. (F) Estimated KD for increasing level of pMHC denaturation. OT-I binding
to pMHC-VSV with a high proportion of denatured pMHC returns a lower-than-accurate KD value.
Abbreviations: * = p-value≤0.05, ** = p-value≤0.01, *** = p-value≤0.001, **** = p-value≤0.0001.

exclude the analyte from the chip surface to the same extent as pMHC, preventing this artificial

response [277] (Fig. 4.10A).

We aimed to match the immobilisation level of CD86 in the control flow cell as closely

to the pMHC immobilisation levels as possible. We mostly achieve immobilization levels

within 200 RUs (Fig. 4.10B). However, we also found a systematic difference in streptavidin

immobilisation between the flow cells. We found that on CM5 chips, the first flow cell

immobilises about 1000 RU more streptavidin than the other flow cells (Fig. 4.10C). As a result,

we wanted to ensure that the binding response observed for OT-I binding to low-affinity

peptides was not due to differences in immobilization, but instead due to specific binding.

To achieve this, we injected ovalbumin as a control analyte protein over all four flow cells

immobilised with only streptavidin. A perfect SPR surface should produce zero binding

when each flow cell is subtracted. In this experiment, we used an ovalbumin concentration
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Figure 4.10: Binding between TCR and control proteins and between control proteins and pMHC
is lower than between TCR and low-affinity pMHCs. (A) Schematic of volume-exclusion effect,
adapted from [277]. (B) Difference in pMHC immobilisation level between sample and control flow
cell (FC1). (C) Streptavidin immobilisation level between flow cells on CM5 chip. (D) Injection of
ovalbumin over streptavin. Data is double-referenced to the control flow cell. (E, F) Surfaces coated
with the control protein CD86 were injected with (E) TCR and (F) the control protein ovalbumin
showing minimal binding responses. (G) The binding response of the TCR or the control protein
ovalbumin over surfaces coated with self-pMHCs.

of 2.0 mg/ml, equivalent to an OT-I molar concentration of 40 µM. We observe a binding

response of 3 RU at the highest ovalbumin concentration, linearly scaling with the ovalbumin

concentration (Fig. 4.10D). This shows that a difference in streptavidin level can introduce

a small difference in response. To test whether this artificial response is still present after

immobilising ligands, we immobilised CD86 in both the control and sample flow cell and

injected OT-I and ovalbumin (Fig. 4.10E and F). The binding response of OT-I to CD86 was less

than 4 RU with no observable trend of increasing binding response at higher concentrations.

Ovalbumin showed negative binding of less than 2 RU. This indicates that the artificial

response created by mismatched immobilisation levels is minimal compared to the response we

observe for low-affinity pMHC. Finally, we injected both OT-I and ovalbumin over self-pMHC.

Comparing the response by TCR and ovalbumin at the same weight concentration, we see

that the injection of ovalbumin produced significantly lower binding than the TCR confirming

specific OT-I/pMHC binding (Fig. 4.10G).
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Overall, we found that a small difference in response in the range of 5 RU could be introduced,

but this artificial response is minimal compared to the response we observe for low-affinity

peptides. We conclude that the observed binding response for self-peptides is due to specific

OT-I interaction. The high binding response of ovalbumin to self-peptide pMHC could be

attributed to a specific interaction between ovalbumin and pMHC, given that the binding

response is higher than observed for the ovalbumin/CD86 interaction.

Lastly, we compared the affinity of pMHCs produced using bacterial (E. coli) and mammalian

(HEK293) expression systems. The expression systems may produce pMHC with a different

structure or glycosylation pattern that could influence TCR binding. When directly comparing

KD values for pMHCs produced by both methods, we found no difference for using E.coli or

HEK-produced pMHC both for high and low-affinity peptides (Fig. 4.11).
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Figure 4.11: Comparison of pMHC produced in E.coli or HEK cells. E.coli produce pMHC where
purified from inclusion bodies and refolded in the presence of human β2m and peptide. HEK pMHC
were produced in Kb expressing in HEK-293T cells, followed by peptide exchange (ordered from NIH
Tetramer facility)

4.2.5 Revised discrimination power of OT-I TCR

The apparently very small difference in affinity between stimulatory and non-stimulatory

peptides observed in the original affinity data implied that the discriminatory power of the

TCR is near-perfect [96]. Given the large differences between the original and revised OT-I

affinities, we next sought to determine their relation to T-cell activation.

We first generated functional data using naive CD8
+ T cells from OT-I transgenic mice.

For this, naive CD8+ T cells expressing the OT-I TCR were isolated from the spleens of OT-I

transgenic mice (Fig. 4.12A). Splenocytes from mice were used as antigen-presenting cells and
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pulsed with peptide before co-culturing them with the OT-I T cells. After 24 hours, T cell

activation was measured by expression of the surface receptors CD69 and CD44. T cells showed

a measurable response to peptides N4, A2, Q4, T4, Q7, Q4H7, and G4 for both CD69 and CD44

(Fig. 4.12B and C). A small fraction of T cells got activated with the low-affinity E1 pMHC at

the highest concentration for CD69, but not enough to determine an EC50 value. E1 pMHC did

not induce CD44 expression, likely due to a high background activation of 20%. The TCR was

downregulated from the cell surface in a pMHC concentration and affinity-dependent manner

(Fig. 4.12D). T cell activation for peptides with lower affinity than E1, including self-peptides,

could not be detected with naive CD8
+ T cells.
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Figure 4.12: T cell activation by peptides. (A) Schematic showing T cell activation assay conducted
with OT-I transgenic CD8+ T cells interacting with splenocytes pulsed with peptides. (B, C) Rep-
resentative dose-response curves of OT-I T cells interacting with selected peptide panel after 24

hours. TCR activation is measured by the expression of (B) CD69 or (C) CD44 activation marker.
The dose-response curve was fitted with a Hill curve to obtain the EC50 as a measure of potency.
(D) Downregulation of OT-I TCR when stimulated with selected peptide panel for 24 hours. T cell
activation assays were performed by Audrey Gérade, Lion F. J. Uhl and Jagdish M. Mahale.

As in Chapter 3, we can use potency and affinity to determine the discriminatory power.

To directly compare the discriminatory power suggested by the original data and our revised

values, we plotted the potency data with both the original affinities from Alam et al. [128], Rosette

et al. [238] at 25
◦C and our revised KD values (Fig. 4.13A). Both the original affinity data and the

revised data correlate with potency, but there is a strong difference in slope. Fitting a power

law to the data produces a discriminatory power of 10 for the original data. The revised data

only produces α = 2.5 for CD69 measurements and α = 2.9 for CD44.
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We next plotted potency over affinity plots for published functional data, again directly

comparing original and revised KD values (Fig. 4.13B-H). All datasets show a strong reduction

in discrimination power between original and revised KD values. Combining all datasets, we

found that the revised KD values return a much lower power of 2.8 compared to a mean power

of 11.2 for the original KD values (Fig. 4.13I).

This result confirms that the discrimination strength for the OT-I is enhanced, but not perfect,

which is consistent with other mouse and human TCR systems analysed in Chapter 3.
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Figure 4.13: Revised Discriminatory Power. Potency data plotted against original KD data at 25
◦C

published by Alam et al. [128], Rosette et al. [238] and our revised KD data at 37
◦C. Data was fitted

with power law to obtain discrimination power α. (A) Potency-affinity plots with potency obtained as
EC50 from functional experiments measuring CD69 expression in Fig. 4.12. (B-H) Potency-affinity
plots with previously published potency data. (B) Potency data as P10 taken from [127]. (C) Potency
data as P10 taken from [238]. (D) Potency data as EC50 taken from [114]. (E) Potency data as EC50 taken
from [278]. (F) Potency data as EC50 taken from [153]. (G) Potency data as EC50 taken from [243]. (H)
Potency data as EC50 taken from [248]. (I) Power α for original and revised KD.
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4.2.6 Kinetic proofreading model fit

In Chapter 3 we showed that the kinetic proofreading (KP) model can explain a discriminatory

power of 2.0. Additionally, in a recent publication, we fitted the KP model to affinity and

potency data obtained for the human 1G4 and A6 TCR to estimate the number of proofreading

steps and the proofreading time [246]. The same analysis can be applied to the OT-I data.

A simplified kinetic proofreading model was used to fit the affinity-potency data. In the

KP model, potency is determined by the lifetime of the TCR-pMHC interaction, determined

by koff, rather than by KD. As we only have KD values, koff for all peptides was estimated

from KD using koff = KD×kon, where we assume that kon is identical for all peptides. We

use kon = 1.3 × 105 M−1s−1 as determined from kinetic measurements of the N4 pMHC/OT-I

interaction (see Fig. 4.2). The simplified kinetic proofreading model contains three fitting

parameters; the proofreading rate (kp), the sensitivity (A), and the number of proofreading

steps (N):

Potency = A ×
(

1 +
konKD

kp

)N

(4.1)

Fitting the kinetic proofreading model to our functional T cell response produced an am-

biguous fit where the values of individual parameters could not be accurately estimated. This

often results because the data contains insufficient information to constrain the parameters.

We therefore combined our functional data with all published potency data, normalised to

cognate peptide N4, to create a larger dataset. Fitting the model to the combined dataset

produced an unambiguous fit with N = 6.5 and kp = 38 s−1. This gives a proofreading time of

τ1/2 = kp/N = 0.17 s.
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Figure 4.14: OT-I T cells operate kinetic proofreading with a short proofreading time. (A) Schematic
of the kinetic proofreading model. (B) A fit of kinetic proofreading to ligand potency over revised
3D affinity data. The potency is displayed as a fold-change to the highest-affinity N4 pMHC and
combines all the potency data from the 7 studies displayed in Fig. 4.13 and the data we generated.
Data displayed as mean ± SD for each peptide variant. Best-fit parameters as indicated.

4.3 Discussion

The lack of accurate affinities of OT-I peptides at biologically relevant conditions has hindered

the development and validation of models that aim to understand how the TCR/pMHC

interaction controls T cell activation. Here we provide a comprehensive dataset containing the

interaction affinities between the mouse OT-I TCR and a set of 19 peptide variants at 37
◦C. This

dataset contains accurate measurements of self-peptide interactions that can induce positive

selection in the thymus. We detect significantly lower affinity for non-activating peptides

and self-peptides than previously reported (KD > 1000 µM). This data shows that antigen

discrimination by the OT-I TCR is enhanced but imperfect.

OT-I affinity and kinetics

The affinity and kinetics of the OT-I/pMHC-N4 interaction showed an unusual temperature

dependence. Whereas previous studies have reported similar or lower KD values at lower

temperatures [206] , the OT-I TCR affinity for N4 increases at higher temperatures. The reduction

in KD at 37
◦C comes for a strong increase in the kon rate at 37

◦C compared to 25
◦C. This

temperature dependence of KD highlights the importance of measuring KD values at 37
◦C. We

did not observe a biphasic binding with a slow and fast association step at 37
◦C as described

originally. This is in line with other TCR systems measured at 37
◦C [149,246]. Furthermore,

while the affinity of OT-I interacting with its cognate peptide is similar to other TCRs [276],
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the interaction shows much faster binding rates than other TCRs. For example, the 1G4 TCR

interacting with its cognate pMHC has a 10-fold slower off-rate (0.3 s−1) and a 3-fold slower

on-rate [149]. Similarly, off-rates for other TCRs range between 0.1 s−1-0.7 s−1 [276]. The faster

on-rates for OT-I are indicative of a lower degree of conformational flexibility. These very fast

kinetics make it challenging to measure the kinetics of peptides with lower affinity than N4.

Peptide panel

Analysis of OT-I interaction with peptide variants returned a broad range of affinities. The

affinities correlate well with functional data and 2D affinities. Our revised KD values differ

significantly from the original measurements, particularly for low-affinity peptides. We believe

that this difference may be due to two reasons. Firstly, in the original data, Bmax was fitted

rather than constrained, and this has previously been shown to lead to under-estimates of

KD values [246]. Indeed, fitting KD values is accurate for interactions with KD values up to

approximately 200 µM [246]. Secondly, the TCR in the original studies were likely aggregated,

producing apparently higher binding and hence affinity values. The affinity of OT-I to self-

peptides was approximately 50 times lower than to the cognate peptide N4. Out of the four

self-peptides, Catnb induces the strongest dulling activity in T cells and also shows the highest

affinity of all four measured self-peptides [105].

Regarding the accuracy of low-affinity KD values, we have performed control experiments to

ensure that the affinity is correct. Unrelated proteins, such as ovalbumin, that are not expected

to bind to pMHC show minimal binding. We have also shown that the differences in the flow

cells contribute a smaller than 5 RU response. However, because low-affinity peptides produce

a very low binding response (<50 RU), such small non-specific binding events still can have

a significant impact on the overall affinity. In addition, we showed that there is a significant

binding of OT-I to denatured pMHC with an affinity of ∼1500 µM. For low-affinity pMHC

that have affinity values in the same range, if a population of unfolded pMHC is present on

the chip, this can result in lower-than-accurate KD values. While we confirm that the fraction

of correctly refolded peptides is consistent for all pMHCs except E1 and V-OVA, we cannot

exclude the presence of a small fraction of unfolded pMHC, which may contribute to the

observed binding response. Contribution from non-specific binding and binding to unfolded
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pMHC may introduce a systematic error that scales with the KD values. Overall, we have to

assume that there is a larger uncertainty for the measured KD values of low-affinity peptides.

The lowest measured affinity using our revised protocol was 2.2 mM, which is similar to

the lowest affinity measured for the 1G4 and A6 TCR [246]. We speculated that this affinity

represents the affinity floor, where the dominant energetic contribution to binding comes

from contacts with the MHC, rather than the peptide. This is a direct consequence of positive

selection, where TCRs must interact with a high density of ultra-low affinity pMHCs to avoid

death by neglect and undergo positive selection.

Discriminatory power

The revised KD values produce an enhanced discrimination of power (α = 2.9). This is similar

to the discrimination power of other mice TCRs [246] and confirms that the OT-I TCR shows an

imperfect but still enhanced discrimination.

Imperfect discrimination means low-affinity peptides can activate T cells if presented by

MHCs at sufficiently high concentrations. This raises the question of whether self-peptide

can activate T cells. Although T cell activation could not be observed when naïve T cells are

presented with splenocytes pulsed with a high concentration of self-peptides, T cell activation

for self-peptides has been previously reported [248,279] and mutations in the signalling pathway

can even increase the response to self-peptides [248]. Furthermore, a T-cell response has been

recorded for peptides E1 and R4 that have a similar affinity to self-peptides [127]. This shows that

a high expression of self-peptides can activate peripheral T cells. As a result, T cell-mediated

autoimmune diseases may be a result of the abnormal expression of high levels of self-pMHCs.

Kinetic proofreading fit

Fitting OT-I affinity-potency data with a KP model estimated 6.3 proofreading steps and a very

fast proofreading rate of 37 s−1, resulting in a proofreading time of only 0.17 s.

This is inconsistent with KP parameters published for the human 1G4 and A6 TCR [246] and

other receptors [77,148]. For example, the human 1G4 TCR displayed a proofreading time of

2.8 s with under 3 proofreading steps. Several factors may explain the apparent discrepancy
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between the OT-I and the 1G4/A6 data. Firstly, we use the assumption that kon is identical

for all pMHC when fitting the simplified KP model. If inaccurate, it would result in incorrect

koff values, which in turn would influence the value of kp and hence the proofreading time.

Secondly, it is important to consider that soluble OT-I may exhibit a slightly different structure

and therefore affinity compared to OT-I expressed on the T cell surface. The soluble OT-I

used in the SPR experiments was produced in E.coli and refolded in vitro. Although the same

refolding strategy was used for the 1G4 and A6 TCR by Pettmann et al. [246], we found that

the yield of the OT-I TCR refold was less than threefold compared to the 1G4 TCR refold,

indicating that the OT-I is less stable than the 1G4 TCR. Additionally, in our OT-I construct,

the murine constant domains of the wild-type OT-I were replaced with the human constant

domains with an engineered cysteine for increased stability. It has also been shown that TCRs

in lipid bilayers have distinctly different conformations to TCRs in detergent [32]. Therefore a

soluble OT-I lacking a transmembrane domain may have a different conformation compared to

a membrane-bound OT-I. Considering these modifications, it is uncertain if the conformation

of the soluble OT-I used for affinity measurements mirrors that of the OT-I TCR expressed in

functional T cell experiments. Another thing to note is that the SPR experiments do not measure

the contribution of CD8 to affinity, which has been shown to stabilise low-affinity peptide-TCR

interaction [86]. The reasons for the discrepancy could also be that discrimination is different in

mouse and human cells or even between the OT-I and other TCRs For example, a catch bond

has been reported for OT-I, both using a cellular assay [154] and protein-based assay [157]. This

catch bond increases the affinity under force and therefore the affinity observed by the TCR

on T cells is not the same as the affinity measured in SPR. This catch bond behaviour appears

to be the exception instead of the norm, as other TCRs do not display any catch bonds [157,280].

We also observe that OT-I TCR is very sensitive compared to other TCRs. Even though the

KD value for its cognate peptide is about 5-fold lower than for the human 1G4 TCR, OT-I has

similar if not lower potency values, which could be attributed to a catch bond.

Future implications

The findings of this study have important implications for advancing our knowledge of TCR

interactions, T-cell activation and tolerance.
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Firstly, the comprehensive characterisation of the OT-I system on affinity and function

for various peptides at physiological conditions provides important data for future studies.

Considering the frequent usage of the OT-I system in experiments, we are hoping that this

dataset will be valuable to the research community. For example, the data can be used to

evaluate models of T cell activation and signal transduction, improving our understanding of

how T cells sense and respond to environmental signals. A significant aspect of the research lies

in providing affinity values for the interaction of TCR with self-peptides. This data may shed

light on the mechanisms behind positive selection in the thymus and peripheral proliferation

of T cells. This information is crucial for unravelling the dynamics of T cell development and

immune tolerance. This may inform strategies for modulating immune responses in various

disease contexts, including autoimmune diseases and T cell based cancer therapies.

The provided affinity data could also be useful for identifying TCR targets. There is a

considerable interest in using machine learning methods to predict TCR/pMHC specificity

from TCR sequences. Being able to extract from the TCR repertoire which targets the T cells

can bind, holds immense potential for diverse applications, including vaccine development,

cancer therapy, and diagnostics. However one of the main challenges for an accurate prediction

is the lack of high-quality negative data [281]. Most of the TCR/pMHC binding data used as

input for the prediction algorithms has been obtained by using pMHC tetramers to identify

specific TCRs. However, this method only captures true-positive TCR-pMHC pairs and not

true-negative pairs. Therefore negative data is generated artificially, which introduces a bias

to the data set and leads to inaccurate predictions. KD values measured by SPR provide a

quantitative measure of interaction strength, providing data on true low-affinity interactions,

which could improve the predictive power of the algorithms.

However, the work also highlights the need for further characterisation of the OT-I TCR, for

example, by solving its structure. It is concerning that the potency affinity relationship model

described by the kinetic proofreading model does not align with the parameters measured

for other TCR systems. Given the widespread use of OT-I as a standard mouse model, we

should make sure that it functions like the standard and is not an exception to the norm.

This emphasises the need for continued scrutiny and validation of commonly used models to

maintain the reliability and consistency of experimental outcomes.
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Q U A N T I F Y I N G T H E B I VA L E N T B I N D I N G O F

A N T I B O D I E S

5.1 Introduction

Antibodies are vital components of our adaptive immune system. They bind to antigens on the

surface of pathogens, such as viral and bacterial glycoproteins or toxins. This binding leads to

the direct neutralisation of the pathogens or the activation of immune responses. Additionally,

due to their high specificity for their antigen, antibodies have been exploited for clinical

diagnosis and treatment [282]. Their importance in fighting infections became particularly clear

during the COVID-19 pandemic. High levels of neutralising antibodies strongly correlate with

positive disease outcomes [283]. Convalescent plasma therapy, where patients receive plasma

from recovered individuals containing antibodies, was one of the first treatments to show

improved disease progression [284? ]. Since then, several potent monoclonal antibody therapies

have been developed and approved [285]. Furthermore, SARS-CoV-2 antibodies have been

crucial for developing diagnostic tests, allowing the rapid detection of COVID-19 infections.

The majority of antibodies are bivalent molecules able to simultaneously bind two antigens.

However, certain antibody isotypes can be associated with generating higher-valency structures,

such as IgA or IgM that are tetravalent (4) and decavalent (10), respectively. Here we focus on

the bivalent binding of IgG antibodies, which have two binding sites.

The function of antibodies is highly dependent on two factors: a strong affinity to their

antigen and the ability to reach two antigens for bivalent binding. The importance of bivalent

binding can be seen when comparing the neutralisation strength between IgG antibodies and

their corresponding monovalent fragment antigen-bindings (Fabs). Even though IgGs and

their corresponding Fabs have the same affinity to the antigen, IgGs exhibit up to 1000-fold

89
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Bivalent SPRMonovalent SPR

Antigen
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Figure 5.1: SPR configuration for measuring monovalent or bivalent antibody binding. For
monovalent binding, antibody is immobilised on the SPR sensor chip and antigen is injected. For
obtaining bivalent binding data, the configuration is revered; antigen is immobilised and antibody is
injected

higher neutralisation potencies [286]. Indeed, the monovalent Fab/antigen affinity does not

correlate well with neutralisation potency, indicating that other factors of the antigen-antibody

interaction influence neutralisation [287]. A detailed understanding of bivalent binding may

enable the identification of factors that influence antibody function. This is critical for the

understanding of the initiation of immune responses and rational vaccine design.

Studying antigen-antibody interaction with SPR can help us to understand the dynamics

of the interaction. Monovalent antibody-antigen binding affinities are typically obtained

by immobilising the antibody on the surface of the SPR chip, while the soluble antigen is

injected as an analyte (Fig. 5.1 left). In this configuration, the antigen binds to the antibody

monovalently; an antigen can bind to a free binding site on an antibody with an association

rate (’on rate’, kon), forming an antigen-antibody complex. Following binding, the antigen can

unbind with a dissociation rate (’off rate’, koff). For monovalent interactions, these SPR binding

curves can be fitted with a two-state well-mixed ordinary-differential-equation (ODE) binding

model that provides estimates for kon and koff rates from which the dissociation constant (KD)

is calculated (KD =koff/kon).

To study the bivalent interaction between antigen and antibody, the experiment setup can

be reversed; the antigen is immobilised on the surface of the SPR chip, while antibodies are

injected. Each antibody can bind to two antigens (Fig. 5.1 right). In the first binding step, an

antibody in solution can bind with either arm to an immobilised antigen with an association

rate kon to form a one-antigen-antibody complex. The complex can revert back to free antigen

and antibody with a dissociation rate koff. The rates kon and koff are the same as the binding

rates measured in the monovalent interaction. In a second binding step, the antibody in the

complex can bind a second antigen with its free arm if the antigen is within the reach of the

antibody. Bivalent binding models that are based on ordinary differential equations (ODEs)
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have been previously reported for fitting bivalent antigen-antibody binding data. However,

bivalent binding is a complex stochastic and spatial reaction, therefore ODEs that report the

average behaviour of a large, well-mixed system, are ill-suited for quantifying bivalent binding.

In this chapter, I will describe a stochastic and spatial model, that can fit bivalent SPR

antibody binding data and estimate both monovalent and bivalent binding parameters that

fully describe a soluble bivalent antibody interacting with an antigen surface. Using this model

we have developed a pipeline that quantifies antibody binding from high-throughput SPR

experiments. Here, we test the pipeline using 80 antibodies that bind to the receptor binding

domain (RBD) of the SARS-CoV-2 spike protein. The identified bivalent binding parameters

allow us to understand what determines the ability of an antibody to bind bivalently. Finally,

we use the model to predict the neutralisation potency of the antibodies.

5.2 Results

5.2.1 Spatial and stochastic particle-based model

To allow accurate fitting of bivalent SPR data, we developed a particle-based bivalent binding

model that takes the spatial and stochastic aspects of the antibody-antigen interaction into

account.

Firstly, the ODE-based bivalent model assumes that all interaction partners are well mixed,

this means the antibody can bind any antigen with equal probability. However, this is not the

case in the second binding step when the antibody is already bound to one antigen. The binding

of the antibody to a second antigen in the second binding step can only happen if the second

antigen is within the molecular reach of the antibody, defined by the maximal distance two

antigens can be spaced apart for the antibody to still bind them simultaneously. We implement

the spatial dependency of binding by using a spatial model. The algorithm generates a 3D

space where a fixed number of antigens are randomly distributed. The molecular reach is

defined by the radius of a sphere around the antibody, within which binding to two antigens

is possible (Fig. 5.2 left, antibody reach depicted as a grey circle). All antigens within the

sphere have the same probability of binding. In total, the particle-based model contains four

parameters characterising the antibody-antigen binding interaction: the monovalent association
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and dissociation rates kon and koff, which determine the affinity between the one antibody

binding site and the antigen epitope; the bivalent association rate kon,b (in units s−1) describing

the rate at which the antibody bound to one antigen can bind a second antigen within reach;

and molecular reach (in units nm). The model also included a constant of proportionality (Cp)

to scale the antibody concentration to the response units.

Secondly, while the resulting SPR trace represents the average binding dynamics of a large

number of interactions, the total number of interaction partners for each antibody is low, as the

number of possible binding partners in the second binding step is limited to the antigens within

an antibody’s molecular reach, and will approach zero as more antibodies bind to the SPR

surface. This low number of free antigens on a local scale leads to stochastic interactions that

are not accounted for in the ODE model. In our model, the stochasticity of the interactions is

implemented by using a Gillespie algorithm that simulates individual interactions of antibodies

in the 3D space (Fig. 5.2 middle). The Gillespie algorithm is a widely used algorithm for

stochastic simulation.

When using stochastic simulation, fitting a five-parameter model directly to the SPR traces is

computationally expensive: We would need to search a high-dimensional space and try many

thousands of different parameter vectors. The algorithm simulates the model for each parameter

vector many times to obtain an averaged response and compares it with the experimental

data. As a result, directly fitting stochastic models to experimental data is computationally

challenging. To reduce fitting time, a surrogate model is used. A surrogate model contains

pre-simulated SPR curves for any combination of parameters within a set range (Fig. 5.2 right).

These previously produced curves can be used to interpolate what an SPR trace would look

like for any new set of parameters that we have not simulated explicitly. This removes the need

for simulating the curve for every parameter and reduces the fitting time to minutes.

Simulations of the model show the importance of molecular reach for bivalent binding.

We perform forward simulations to predict SPR binding traces using the same biochemical

parameters (kon, koff, and kon,b) but with increasing reach (Fig. 5.3 bottom). We produced a

2D representation of our model reaction volume to visualise the impact of reach on antigen-

antibody interactions (Fig. 5.3 top). Each antigen in the reaction volume is plotted as a circle,

with the radius of the circle equal to the molecular reach. If the circles of two antigens overlap,

they are close enough together for an antibody to be simultaneously bound by the same bivalent

antibody. When we simulate the binding of antibodies with a small reach of 2.0 nm, none of
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Figure 5.2: Workflow for fitting the particle model to bivalent SPR data. A schematic of the particle-
model chemical reactions (left) used to perform simulations of the association and dissociation
phase of antibody binding in bivalent SPR (middle, red traces), which are averaged to produce the
predicted SPR trace for a given parameter set (middle, black traces). These averaged SPR traces
are pre-tabulated for different parameter values (kon, koff, kon,b, reach) using a computing cluster to
produce a surrogate for the particle-based model that is used in data fitting (right). The particle-based
model was developed by Samuel A. Isaacson and Daniel B. Wilson.

the circles overlap, and the antibody cannot bind bivalently to any antigen. The simulated SPR

trace shows monovalent binding, with a quick dissociation time. A reach of 10 nm increases

the fraction of antigens on the surface that can be simultaneously bound by the same bivalent

antibody, which is reflected in an increase in dissociation time. When the antibody has a

large reach of 30 nm, all antigens are available for bivalent binding, resulting in very slow

dissociation. This shows that the molecular reach determines the average number of antigens

that are available for the antibody to bind to bivalently at a given antigen concentration. Thus,

increasing the molecular reach results in longer dissociation times because antibodies continue

to rebind to antigens within reach on the surface.

5.2.2 Validation of model produces correct monovalent binding parameters

Next, we set out to validate that the particle-based model returns accurate binding parameters.

We used the FD11A antibody, an IgG1 antibody which binds to the RBD of the SARS-CoV-2

spike protein. We first generated monovalent SPR data by injecting soluble RBD at multiple

concentrations over a surface coated with the FD-11A antibody (Fig. 5.4A and B, left). All

curves were simultaneously fitted with an ODE-based monovalent model, returning estimates

for kon, koff, and KD (Fig. 5.4C, red circles).

For bivalent SPR data, RBD is immobilised to the chip surface and FD-11A is injected with

increasing concentrations. (Fig. 5.4A, centre and right). Fitting an ODE-based bivalent model

which is included with the SPR fitting software to this data, returns inaccurate values for kon,
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Figure 5.3: The molecular reach determines the amount of bivalent binding. Particle-model
simulation of SPR binding curves (bottom) for antibodies with different values of molecular reach
injected over randomised antigen distribution (top). Antigens are depicted as circles, the size of the
circle scales with the reach. Two antigens within reach can be bound bivalently by the antibody
(overlapping red circles), antigens outside of reach are bound monovalently (blue circles). The
reach determines the number of antigens that can be bound bivalently. Parameter values: kon =
0.05µM−1s−1, koff = 0.05s−1, kon,b = 1.0s−1, and [RBD] = 0.0025 nm−2.

koff and KD (Fig. 5.4C, purple circles). These experiments show that the ODE-based bivalent

model is insufficient to fit complex bivalent interactions.

Next, we fitted the particle-based model to the same dataset. The particle model produces

an excellent fit (Fig. 5.4B right). We found that the particle model returns the same values for

kon, koff and KD as obtained from the monovalent SPR experiment (Fig. 5.4C, dark blue circles).

Furthermore, the model also returns the bivalent interaction parameters kon,b and estimates a

molecular reach of 35 nm (Fig. 5.4D).

To confirm that the parameters do not depend on antigen density, we plotted parameter

values for FD-11A, obtained from multiple repeats against the RBD concentration (Fig. 5.5).

There is no correlation for any of the parameters for the antigen concentration range we used

(< 20 µM).

To further validate the particle model, we repeated the analysis above for four other IgG1

antibodies binding RBD. We confirmed that the particle model correctly returns parameter

values for kon, koff, and KD across a 100-fold variation (Fig. 5.6A). The bivalent parameters for

the other antibodies are similar to FD-11A, with kon,b around 1s−1 and an average molecular

reach of 38 nm (Fig. 5.6B). Our findings demonstrate that the particle-based model accurately

quantifies the bivalent binding dynamics of antibodies.
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Figure 5.4: Particle-based model returns correct monovalent interaction parameters for FD-11A
antibody. (A) Schematic of SPR experiment setup for monovalent (left) or bivalent (middle, right)
SPR. For monovalent SPR, the antibody is immobilised on the chip surface and antigen is injected. The
resulting SPR binding curves are fitted with an ODE-based monovalent model, returning parameters
kon and koff. For bivalent SPR, the antigen is immobilised with the antibody being injected. ODE-based
bivalent models assume all antigens are equally accessible in the second binding step (grey-shaded
region), whereas, in the particle model, only antigens within reach (grey circle) can be bound. (B)
Representative SPR traces for FD-11A antibody binding RBD of SARS-Cov-2 (black) with respective
fit with the indicated model (red). SPR traces were generated by a 2-fold dilution of RBD starting
at 2000 nM (left) or by a 2-fold dilution of FD-11A starting at 300 nM (middle, right - same data
but different model fit). (C) Parameters kon, koff and KD for FD-11A from monovalent SPR (N=4) or
bivalent SPR (N=6), fitted with ODE-based bivalent model or the particle-based model. For statistical
comparisons, a One-way ANOVA test was performed on the log-transformed values using Dunnett’s
test for multiple comparison correction. (D) Best fit parameters kon,b and molecular reach L returned
by the particle model for FD11A antibody. Abbreviations: * = p-value≤0.05, ** = p-value≤0.01, *** =
p-value≤0.001, **** = p-value≤0.0001. SPR data in this figure and all following figures was generated
by Mikhail Kutuzov.

5.2.3 Molecular Reach is determined by antibody and antigen size

An average reach of 38 nm returned by the particle model for anti-RBD antibodies is surprisingly

large in comparison to previous studies that attempted to measure the molecular reach of

antibodies. Three studies, using DNA origami to separate antigens at defined distances and

measuring the impact of increasing antigen separation on antibody binding, reported the
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Figure 5.5: The fitted binding parameters are independent of the RBD antigen density. Parameters
for the IgG FD-11A antibody binding RBD were determined by fitting the particle-based model to
bivalent SPR data. The indicated parameter is plotted over the RBD antigen density (N = 42). The
coefficient of determination (R2) and the p-value for the null hypothesis that the fitted line and a
horizontal line (i.e. no relationship between the binding parameter and RBD density) produce an
equal fit to the data.

strongest IgG1 antibody binding when antigens were spaced between 10 and 16 nm apart,

suggesting a maximum molecular reach of 17 nm for IgG1 antibodies [171,288,289]. Similarly,

using crystal structures of IgG1 antibodies to measure the centre-to-centre distance between

the antigen-binding sites of the two Fabs, suggests a molecular reach of 10-15 nm [287]. How can

this discrepancy be explained? We noticed that one of the main differences in our experiments

compared to these previous experiments is the size of the antigen used. Previous studies

have used antigens smaller than 1 kDa (e.g. digoxin with a molecular weight of 780 Da [289],

NIP-hapten with 320 Da [171], or 6x His-Tag with 1100 Da [288]). SARS-CoV-2 RBD in comparison

has a molecular weight of 51.5 kDa, more than 50-fold larger than antigens used in previous

studies.

We hypothesise that the size of the antigen contributes to the molecular reach. That means if

we use an antigen of ∼ 1 kDa in size, the particle model should return a similar reach of 10 nm-

16 nm as observed in previous studies. To test this hypothesis, we used an antigen that consists

of a small peptide with phosphorylated tyrosine residues (p-Tyr) coupled to a Polyethylene

glycol polymer of 3 molecules (PEG3) (Fig. 5.7A). The total molecular weight is 2230 Da. To

show the direct influence of the antigen length on reach, we elongated the antigen by using

a longer PEG polymer of 28 molecules (PEG28). The worm-like-chain (WLC) model can be

used to estimate the length of the PEG linkers using the following formula: 2
√
(NPEGlclp) [290]

where NPEG is the number of PEG repeats, lc is the contour length of each repeat (0.4 nm), and

lp is the persistence length of PEG (0.4 nm [291]). We get an average end-to-end linker length of

0.69 nm for PEG3 and 2.1 nm for PEG28.
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Figure 5.6: Validation confirmed with 5 other antibodies. (A) Representative monovalent SPR
traces produced by injecting RBD (2000 nM with 2-fold dilutions) over surfaces immobilised with
the indicated antibody. (B) Representative bivalent SPR traces produced by injecting the indicated
antibodies over surfaces immobilised with RBD. Antibodies were injected using a 2-fold dilution
series, with a top concentration of 300 nM, 5 nM, 5 nM, 5 nM, 5 nM for FD-5D, FI-3A, CR3022, EY-6A
and REGN10987 respectively. RBD was immobilised at 7 - 15 µM. (C) Correlation of parameters kon,
koff, KD either obtained from monovalent SPR or bivalent SPR fitted with the Particle-based model for
5 antibodies binding RBD of SARS-CoV-2. Log transformed values were fitted with a linear line and
tested on whether the slope differs from the line of identity (dashed line, y=x) using an F-test. (D)
Best fit parameters kon,b and molecular reach for all 5 antibodies.

We used a commercial anti-p-Tyr antibody (PY20) to generate bivalent SPR binding curves for

both PEG3-pTyr and PEG28-pTyr with varying antibody and antigen concentrations (Fig. 5.7B).

For PEG3-pTyr, we measure a molecular reach of 10.2 nm (Fig. 5.7C, D), in line with previous

reports that used small antigens, validating the reach calculation by our model. For PEG28-

pTyr we measure an increased reach of 13.5 nm. We can calculate the theoretical difference in

molecular reach using the estimated linker lengths. The predicted difference of 2.85 nm agrees

well with the measured difference of 3.4 nm (Fig. 5.7E). We also observed an impact on koff,

KD, and kon,b between PEG3 and PEG28, even though the binding epitope is the same for
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both molecules. These differences may be associated with entropic changes which are often

important in molecular binding to flexible polymers [292].
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Figure 5.7: SPR of pegylated linker antigen shows dependence of reach with antigen size. A)
Schematic of PEG antigens: phosphorylated tyrosine residues (green) linked to a PEG linker with
either 3 amino acids (PEG3) or 28 amino acids (PEG28). Size of PEG linker is estimated with a
worm-like-chain model. (B) Representative SPR traces of anti-phosphotyrosine antibody (PY20)
injected of immobilised PEG3 or PEG28 antigen. The antibody was injected at 8 concentrations (25

nM with 2-fold dilutions). C) Best fit parameters (N = 9 for PEG3, N = 5 for PEG28). D) Comparison
of theoretical difference in reach calculated using linker length and the measured difference.

5.2.4 Molecular dynamic simulation confirms the impact of antibody and antigen size on

molecular reach

To determine if 38 nm is a reasonable molecular reach for RBD antibodies, we employed

coarse-grained steered MD simulations. A model of antibody binding two RBD molecules was

constructed. In the course of the simulations, RBD was moved away from the antibody at a

constant velocity, leading first to a stretching of the antibody, before the proteins detached. We
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defined the molecular reach as the distance between RBDs at the point of RBD detachment

(Fig. 5.8A). MD simulations were run for 6 RBD antibodies for which a structure was published:

FD-11A FD-5D, REGN10987, CR3022, EY6A, and FI3A. The MD simulations return a very

similar reach as measured by SPR, with absolute differences in reach being smaller than 7 nm

(Fig. 5.8B, C).

When excluding RBD from the measurement of molecular reach, by measuring the maximum

distance between the two antigen binding sites of the antibody, we obtain a molecular reach of

18 nm. This is close to the reach that was previously reported and the reach obtained from the

PEG experiments.

The MD simulations together with the PEG experiment show that both antibody and antigen

size contribute to the total molecular reach. This has an important functional consequence.

Larger antigens can be spaced further apart on a surface than smaller antigens but still allow

the same amount of bivalent binding.
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Figure 5.8: MD simulation confirms molecular reach. (A) Setup of molecular dynamic simulations.
Structure of IgG1 FD-11A bound to two RBD antigens indicating the Lys15 biotinylation site (within
an N-terminus AviTag), which anchors RBD to the SPR surface. The anchor point of RBD forming
interface 1 was fixed while the one forming interface 2 was moved at a constant velocity. (B)
Comparison of molecular reach estimated by MD simulation or SPR experiment. C) Difference
between reach estimates in (B). A one-sample t-test is used to determine the p-value for the null
hypothesis that the mean is 0.MD simulations were performed by Daniel Nissley.

5.2.5 High throughput screen of 80 Covid antibodies

We have demonstrated that the particle-based model accurately estimates the binding pa-

rameters obtained from bivalent SPR data. Subsequently, our objective was to employ the

algorithm to measure binding parameters for numerous antibodies binding to the same antigen

in a high-throughput screen. With monovalent SPR, conducting a high throughput screen to
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Figure 5.9: Setup of high throughput antibody screen. (A) Schematic for monoclonal antibody
generation from COVID patients. (B) Workflow for high-throughput antibody screen. Antibodies are
injected consecutively with three increasing concentrations. For quality control, the first antibody was
injected again at the end of the experiment.

measure antibody affinities against the same antigen is not feasible, because each antibody has

to be immobilised individually on a fresh chip surface, which prevents automated screening.

Conversely, by generating bivalent SPR data, it becomes possible to immobilise the antigen once

and subsequently inject multiple antibodies sequentially over the same antigen, eliminating

the need for immobilising new antibodies.

To set up the antibody screen, we used IgG1 antibodies that bind to RBD of SARS-Cov-2,

previously characterised by Dejnirattisai et al. [286]. The antibodies were obtained from con-

valescent COVID-19 patients. B cells from patients were selected for RBD-specific binding

based on strong interaction with RBD. Antibody sequences of selected B cells were identified

and subsequently expressed as monoclonal antibodies in HEK cells. The antibodies had been

characterised based on their neutralisation potency and their binding epitope location on RBD

(Fig. 5.9A). For the high throughput SPR, we immobilised RBD between 3 µM and 20 µM

on the SPR chip surface. Antibodies at 3 different dilutions are injected sequentially. Each

antibody injection is followed by a regeneration step to ensure the remaining antibodies unbind

from the surface. Buffer is injected in between antibodies for double referencing (Fig. 5.9B). We

generated data for up to 32 antibodies at a time, which required approximately 48 hours to

run. In total, we screened 80 antibodies.

The long runtime of the SPR experiment (up to 48 hours), and the regeneration step after

each injection may cause the antigen to denature throughout the experiment. We therefore

needed to verify that RBD on the surface is stable throughout the SPR run and that its binding
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capability is not lost. To analyse RBD stability we injected the FD-11A as both the first and last

antibody of the SPR run and measured its maximum binding response in both runs (Fig. 5.10A).

By calculating the ratio between the first and last maximum response, we then obtained the

fraction of surface binding remaining at the end of the run (Fig. 5.10B). Most runs had over 90%

of the surface remaining at the end of the run. We discarded any runs that had less than 90%.

During SPR data processing, we applied several selection criteria to the SPR data. SPR runs

were excluded based on one of the following criteria (Fig. 5.10C-G):

no surface regeneration All antibodies were tested beforehand if the surface could

be completely regenerated after the antibody bound. Any antibodies that remained on the

surface after the regeneration step were not included in our screen (N=7) (Fig. 5.10E).

poor particle model fit The particle model needed to show a good fit to the experi-

mental SPR curves (N=12) (Fig. 5.10F).

equal monovalent fit Each antibody injection was fitted both with the particle model

and a monovalent interaction model. If the monovalent fit produced an equally good fit, there

is not enough information in the dataset to conclusively determine bivalent binding parameters

(N=16) (Fig. 5.10G). This may be the case if koff is very strong and the antibody does not unbind.

Applying these exclusion criteria, we were left with 45 antibodies with reliable estimates

of kon, koff, KD, kon,b and reach (Fig. 5.11). Antibody affinities showed a 1000-fold variation

ranging from 5 nM to 2 µM, largely determined by the off-rate of the antibody. The lowest

affinity we observe in our dataset is KD = 2000 nM. For most antibodies, the kon,b is about

100-fold faster than koff, suggesting that a monovalent antibody/antigen complex is more likely

to bind to another antigen within reach (provided one is available) rather than dissociate. The

average reach is 35 nm, confirming our previous reach measurement of 38 nm, but we also

identified antibodies with molecular reach values as low as 20 nm.

Analysing the correlation between parameters using the Pearson correlation coefficient

showed a strong correlation between KD and molecular reach (Fig. 5.12). This is consistent

with previous work suggesting that antibodies with higher affinity can accommodate larger

antigen distances when binding bivalently [171].



5.2 results 102

0 200 400 600
0

5

10

15

20

Time (s)

R
es

po
ns

e 
U

ni
ts

 (R
U

)

0 200 400 600
0

5

10

15

20

Time (s)

R
es

po
ns

e 
U

ni
ts

 (R
U

)

SPR Data

Monovalent Fit

SPR Data

Bivalent Fit

0 200 400 600
0

5

10

15

20

Time (s)

R
es

po
ns

e 
U

ni
ts

 (R
U

) SPR Data

Bivalent Fit

0 200 400 600
0

5

10

15

20

Time (s)

R
es

po
ns

e 
U

ni
ts

 (R
U

) SPR Data

Monovalent Fit

0 200 400 600
0

10

20

30

40

Time (s)

R
es

po
ns

e 
U

ni
ts

 (R
U

)

0 200 400 600
0

10

20

30

40

Time (s)

R
es

po
ns

e 
U

ni
ts

 (R
U

)

-10

0

10

20

30

40

50

60

-100 100 300 500 700 900 1100
Time (s)

B
in

di
ng

 R
es

po
ns

e 
R

U

MgCl2Antibody 280

-10
-5
0
5

10
15
20
25
30
35

-100 100 300 500 700 900 1100
Time (s)

R
es

po
ns

e 
U

ni
ts

 (R
U

)
MgCl2Antibody 170

FD11-A
Injection 1

FD11-A
Injection 30

0 200 400 600
0

10

20

30

40

Time [s]

R
es

po
ns

e 
U

ni
ts

 (R
U

)

0 200 400 600
0

10

20

30

40

Time [s]

R
es

po
ns

e 
U

ni
ts

 (R
U

)

0.00

0.25

0.50

0.75

1.00

1.25

1.50

Fr
ac

tio
n 

of
 s

ur
fa

ce
 re

m
ai

ni
ng

 
(L

as
t m

ax
 R

U
 /F

irs
t m

ax
 R

U
)

Data
Fit

Data
Fit

a b

45

See Fig. 4

7

219, 280, 293, 300, 
301, 387

12

2, 334, 379, 412, 270, 
340, 264, 253-165, 

253-55, 292, 369, 373

16

183, 217, 222, 78, 88, 
91, 144, 150, 158, 337, 

398, 185, 263, 400

Count

Ab names

Good particle model fit, 
better than monovalent fit No regeneration Poor particle model fit Good particle model fit, 

Equal monovalent fit

Passed Failedc

d

f

e    Ab 170: Passed Ab 280: Failed - No Regeneration

g

Ab 170: Passed

Ab 264: Failed - Poor particle-model fit Ab 150: Failed - Equal monovalent model fit

SPR Data

Bivalent Fit

SPR Data

Monovalent Fit

Figure 5.10: Quality controls for high throughput analysis of 80 RBD antibodies using bivalent
SPR. (A-B) Surface stability of RBD was assessed by injecting FD-11A at the beginning and end of
each experiment. Representative SPR traces of the first and last injection of FD-11A (A) and fraction
of FD-11A binding at the end of the experiment (B). The fraction is calculated as the RU at 150 s
after injection of the highest concentration in the first divided by the last injection. (C) A summary
of the antibodies that passed or failed quality control and hence included or excluded from the
analysis, respectively. (D-G) Examples of antibodies representing the four possible quality control
outcomes. (D) The antibody 170 was included because the particle model produced a good fit and
the monovalent model produced a poor fit. (E) The antibody 170 displays complete regeneration
(included) whereas antibody 280 shows only partial regeneration (excluded). Partial regeneration can
be observed by residual RU after the injection of 3 M MgCl2 for 90 s at the end of each SPR cycle (see
arrow). (F) The antibody 264 was excluded because the particle model produced a poor fit. (G) The
antibody 150 was excluded because the particle-based model (left) and the ODE-based monovalent
model (right) produced an equally good fit.

5.2.6 Bivalent binding parameters and epitope distance explain neutralisation potency

Previous reports have found no or low correlation between neutralisation potency and antibody

affinity. We also observed only a weak correlation between neutralisation IC50 and monovalent
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Figure 5.11: Antibody parameters obtained from high throughput screen. Complete set of
parameters from 45 antibodies, ordered by affinity. The distribution of parameters is displayed on the
right, with mean parameter value and range of parameters indicated.

parameters kon and KD and no correlation with koff (Fig. 5.13A-C). Considering that the

binding parameters likely independently contribute to neutralisation, we conducted a multi-

linear regression incorporating kon, koff, and KD to assess if these monovalent parameters

collectively predict neutralization IC50 (Fig. 5.13D). The correlation remained weak, suggesting

that monovalent binding parameters alone inadequately explain neutralization potency.

Next, we explored whether the bivalent binding parameters kon,b and molecular reach can

improve the correlation with neutralization IC50. While kon,b did not correlate with IC50,
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Figure 5.12: Correlations between binding parameters obtained from high-throughput screen.
Correlation measured by Pearson index.

(Fig. 5.13E), the molecular reach showed the best correlation among all parameters (Fig.

5.13F). Antibodies with a longer reach tend to be better at neutralising SARS-CoV-2. This

correlation was further improved by including kon,b and molecular reach into the multi-linear

regression (Fig. 5.13G). This model significantly outperformed the one using solely monovalent

parameters. This underscores the pivotal role of the bivalent binding ability of antibodies for

neutralisation.
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Figure 5.13: Correlations between binding parameters and neutralisation potency. (A-G) Single
and multiple linear correlations between the indicated parameters of 45 antibodies (individual data
points) and their neutralisation potency (IC50), the concentration of antibody required to reduce in
vitro SARS-CoV-2 infection by 50%. The 13 antibodies whose potency was not determined (n.d) were
excluded from the fit (top dashed line).

While bivalent parameters improve the correlation, they do not offer a complete explanation

for neutralisation. Another factor that determines neutralisation potency is the location of the

epitope on the antigen. Dejnirattisai et al. [286] showed that anti-RBD antibodies were better

at neutralising the closer their epitope was to the ACE2 binding epitope because they can
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Figure 5.14: Binding parameters and epitope binding distance determine neutralisation potency.
(A) Structure of RBD binding to ACE2 (left), location antibody binding epitopes on RBD (middle) and
in empty space (right). To determine the epitope distance from ACE2 binding site (green surface), the
distance in Z direction between reference epitope 253, located furthest to the top of RBD, and each
epitope was measured. Images are taken from [286]. Correlation of Blocking epitope distance with (B)
Neutralisation IC50 and (C) molecular reach. Multiple linear regression including blocking epitope
distance and D) only monovalent binding parameters or E) all binding parameters.

sterically block ACE2 binding. Because the epitope coordinates on RBD of all these antibodies

are known, we could quantify the distance antibody binding and the ACE2 blocking epitope

(named blocking epitope distance, D). ACE2 binds to the top of RBD, thus we took the epitope

furthest to the top of RBD, which is the binding to antibody 253, as our reference epitope and

set it to D = 0.0 (Fig. 5.14A). Then we calculated the difference in Z direction between the

baseline epitope and all other epitopes. This gives us distance values ranging from 0 to 4.37

nm. As expected, blocking epitope distance correlates with neutralisation potency (Fig. 5.14B),

with antibodies binding in the lower region of RBD are less likely to neutralise SARS-CoV-2.

No correlation is observed for reach and blocking epitope distance, suggesting that they are

independent measures (Fig. 5.14C), and reach is not determined by epitope location. Including

distance with monovalent parameters improves the multi-linear regression fit (Fig. 5.14D). We

obtain the best correlation with an R2 of 0.82 if monovalent and bivalent parameters as well as

blocking epitope distance are all included in the multiple linear regression (Fig. 5.14E). This

indicates that the binding parameters together with the epitope location of an antibody fully

determine its neutralisation potency.
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5.2.7 Particle model can predict neutralisation potency

Next, we want to use the particle model to predict neutralisation potency directly from the

binding parameters measured by SPR.

For predicting neutralisation, the particle model was adapted to simulate antibody binding

on a 2D surface. Antigens are distributed randomly on a 2D surface (Fig. 5.15 right). The

general workflow for predicting neutralisation is as follows: First, the model uses the binding

parameters kon, koff kon,b and reach, as well as the antigen density as inputs and simulates

antibody binding over time. The fraction of unbound antigen is recorded over time. This

simulation is repeated for a range of antibody concentrations. We then take the fraction of

unbound antigen at a specified time T and plot it over antibody concentration. From the

resulting dose-response curve we can calculate the predicted binding potency (Fig. 5.15 left),

which is the antibody concentration that blocks 50% of all antigens on the surface.

Bivalent SPR Model Input Simulation Predicting Binding Potency

Time

R
es

po
ns

e 
U

ni
ts

[Antibody]U
nb

ou
nd

 a
nt

ig
en

 a
t T

Time 

U
nb

ou
nd

 a
nt

ig
en

[Antibody]

T 

kon
koff

Reach

[Antibody]

[Antigen]

kon,b

koff

Figure 5.15: Workflow to determine antibody potency using the particle model. The particle
model takes binding parameters determined by SPR, antigen density and antibody concentration as
input to simulate antibody binding to antigens randomly distributed on a two-dimensional surface.
Simulating the model at a range of antibody concentrations allows us to plot the fraction of unbound
antigen at a timepoint T over antibody concentration. IC50, antibody concentration that results in
50% of antigen bound, can be determined from this plot and directly compared to experimental
neutralisation potency

First, we tested the model with the FD-11A antibody. Using the binding parameters obtained

from bivalent SPR, we simulated FD-11A binding to RBD for 60 min for antigen densities

between 1 × 10−7 nm−2-0.04 nm−2 (Fig. 5.16A). We reasoned that in the low antigen density

regime, almost all interactions are monovalent as antigens are too sparse for antibodies to be

able to reach. On the other hand, in the regime of very high antigen density, all antibodies,

even those with small reach, will be able to bind bivalently.

The neutralisation IC50 of FD-11A was measured by incubating the antibody with SARS-

CoV-2 virions for 60 min (Fig. 5.16B). Afterwards, the mixture was added to Vero cells and the

infection rate was recorded. We compared the predicted binding potency with the experimental
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neutralisation IC50. At a low antigen density of 1 × 10−7 nm−2 the algorithm predicts the IC50

to be 600 nM. At a high antigen density of 0.04 nm−2 where the antibody can bind bivalently,

the predicted binding potency is 1.8 nM, 340-fold lower compared to the low-density regime

(Fig. 5.16 C). Comparing the simulated IC50 with the experimental IC50, we see that the IC50

from the high-density regime is similar to the absolute experimental IC50 measured with

the full IgG antibody. The predicted potency at the low-density regime is closer to the IC50

measured for the monovalent binding Fab domain. This suggests that bivalent binding is

essential for the high potency of antibodies.
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Figure 5.16: Prediction of FD-11A neutralisation potency. A) Simulation of the fraction of free
antigen over antibody concentration after 60 minutes for surfaces with varying antigen densities. The
binding parameters are those determined for FD-11A. B) Experimental neutralisation of SARS-Cov-2
by FD-11A IgG (red) and Fab (black) determined by the ability of the virus to infect cells after
incubation with antibody for 60 min. IC50 is defined as antibody concentration resulting in 50% of
infected cells, C) Potency values (IC50) from experiment in (B) and mode; prediction in (A).

To generalise this conclusion, we predicted the potency of the 45 antibodies from the antibody

screen. The predicted neutralisation potency at a range of antigen densities was plotted against

the experimental neutralisation IC50. This was done by including either all 45 antibodies

for which we have binding data (Fig. 5.17A-J), or, to limit the effect of epitope location

dependencies, by including only antibodies that bind to the top of RBD, selected by an epitope

blocking distance of smaller than D <2.37 nm. This limits the number of antibodies to 25. The

low-density antigen regime yields IC50 values that are excessively high for strongly neutralising

antibodies. On the other hand in high-density regime yields IC50 values disproportionately low

for poorly neutralising antibodies. Only when binding is simulated at intermediate antigen

densities, is the predicted neutralisation IC50 equal to the experimental neutralisation for all

antibodies.
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We fitted a linear line to the log-transformed values and plotted the slope and the Y-intercept

of the plots over antigen densities (Fig. 5.17J and T). The slope is smaller than 1 for both low

and high antigen density regimes, while the Y-intercept decreases with increasing antigen

density. Only at intermediate antigen densities (0.5 × 10−3 nm−2-1.0 × 10−3 nm−2) we find that

the linear fit is not significantly different from the perfect correlation, with a slope close to 1

and a y-intercept equal to zero. This correlation improves even more when antibodies binding

to the bottom of RBDs are removed.

The spike protein density on SARS-CoV-2 virions has been estimated to be 1 × 10−3 nm−2

from electron microscopy analysis [293] (Fig. 5.18A). The optimal antigen density from simula-

tions, which predicts accurate potency values, is similar to the actual spike density (Fig. 5.18B).

Why does the prediction accuracy of the model depend on antigen density? At low antigen

densities, antigens are spaced far apart (for example for 2.56e-6: ∼ 600 nm), and the antibodies

will bind mostly monovalently. Their binding strength is solely determined by kon and koff.

At very high densities, the antigens are very close (0.04 nm-2.5 nm apart), which allows every

antibody even those with a short reach to bind. However, at intermediate densities (0.0005 nm−2-

0.001 nm−2) the spacing is around 30-40 nm. Antibodies with a long reach will be able to bind

bivalently, while antibodies with a short reach will still bind monovalently. To illustrate this we

simulated binding for two antibodies: Ab181 with a low neutralisation IC50 and AB394 with a

20-fold higher neutralisation IC50. The two antibodies bind the same epitope on RBD with a

very similar affinity. However, Ab394 has a reach of 40 nm while Ab181 only has a reach of

22 nm. At low and high densities, their simulated IC50 is similar. Only at intermediate density,

we can replicate the 20-fold difference in IC50 observed experimentally. This suggests that there

is an antigen density regime in which only antibodies with a large reach can effectively utilize

bivalent binding, leading to a wide range of neutralisation potencies.

Figure 5.17 (following page): The predicted antibody binding potency produces absolute agreement
with the experimental neutralisation potency at intermediate antigen densities. The particle-based
model was used to predict the concentration of antibody required to bind 50% of antigen (Predicted
IC50) to surfaces randomly distributed with the indicated density of antigen for (A-I) all antibodies or
(K-S) the subset of antibodies that bound within 2.37 nm of the blocking epitope. A linear fit to the
log-transformed IC50 values (solid line) is compared to a line of absolute agreement (dashed black
line - slope 1, y-intercept 0) using an F-test for the null hypothesis that the two lines have the same
slope and intercept. A Bonferroni multiple-comparison correction is applied by multiplying each
p-value by 11 (number of antigen densities test). (J,T) Display the slope (top) and intercept (bottom)
of the fitted line for the 11 different antigen densities tested.
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Figure 5.18: Antigen density that produces agreement between predicted and experimental potency
matches spike density on virus. (A) Cryo-electron microscopy of SARS-CoV-2 virus particle allows
estimation of Spike density (graphic taken from [293]). Comparison of Spike density with intermediate
antigen density which produces absolute agreement between particle model prediction (Fig 5.17) and
experimental IC50 (0.00075 nm−2 [0.0005, 0.001])

In summary, the particle model allows accurate prediction of neutralisation potency for RBD

antibodies when the antigen density and the antibody monovalent/bivalent parameters are

known. Neutralisation potency is strongly affected by reach and it is therefore not possible to

predict neutralisation from the monovalent parameters alone.
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Figure 5.19: Molecular reach can explain the difference in antibody potency. (A) Two antibodies
were chosen that have very similar monovalent affinity ( 50nM) and bind the same RBD epitope (Neck),
but have very different molecular reach and neutralisation potency. (B) Simulation of the fraction
of free antigen over antibody concentration for antibodies 181 and 394 after 60 minutes for surfaces
with different concentrations of antigen. IC50 values are indicated by dotted lines. Intermediate
antigen density shows the largest difference in IC50 between the two antibodies. (C) Comparison of
experimental IC50 values with predicted IC50 values obtained from dose-response curves in (B). Only
simulations at intermediate antigen density replicate the difference observed in experimental IC50
values.
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5.3 Discussion

Prediction of antibody function from binding parameters has been challenging. The function

of antibodies critically depends on their ability to bind two antigens bivalently to achieve high-

affinity binding. However, previous attempts at quantifying bivalent binding using ordinary

differential equations (ODEs) have been unsuccessful, due to the complex stochastic and spatial

nature of bivalent binding.

To overcome this challenge, we developed a stochastic and spatially resolved particle-based

model for bivalent antibody binding and applied it to antibodies binding RBD of SARS-CoV-2.

The model correctly determines the monovalent binding parameters kon, koff and KD, as well as

the bivalent binding parameters kon,b and molecular reach. Importantly, measurements can

be performed in a high-throughput fashion, allowing us to measure up to 30 antibodies at a

time, as long as the surface antigen stays stable throughout the entire experiment. This method

does not require complicated antigen surface preparation as previous approaches using DNA

origami [171,288,289], and there is no limitation on the size of the antigen that can be immobilised.

This allows the measurement of binding to large viral proteins, rather than small peptide

sequences as previously used.

We successfully obtained reliable binding parameters for 45 out of the 80 antibodies tested.

Unfortunately, we had to exclude some antibodies due to issues with low binding or incomplete

surface regeneration. Additionally, certain antibodies were excluded because they did not

exhibit dissociation, making it impossible to determine unambiguous parameters with the

bivalent particle model. This exclusion is particularly unfortunate as these antibodies are

among the strongest binders and may have a high potency.

What determines the molecular reach?

The RBD-specific antibodies had an average reach of 40 nm, which means that an antibody can

bind antigens that are spaced up to 40 nm apart. Previous studies, through structural analysis

and binding experiments with defined surfaces, have measured the reach of an antibody to

be 16 nm. Through SPR experiments with antigens of different sizes and molecular dynamic

simulations, we showed that the size of the antigen contributes to the overall reach of the
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antigen. This is due to the antigen contributing to the reach, the molecular reach measures

from the antigen anchor points. Defining the molecular reach from antigen anchor point to

anchor point, instead of from binding site to binding site, is more than merely a difference

in where we set the reference point. Antibodies binding HIV spike proteins can be used as

an example to illustrate this. HIV expresses a low density of surface proteins. It is estimated

that they are on average spaced 23 nm apart, which was believed to be far beyond the span

of an antibody [287]. The assumption of a maximum reach of 16 nm has been used to argue

that antibodies are unable to bind HIV bivalently. The HIV spike is of similar size to the

SARS-CoV-2 spike protein and presents at a similar density on the virions. Our measurements

reveal that antibodies are likely to also bind HIV bivalently.

We also see a large variation in reach within antibodies binding the same epitope (20 to

40 nm for RBD antibodies). We do not fully understand what determines the difference in

reach between antibodies binding the same antigen. Antibodies binding to the top of RBD,

as measured by the blocking epitope distance, did not show a larger reach than antibodies

binding towards the bottom of RBD. Other factors determining the reach could be the binding

orientation of the antibody. Furthermore, the length and flexibility of variable loops could

contribute to the reach. Also, it has been shown that antibodies with a stronger affinity tolerate

larger antigen spacing [171], consistent with the correlation between KD and reach we found in

our dataset. Additional molecular dynamic simulations could shine a light on this.

The reach measured in SPR may differ from the reach experienced directly on the pathogen

surface. On the SPR chip, RBD is bound via a linker to Streptavidin on a 3D dextran surface.

We assume it can pivot and rotate freely in all directions and is accessible from all sides. On the

virus, RBD is part of the trimeric spike protein, which is a much larger antigen than RBD. Given

that reach depends on antigen size, we would predict the reach to be larger than measured

by SPR. On the other hand, the spike protein is firmly anchored in the membrane with a

transmembrane domain. While the spike protein has a flexible stalk region and can bend in

multiple directions [294,295], it might have less rotational flexibility than RBD on the SPR chip,

reducing the reach of the antibodies. The good correlation between the predicted neutralisation

IC50 and the experimental IC50 at the virus antigen density suggest that the reach measured by

SPR is very close to the in vivo reach.
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Prediction of antibody potency

We found that the molecular reach of an antibody is the strongest correlate of SARS-CoV-2

viral neutralisation. Bivalent binding parameters are essential in determining the neutralisation

potency of an antibody. We showed that the binding parameters together with epitope location

fully explain neutralisation potency, which sheds light on the longstanding questions regarding

what properties of an antibody potency determine its functional potency.

Using the particle model, we simulated antigen binding to the surface of a pathogen

and identified how binding is influenced by changes in antigen density. The higher the

density, the lower the predicted binding potency. At intermediate antigen densities, the model

accurately predicted the experimentally determined concentration of antibody required for

virus neutralisation. We reasoned that the reach determines the ability of an antibody to bind

bivalently. Antibodies with large reach are more effective at binding bivalently which leads to

an overall stronger binding and hence better neutralisation potency. A similar effect was shown

in the early studies studying the binding of bivalent ligands to opioid receptors [296]. Only a

ligand with a sufficiently long linker was able to bind bivalently. This opens up the possibility

to optimise antibody neutralisation by engineering them with a larger reach. Furthermore, it

raises the question of whether there is an evolutionary pressure for viruses to prevent bivalent

antibody binding, as well as for antibodies to improve bivalent binding. Low antigen density

on HIV has been suggested to decrease bivalent antibody binding [287].

The prediction of antibody potency with the particle model is not perfect. One main reason

for this is that epitope location is not taken into consideration. Removing antibodies that bind

to epitopes at the bottom of the RBD antigen away from the ACE2 binding site improves the

model predictions. While steric blocking of ACE2 binding is important for neutralisations,

antibodies binding strongly to the bottom regions of RBD may still have important functions

in vivo via the complement system and immune cell activation. Furthermore, due to the spike

protein being a trimer, it contains three RBD domains. Antibodies could potentially bind two

RBDs within the same spike protein (intraspike) instead of two antigens on separate spike

proteins (interspike). Intraspike binding would allow even antibodies with a short reach to bind

bivalently. While binding of antibodies to spike has been imaged using cryo-EM suggesting

intraspike binding [297], due to the variability of the heavy chain, the presence of intraspike

binding in vivo cannot be conclusively determined. Also, RBD can either be in an open and
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accessible conformation, or in a closed conformation. Therefore there might not be two RBD

domains within one spike protein accessible for an antibody to bind. It has been shown that

antibodies cannot bind the HIV spike intraspike [287]. Given that potency correlates with reach

in our data, we suggest that the main mode of binding is interspike. Finally, diffusion of

antigens in the virus membrane might allow even antibodies with a small reach to bind. We

have not found a study quantifying the diffusion coefficient of Spike proteins. The presence of

envelope and membrane proteins and their interaction with the viral RNA might limit diffusion.

It would be useful to confirm the ability of the model to accurately predict neutralisation

potency with another antigen, such as the spike protein of Influenza.

Future implications

By deepening our mechanistic understanding of how antibodies bind to antigens, this project

carries significant implications for both basic research as well as clinical applications of

antibodies. It would be interesting to investigate whether the bivalent binding parameters

impact antigen recognition by the BCR and if these parameters are optimised during affinity

maturation. Examining how bivalent interactions change under force is particularly relevant,

as B cells apply pulling forces to the BCR-antigen complex during antigen internalisation.

Understanding these dynamics could provide insights into the mechanics of BCR-antigen

interactions within the immune synapse. Furthermore, the ability to quantify the bivalent

binding of antibodies may advance antibody engineering strategies and pave the way for more

effective vaccine designs. The data generated will be valuable for machine learning predictions

regarding antibody binding and function, providing a useful tool for the scientific and medical

communities. The ability to predict the absolute neutralisation potencies may allow for a

better determination of the necessary dose when administering antibodies as therapeutics.

Furthermore in vitro neutralisation assays require live viruses, which necessitates work in a

biosafety level 3 for pathogenic viruses. Furthermore, only focusing on neutralisation might

overlook non-neutralising antibodies with strong binding that may be very good at activating

the immune system.

The current particle model only works for monomeric, randomly distributed antigens.

However, in real biological systems, antigens are often not monomeric. Many viral glycoproteins

occur as trimers, such as influenza hemagglutinin, i.e. containing several identical epitopes
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the antibody can bind to. Secondly, our model was developed for bivalent IgG antibodies,

but other antibodies are of interest, such as IgA, which plays an important role in protecting

the mucosal surface against bacteria. There are also increasing therapeutic applications for

bispecific antibodies, where each binding site of the antibody binds a different antigen. In the

future, we would like to extend our current model to include these applications by developing

a more comprehensive model that can be applied to a wider range of biological systems and a

wider range of antibodies.
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E X P L O I T I N G B I VA L E N T B I N D I N G T O S T U DY

U LT R A - L O W T C R / P M H C I N T E R A C T I O N S

6.1 Introduction

As demonstrated in Chapter 4, TCR interactions exhibit exceptionally fast kinetics. While

we successfully measured the kinetics of the cognate OT-I/N4 pMHC with a half-life of

∼0.2 s using an SPR instrument with a sampling rate of 40 Hertz, interactions involving lower

affinity pMHCs occur so rapidly that we cannot obtain sufficient data points from the SPR

curves to fit a binding model. Consequently, for these interactions, we can only derive the

KD from equilibrium dynamics. This limits our ability to test mechanistic models for T-cell

activation. For instance, in the kinetic proofreading model, koff, rather than KD, determines T

cell activation.

Previously, higher valency TCRs or pMHCs were used to increase binding in SPR or on

cells with many applications. Through the effects of avidity, bivalent binding can increase the

apparent affinity of a ligand for its binding site. This leads to a slower dissociation from its

target compared to its monomer. For instance, pMHC tetramers serve as a common tool for

detecting and staining antigen-specific T cells. By binding to multiple TCRs on the surface of T

cells, pMHC tetramers increase binding strength and slow down dissociation [298]. Furthermore,

pMHC dimers have been used to enhance the binding of the OTI-TCR to self-pMHCs [113]. In

this study, pMHC dimers were created using peptide-based cross-linking reagents, that react

with a free cysteine at the C terminus of the H-2Kb molecule [62]. In addition to pMHC, TCR

tetramers have been developed for the detection of specific APCs [299]. TCR tetramers exhibit

a 500 to 1000-fold prolonged dissociation time compared to monomeric TCRs. Beyond TCR-

pMHC interactions, bivalent ligands have been designed for GPCRs to enhance signalling [300],

116
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while dimeric aptamers have shown success in increasing target binding affinity [301]. However,

while these examples demonstrate enhanced binding strength through increased valency, they

do not allow for accurate quantification of binding parameters.

Here, we aim to utilize this enhanced avidity of bivalent binding to measure the rapid

kinetics of low-affinity interactions between TCR and pMHC, utilising the particle-based model

developed in Chapter 5 to obtain the monovalent parameters of the TCR/pMHC interaction

from bivalent binding curves. If we dimerise the TCR, it will bind bivalently to pMHC.

Although the affinity of each TCR subunit remains unchanged, the dimer will bind for a longer

duration due to engaging with two pMHC complexes simultaneously (Fig. 6.1). Consequently,

dissociation occurs more slowly, which would provide us with an increased number of data

points for fitting a binding model. By fitting the particle-based model to the data we can

obtain accurate monovalent values for kon and koff. Furthermore, pMHCs with extremely low

affinity, such as self-pMHCs, elicit minimal binding responses that approach the sensitivity

threshold of the SPR. By leveraging bivalent binding, we could amplify the overall binding

response, potentially allowing a measurement of low-affinity KD values that is less affected by

non-specific binding. This could allow us to validate the KD values measured in Chapter 4.

kon ko

Fast dissociation

kon kon,b ko

Slow 
dissociation

Monovalent binding with monomeric TCR Bivalent binding with dimeric TCR

Figure 6.1: Quantifying fast binding rates with dimeric TCR. Schematic showing how bivalent
binding of a dimeric TCR improves binding to ligands.

In this chapter, we will focus on the development and validation of a dimeric TCR using the

modular SpyTag/SpyCatcher system, which allows the covalent conjugation of two proteins.

This chapter aims to provide a detailed description of the process of creating the TCR dimer

and to evaluate its effectiveness in measuring the kinetics of very fast interactions. First, we

will use the human 1G4 TCR interacting with high-affinity pMHC for which we have kinetic

measurements to validate the system and to determine the bivalent binding parameters of the

TCR dimer. The 1G4 TCR binds a peptide derived from the tumour-specific antigen NY–ESO-1.
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Next, we are applying this method to study low-affinity OT-I interactions. Finally, we are using

simulation of binding to understand the limitations and potential optimisations of this method.

6.2 Results

6.2.1 Dimeric TCR production

To create a TCR dimer we made use of the recently published SpyCombinator system [302].

Driscoll et al. [302] developed a recombinant protein termed DoubleCatcher (DC), that contains

two SpyCatcher domains joined by a peptide linker. SpyCatcher forms a spontaneous covalent

bond with the complementary SpyTag upon binding [303]. This protein thus allows the covalent

dimerisation of any two SpyTag fused recombinant proteins (Fig. 6.2). We added a SpyTag to

the C-terminus of the TCRβ chain in plasmids for E. coli expression of both the OT-I and 1G4

TCR. We are testing two versions of the DoubleCatcher. The first links the SpyCatcher domains

with a flexible linker with three glycine-serine-glycine repeats ([GSG]3), and another where

the linker is a rigid α helix (αH) taken from the Bacillus stearothermophilus ribosomal protein

L9
[302] (Fig. 6.2B). We wanted to test if the linker length and flexibility impact bivalent binding.

For dimerisation, DC was incubated with refolded monomeric TCR after purification with

anion-exchange chromatography. A 3-fold excess of OT-I or 1G4 TCR was added compared to

DoubleCatcher and the incubation was carried out for 1 hour at room temperature to allow

complete dimerisation. Full dimerisation for both OT-I and 1G4 is confirmed by performing a

SDS-PAGE (Fig. 6.3). The full dimer has a molecular weight of 130 kDa, consisting of 2× 50 kDa

TCR and 30 kDa DoubleCatcher. The successful dimerisation can be observed on protein gel

as the disappearance of the band running at the height of the monomeric TCR as well as the

DoubleCatcher band and the occurrence of a higher molecular band. The OT-I construct has an

engineered cysteine bond between the α and β chains. Under non-denaturing conditions, the

two chains run together at 50 kDa for the monomer and 130 kDa as a dimer (Fig. 6.3A). When

a denaturing gel is used, α and β chains separate. After dimerisation, we observe a band for

the dimerised β chain, while the α chain runs at the same height as for the monomer. The

1G4 used here does not have extra cysteine bonds and separates into α and β chains even in a

non-denaturing gel (Fig. 6.3B).
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a b

2 × + =

DC-GL DC-αH

Figure 6.2: The generation of dimeric TCR using the SpyCatcher-SpyTag system. (A) Schematic of
reaction of DoubleCatcher (DC) with TCR to produce a dimeric TCR. SpyCatcher domains (blue) on
DC react with SpyTags (purple) on TCRs and produce a covalent bond. (B) AlphaFold2-predicted
structure for DoubleCatcher (DC). The DC consists of two SpyCatcher proteins connected by a linker.
Cyan vectors indicate the position and orientation of the SpyTag binding sites. The linker can be
a sequence of glycine-serine amino acids (DC-GL) or a rigid α helix (DC-αH). Image taken from
Driscoll et al. [302].
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Figure 6.3: DoubleCatcher reacts with TCR to create dimeric TCR. SDS page showing the reaction
of OT-I ((A)) and 1G4 ((B)) TCR with DoubleCatcher (DC). No DTT = non-denatured gel; + DTT =
denatured gel, proteins boiled and reduced by the presence of DTT. DoubleCatcher was incubated
with a 3-fold excess of TCR for 1 h at room temperature.
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Figure 6.4: Purification of dimeric TCR. Sensogram and protein gel after size exclusion chromatogra-
phy on S200 column for OT-I (top) and 1G4 (bottom). The TCR dimer elutes after 12 ml, the monomer
after 16 ml.

After dimerisation, the TCR dimer was purified using size exclusion chromatography (SEC)

(Fig.6.4). Both the OT-I and 1G4 dimer elute after 12 ml, 3 ml before the monomer. A small

fraction of single TCR-Double Catcher also elutes, likely due to incomplete cleavage of masked

SpyTag with TEV protease. The purity of the fraction was confirmed by SDS page (Fig. 6.4).

Only pure fractions were used for SPR experiments. Concentration was measured by nanodrop

using an extinction coefficient calculated from the protein sequence.
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6.2.2 Bivalent SPR with dimeric 1G4 TCR

First, we tested the method using the human 1G4 TCR, that binds to the NY–ESO-1157−165

peptide (SLLMWITQC) [304]. We used the 9V variant of this peptide, which has the cysteine in

position 9 replaced by a valine for improved stability on the MHC. The 1G4 TCR has a high

affinity for the 9V-pMHC, and the kinetic parameters of this interaction have been measured

previously [149].

pMHC was immobilised between 500 and 1000 RU. Bivalent 1G4 was injected in a two-fold

dilution series with the highest concentration between 1 µM-5 µM. We tested 1G4 dimerised

with the DC with the glycine-serine linker (Bi1G4-GL) and with the α helix linker (Bi1G4-

αH). As anticipated, the dimeric 1G4 exhibited markedly slower dissociation compared to

its monomeric counterpart injected over the same pMHC surface (Fig. 6.5A). Specifically, the

half-life of dimer dissociation was found to be eight times longer than that of the monomer,

extending to 16 s compared to 2 s, respectively. Bivalent SPR curves were fitted with the

particle-based model to derive the monovalent and bivalent interaction parameters, including

the association rate (kon), dissociation rate (koff), bivalent association rate (kon,b), and molecular

reach. The monovalent parameters kon, koff, and KD obtained from bivalent SPR experiments

with the Bi1G4-GL TCR dimer show no significant difference to the published parameters

obtained with the monomeric 1G4 (Fig. 6.5B). This suggests that the dimeric 1G4 demonstrates a

comparable affinity per binding site as the monomeric 1G4, with the enhanced binding strength

occurring due to bivalent binding. For 1G4-αH, similar parameter values were observed,

although further repeats are needed to confirm their significance. Regarding the bivalent

parameters of the 1G4 dimer, we find a mean kon,b of 1.0 s−1 and a mean molecular reach of 15

nm.

The same experiment was performed with the 3A peptide, which exhibits a comparable

affinity to the 1G4 TCR as the 9V peptide. As for the 9V peptide, the SPR curves show

clear bivalent binding behaviour, characterised by an extended dissociation phase relative to

monomeric binding (Fig. 6.6A). While the koff values obtained from the bivalent SPR were

consistent with published values, the kon values for Bi1G4-GL binding 3A were significantly

lower than those reported, consequently yielding a higher KD (Fig. 6.6B). Similar to the findings

for the 9V peptide, the average values for the bivalent parameters kon,b and molecular reach

were 1.0 s−1, and 15 nm, respectively (Fig. 6.6C).
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Figure 6.5: Dimeric 1G4 returns the same binding parameters as monomeric 1G4 binding to 9V
peptide. (A) Representative SPR sensograms of dimeric 1G4, dimerised with DC-GL (Bi1G4-GL)
(left), 1G4 dimerised with DC-αH (Bi1G4-αH) (centre) and monomeric 1G4 (right), binding pMHC
9V immobilised at 740 RU. The TCR is injected as a dilution series with increasing concentrations, the
highest concentration was 0.96 µM, 0.92 µM and 62 µM for Bi1G4-GL, Bi1G4-αH and 1G4, respectively.
The data was fit with either the bivalent particle model for dimeric 1G4, or a monovalent binding
model for monomeric 1G4. (B) Binding parameters kon, koff and KD measured for Bi1G4-GL and
Bi1G4-αH in comparison to published parameters obtained from monovalent interaction (N= 7 for
Bi1G4-GL and N= 1 for Bi1G4-αH). (C) Bivalent binding parameters kon,b and reach measured for
Bi1G4-GL and Bi1G4-αH. (N= 7 for Bi1G4-GL and N= 1 for Bi1G4-αH) A t-test with Dunnett’s
multiple comparison correction on log-transformed values was used to determine p-values.

Following the SPR experiments with the high-affinity peptides 9V and 3A, we measured the

binding of dimeric 1G4 TCR to lower affinity peptides 6V, 3Y, 6T and 4D, with KD values

ranging between 20 and 160 µM. For all these peptides, kinetic parameters kon and koff are

available [149]. Prolonged dissociation can be observed for these peptides in bivalent SPR assays

with dimeric 1G4 compared to monomeric 1G4 (Fig. 6.7A and B), particularly notable for

peptides 6V and 3Y with affinities of 22 µM and 47 µM, respectively. However, for the lower

affinity peptides 4D and 6T with affinities of 140 µM and 162 µM, respectively, the difference

in dissociation becomes very small. While the fits demonstrated good agreement during the

dissociation phase, the algorithm struggled to fit the steady-state phases, as evidenced by noisy

fits.

When plotting the parameters measured for all six peptides, including 9V and 3A, against

the published monovalent parameters, we observed that the koff values correlate well (Fig. 6.7C).

However, the kon values returned from the bivalent SPR are significantly lower than the
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Figure 6.6: Dimeric 1G4 binding to 3A peptide returns the same koff values as monomeric 1G4.
(A) Representative SPR sensograms of dimeric 1G4, dimerised with DC-GL (Bi1G4-GL) (left), 1G4

dimerised with DC-αH (Bi1G4-αH) (centre) and monomeric 1G4 (right), binding pMHC 3A immo-
bilised at 750 RU. The TCR is injected as a dilution series with increasing concentrations, the highest
concentration was 0.76 µM, 0.77 µM and 65 µM for Bi1G4-GL, Bi1G4-αH and 1G4, respectively. The
data was fit with either the bivalent particle model for dimeric 1G4, or a monovalent binding model
for monomeric 1G4. (B) Binding parameters kon, koff and KD measured for Bi1G4-GL and Bi1G4-αH
in comparison to published parameters obtained from monovalent interaction (N= 5 for Bi1G4-GL
and N= 2 for Bi1G4-αH). (C) Bivalent binding parameters kon,b and reach measured for Bi1G4-GL and
Bi1G4-αH. (N= 5 for Bi1G4-GL and N= 2 for Bi1G4-αH). A t-test with Dunnett’s multiple comparison
correction on log-transformed values was used to determine p-values.

published kon values. The discrepancy is higher for lower kon values, with up to a 30-fold

difference.

The algorithm performs a global fit, simultaneously fitting all curves. Precise determination

of TCR concentration is crucial for accurately fitting the steady-state response and kon values.

The observed failure to fit the steady-state response adequately, alongside the observed low kon

values, points to discrepancies in estimating the concentration of Bi1G4 TCR among different

injections. This discrepancy persists across multiple experiments and TCR preparation batches,

suggesting that it is unlikely to be experimental errors in SPR or the subsequent data fitting.

The discrepancies may arise due to the presence of protein aggregates in the sample, which

could change the amount of active protein present in each dilution.

For all peptides tested, kon,b and reach were not significantly different between peptides

(Fig. 6.7D), implying that these parameters are dictated by the Bi1G4 TCR structure and are

independent of the pMHC. However, pMHCs with affinities exceeding 40 µM show substantial
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Figure 6.7: Dimeric 1G4 returns correct koff values but not kon values. (A) Representative bivalent
SPR traces produced by injecting Bi1G4-GL over immobilised pMHC with indicated immobilisation
levels. TCR was injected using a 2-fold dilution series. (B) Representative monovalent SPR traces
produced by injecting monomeric 1G4 over same pMHC surface as in (A). (C) Comparison of binding
parameters kon, koff and KD for six peptides obtained with dimeric 1G4 with published values from
monovalent 1G4 taken from Aleksic et al. [149]. The dashed line displays perfect agreement (y=x). An
F-test was used to determine a p-value for the null hypothesis that the dashed line and the fitted line
to log-transformed binding parameters were equal. (D) The bivalent binding parameters kon,b and
reach for Bi1G4-GL binding to six different peptides. Abbreviations: ns = p> 0.05, * = p≤0.05, ** =
p≤0.01, *** = p≤0.001, **** = p≤0.0001.
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Figure 6.8: Monomeric 1G4 returns correct binding parameters. Comparison of binding parameters
kon, koff and KD for six peptides obtained with monomeric 1G4 (representative data shown in Fig. 6.7B)
with published values taken from Aleksic et al. [149]. The dashed line displays perfect agreement (y=x).
An F-test was used to determine a p-value for the null hypothesis that the dashed line and the fitted
line to log-transformed binding parameters were equal. Abbreviations: ns = p> 0.05, * = p≤0.05, ** =
p≤0.01, *** = p≤0.001, **** = p≤0.0001.

variability in the bivalent binding parameters. This variability suggests that the algorithm

struggles to uniquely identify parameters that allow the model to accurately fit the data,

possibly due to limited data points in the association and dissociation phases. Using the fitted

parameters from the 9V, 3A, and 6V pMHCs, each with an affinity below 22 µM, we derived an

average kon,b of 1.0 s−1 and a reach of 15 nm.

In each SPR experiment, we injected the 1G4 monomer after the Bi1G4 dimer, allowing us to

derive kon, koff, and KD values from the 1G4 monomer by fitting a monovalent model to the

data. The monovalent data yielded precise kon, koff, and KD values, even for peptides exhibiting

rapid dissociation (Fig. 6.8).

Overall, while the bivalent method effectively yields accurate koff values, it provides estimates

of kon that differ from those measured using monovalent TCR. The fast kinetics of these

interactions means that for interactions with a monovalent KD larger than approximately

160 µM (with koff values larger than approximately 3 s−1) the limited number of data points

during association and dissociation phases reduces the ability of even bivalent SPR to accurately

estimate kinetics. However, for interactions with KD values below approximately 160 µM, the

monomeric 1G4 suffices for measuring kinetic parameters, rendering the bivalent SPR method

unnecessary.
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6.2.3 Bivalent SPR with dimeric OT-I TCR

We next applied the bivalent SPR method to study the interaction between dimeric OT-I TCR

and its target peptide, N4-pMHC. Dimeric BiOT-I-GL dimerised using the DC-GL displayed

a visibly prolonged dissociation rate, with a half-life of 0.7 s compared to <0.3 s for the OT-

I monomer (Fig. 6.9A). When fitting the data with the particle-based model, we obtained

the same kon as previously determined for monomeric OT-I (see Fig. 4.2), whereas koff was

threefold lower than measured for monomeric OT-I (Fig. 6.9B). This results in a corresponding

threefold reduction in KD. Notably, a kon,b of 8.17 was observed, alongside a reach of 9.2

nm (Fig. 6.9C). The reach measured with the BiOT-I-GL was notably lower than for dimeric

Bi1G4-GL, dimerised with the same DoubleCatcher. A possible explanation is that kon,b and

reach were not identifiable so many combinations of different values for these parameters led

to a similar quality in the fit.

0.01

0.1

1

mono

k on
 (

M
-1

 s
-1

) 

0.1

1

10

mono

k o
ff (

s-1
)

1

10

100

mono

K D
 (

M
)

1

10

100

k o
nb

 (s
-1

)

0

5

10

15

20

R
ea

ch
 (n

m
)

0 20 40 60
0

100

200

300

400

Time (s)

R
es

po
ns

e 
(R

U
)

0 20 40 60
0

100

200

Time (s)

R
es

po
ns

e 
(R

U
)

BiOTI-GL OTIa

b c

Figure 6.9: Dimeric OT-I TCR binding its cognate peptide N4. (A) Representative SPR sensograms of
dimeric OT-I, dimerised with DC-GL (BiOTI-GL) (left), and monomeric OT-I (right), binding to pMHC
N4 immobilised at 1000 RU. The TCR is injected as a dilution series with increasing concentrations,
the highest concentration for was 10 µM and 17 µM for BiOT-GL, and 1G4, respectively. The data
was fit with either the bivalent particle model for dimeric OT-I, or a monovalent binding model
for monomeric OTI. (B Binding parameters kon, koff, KD returned from biavalent SPR compared to
parameters obtained from monomeric OT-I in Chapter 3 (see Fig. 4.1 and 4.2) (C) Bivalent binding
parameters kon,b and reach for dimeric OT-I binding N4 peptide.

We generated bivalent binding curves for further interactions between OT-I and pMHCs

(Fig. 6.10A). For low-affinity peptides, association and dissociation even with the dimeric OT-I

TCR were too rapid to be observed. The steady-state binding response was plotted against
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TCR concentration, with molar concentrations converted to mass concentration to adjust for

differences in protein mass between dimer and monomer (Fig. 6.10B). Dimeric OT-I exhibited

enhanced binding for peptides A2, Q4, and Q4R7, all having KD values below 250 µM, whereas

no enhanced binding was evident for the Catnb peptide with a KD of 1400 µM. Next, we fitted

the curves with the particle model. Given that the dimeric 1G4 TCR exhibited higher binding

and that the particle model produced excellent fits to the bivalent SPR, we decided to fix the

bivalent parameters (reach, kon,b) to the values obtained with this TCR when fitting the OT-I

data. The rapid kinetics for the OT-I TCR means that even for the dimeric OT-I, we expected

no accurate determination of kon and koff. Nonetheless, we reasoned that we would still be able

to estimate the value of KD. However, the fitted KD values from the bivalent SPR do not align

with KD values from monovalent experiments (Fig. 6.10C).
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Figure 6.10: Dimeric OT-I binding low-affinity peptides. Representative SPR curves of dimeric OT-I
((A)) and corresponding equilibrium binding values over TCR concentration ((B)) for peptides A2,
Q4, Q4R7 and Catnb. (C) Comparison of KD values obtained from bivalent SPR with KD values from
monovalent SPR (see Fig. 4.5).
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6.2.4 Simulation of possibilities of the dimeric TCR approach

Dimeric OT-I binding experiments revealed that at lower affinities, the dimer does not exhibit

stronger binding compared to the monomer, suggesting that it binds predominantly monova-

lently. Calculating the theoretical probability of bivalent binding for the dimeric TCR provides

insight into behaviour at lower affinities and enables us to explore the limitations and future

optimisations of this method (Fig. 6.11).

When a dimeric TCR (or any homodimeric molecule), in the following equations denoted as

A, is bound with one arm to one ligand, it can either unbind with the dissociation rate koff or

bind a second ligand within reach with the bivalent association rate kon,b. The probability of

each of these reactions to occur is determined by the rate and the concentration of available

free ligands within reach [L]avail.

AL → A + L : koff (6.1)

AL + Lavail → ALL : konb × [L]avail (6.2)

The theoretical probability of bivalent binding for the dimeric TCR, i.e. for the second of the

above reactions to occur, can be calculated by dividing the probability of the reaction by the

sum of probabilities for all possible reactions. The probability of bivalent binding is then given

by the following equation:

P =
kon,b[L]avail

koff + kon,b[L]avail
(6.3)

[L]avail is calculated as the average number of ligands within reach at a given antigen density:

[L]avail = [L]× 4
3

πReach3. (6.4)

We first calculated the theoretical probability of bivalent binding for the dimeric TCR with

a reach of 15 nm for a range of koff values (Fig. 6.11 left). This probability is influenced by

koff, kon,b, reach and antigen density. When koff is small, indicating a high-affinity interaction,

the probability of bivalent binding approaches 1. However, as ligand affinity decreases, the

probability decreases accordingly, with koff = 10 s−1 failing to reach even 0.5 probability at high

antigen densities. Conversely, at low affinities, where koff greatly exceeds kon,b x [L]avail, the
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probability approaches zero (see koff = 100 s−1), indicating predominant monovalent binding

behaviour for low-affinity peptides.

The experimentally observed reach of 15 nm for the dimeric TCR is relatively small. To

increase bivalent binding, one solution is to increase reach which would increase the number of

nearby antigens. We simulated the binding of dimeric TCR with a larger reach of 35 nm, akin

to that of an antibody (Fig. 6.11 right). A larger reach substantially increases the probability of

bivalent binding, enabling even ligands with very low affinity (koff = 100 s−1) to exhibit some

probability of bivalent binding.
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Figure 6.11: Probability of bivalent binding varies with koff, reach and antigen density. Probability
of an analyte to bind bivalently according to our particle model over ligand density. Curves show the
behaviour of analytes with different koff values and with a reach of 15 nm and 35 nm. The value for
kon,b was fixed to 1.0 s−1

To illustrate this visually, we simulated SPR curves for monovalent TCR, bivalent TCR with a

reach of 15 nm, and bivalent TCR with a reach of 35 nm. Additionally, we plotted equilibrium

binding over concentration to evaluate the influence of bivalent binding on the overall response

(Fig. 6.12). The simulations reveal that a TCR dimer with a reach of 35 nm displays a prolonged

dissociation compared to a dimer with a reach of 15 nm for koff values smaller than 10 s−1.

However, even with an extended reach, the kinetics of interactions cannot be resolved for

koff ≥ 10 s−1. Nevertheless, at this koff value, there is a noticeable increase in the amount of

bound protein compared to the monomer, while no additional binding is observed with the

dimer with a smaller reach of 15 nm. A slight enhancement in binding is also observable at

koff = 100 s−1.
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Figure 6.12: Simulated SPR curves show improvement of binding only for high-affinity peptides.
(A) Simulated SPR binding curves for analytes with different koff values with the particle model.
Reach was set to 0.01 nm to simulate monovalent binding (left). Bivalent SPR curves were simulated
for an analyte with a reach of 15 nm (centre) and 35 nm (right). (B) Equilibrium binding values over
analyte concentration from the respective binding curves in (A) for bivalent and monovalent analytes.

6.3 Discussion

In this chapter, efforts were made to implement a method that uses dimeric TCR for measuring

rapid TCR/pMHC binding kinetics. We showed that this method accurately determines koff
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values for interactions between the 1G4 TCR and pMHC with an off-rate less than 3 s−1, yet

it produced estimates of kon that differed from those measured using a monovalent TCR. In

this high-affinity regime, the dimeric TCR method performed similarly to the monovalent

measurements. Applying the method to OT-I interactions, we found that we could not

determine the dissociation rate for any peptides apart from N4, as a result of fast kinetics.

Additionally, the fitted KD values for the low-affinity OT-I interactions did not replicate the

previously measured KD values using the ultra-low affinity SPR method in Chapter 4.

The steady-state binding values revealed that the dimer TCR does not show improved

binding for self pMHCs with KD>1000 µM, suggesting that the dimeric TCR primarily engages

in monovalent binding. Calculations of the theoretical probability of bivalent binding show

that the probability of bivalent binding for off-rates >10 s−1 is almost zero. Simulations of SPR

curves further demonstrated that a TCR dimer with an extended reach has a higher probability

of bivalent binding and exhibits prolonged dissociation times compared to one with a shorter

reach for lower koff values. However, this also cannot resolve interaction kinetics when koff is

>10 s−1. However, a dimer with a larger reach still shows improved steady-state binding for

koff values up to 100 s−1 compared to the monomer.

When fitting binding curves of interactions between the 1G4 TCR and pMHCs with affinities

greater than 10 µM, the particle model struggled to fit the association and steady-state phases

of the binding curves. This problem may be caused by an incorrect concentration ratio, possibly

due to protein aggregation. Although no obvious aggregation was visible on SDS-PAGE, it

could potentially be below the detection limits of this method. Due to the large size of the

TCR dimer, it elutes early during the SEC, possibly along with aggregates of similar size. To

improve the purity of the dimer, one approach could involve first purifying the 1G4 monomer

using SEC, followed by dimerisation and another round of purification with SEC. Furthermore,

the 1G4 TCR used did not contain any disulfide bonds between the α and β chain. Its stability

could be improved by introducing engineered disulfide bonds.

For interactions with fast kinetics, measurement of koff and kon could be improved by using

the Creoptix WAVEsystem, as done for the kinetic measurements in Fig. 4.2. The increased

sample rate of 40 Hertz and parallel flow cells of the WAVEsytem instrument increases the

amount of data points in the association and dissociation phase
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The molecular reach of the dimeric TCR

The particle model measured the reach of the TCR dimer to be approximately 15 nm. Driscoll

et al. [302] estimated the average distance between the reactive lysine residues of each SpyCatcher

domain for different versions of their DoubleCatcher protein using the AlphaFold structure.

For the DoubleCatcher with the [GSG]3 linker, the distance is approximately (3.6 ± 0.7) nm, for

the DoubleCatcher with a α Helix linker, the distance is (2.7 ± 0.4) nm [302]. Together with the

length of the TCR/pMHC complex (∼14 nm) [24] we can estimate the theoretical reach of the

TCR dimer to be approximately 31 nm (2 × 14 nm + 3.6 nm = 31.6; 2 × 14 nm + 2.7 nm = 30.7).

The length of the pMHC was included in this calculation as we saw in Chapter 5 that the

size of the antigen contributes to the molecular reach. There is a large discrepancy between

the theoretical reach and the measured reach of 10 nm-15 nm. The TCR dimer may be in a

conformation that does not allow it to stretch out fully to maximise its reach. Driscoll et al. [302]

have developed further variants of the DoubleCatcher with different distances, rigidity and

orientations of the SpyCatcher domains. Using other DoubleCatcher versions might improve

the bivalent binding of the TCR dimer.

Further improvements

Simulations of binding showed that a TCR dimer with a larger reach has a higher probability of

bivalent binding, consequently increasing the binding response even for low-affinity pMHCs. A

TCR with a larger reach, similar to an antibody, could for example be achieved by by fusing the

TCR onto an IgG antibody. For this, the variable domains of the antibody would be replaced

by the TCR variable and constant domains. TCR fusion proteins have already been successfully

engineered, and have shown increased expression and binding affinity [305,306]. Another strategy

to increase the binding of TCR to pMHC could involve increasing the valency, such as by

generating TCR tetramers. However, this approach could only be employed if the bivalent

particle model is adapted for tetrameric interactions. Undoubtedly, further refinement and

optimization of this dimeric TCR binding method are needed. This method is only useful if it

outperforms binding measurements performed with the monomer, especially when off-rates

exceed 5 s−1.
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The work presented in this chapter shows that the bivalent particle-based model opens up new

opportunities for studying biomolecular interactions beyond antibody interactions. Beyond its

application in TCR-pMHC interactions, the bivalent SPR holds promise for studying various

low-affinity protein interactions. These could include interactions between the Notch receptor

and its ligands, which can have a KD of up to 130 µM [307,308], or the GPCR interaction with

metabolic molecules that have been difficult to study so far due to their low affinity [309].
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C O N C L U S I O N A N D F U R T H E R I M P L I C AT I O N S

The central theme of this thesis was to understand how antigen binding affects the functional

response of lymphocyte antigen receptors. The thesis focused on two particular questions: How

the TCR discriminates between foreign and self-antigens, and how antigen-antibody interaction

drives the effectiveness of antibodies. To address these questions, more sensitive SPR methods

and improved binding models were developed in this thesis, allowing the systematic and

quantitative study of antigen-receptor interactions.

As for the first question, T cells use their TCRs to discriminate between lower-affinity self

and higher-affinity foreign antigens. Early studies on murine TCRs originally showed that

T-cell discrimination is perfect, meaning a small decrease in antigen affinity can abolish T-

cell responses completely. However, the strength of this discrimination had not yet been

quantitatively determined. In Chapter 3 of this thesis, the discrimination strength for a range

of TCR systems was investigated by conducting a systematic literature analysis. In most of the

studied systems functional response correlated with affinity; this allowed us to introduce a

new quantitative measure of discrimination called discriminatory power alpha. Going through

two decades of published work, we found that the mean discriminatory power is α = 2. This

means that a decrease in affinity can be compensated with an increase in concentration that

is squared the fold-change in affinity. For example, a decrease in affinity by 5-fold can be

compensated by a 25-fold increase in antigen concentration. This demonstrated that contrary to

the original experiments, the antigen discrimination is imperfect. This level of discrimination

can be explained with the standard kinetic proofreading model. While the discrimination

was found to be imperfect, TCR was shown to have enhanced discrimination abilities when

compared to other ligand receptors, which showed baseline discrimination (α ≤ 1).

134
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This result was further validated in Chapter 4 by measuring the affinities between the

OT-I TCR and a wide range of variant peptides at physiological temperatures. This included

naturally occurring self-peptides and revealed that their affinity is 40 to 100 times lower than

the cognate peptide. While these results confirmed an enhanced but imperfect discrimination,

fitting the kinetic proofreading model to the data revelead in a notably faster proofreading

time of 0.17s compared to other TCRs. This questions whether the OT-I should be used as a

standard TCR for experiments.

To help understand this discrepancy, we decided to examine the kinetics of the OT-I/pMHC

interaction. However, obtaining precise kinetic data of the interaction is hindered by its rapid

kinetics that cannot be resolved with our current methods. Chapter 6 therefore focused on

the development of a bivalent SPR method to measure ultra-fast kinetics of interactions. It

drew inspiration from the bivalent antigen binding of antibodies. By dimerizing two TCR

proteins, bivalent binding could be utilized to slow down the binding kinetics for accurate

measurement of the kinetic rates. The method proved effective for high-affinity interactions

but further improvements in the structure of the TCR dimer are necessary to make the method

useful for low-affinity interactions.

In conclusion, this work disproved the longstanding belief of perfect TCR discrimination. It

shows the need to revisit scientific data and conclusions drawn thereof when discrepancies

arise, even when these conclusions are widely accepted in the scientific community.

The second question of this thesis focused on how antibodies bind to and neutralize pathogens.

While their binding strength is believed to be an essential determinant of their function, so

far no consistent correlation with affinity of the interaction and function had been established.

In order to figure out what intrinsic property of their antigen-binding interaction determines

their functional efficiency, Chapter 5 presented a particle-based bivalent model for obtaining

monovalent and bivalent binding parameters from SPR bivalent data. The new model accurately

quantified the bivalent interaction of 45 IgG1 antibodies binding the RBD of the SARS-CoV-2

spike protein. The interaction is guided by the monovalent binding rates (kon and koff) which

describe the interaction of each binding site, and the bivalent parameters (kon,b and molecular

reach) that quantify the ability for bivalent binding. We found that molecular reach plays

a fundamental role in determining the neutralization potency of antibodies. Overall, the

neutralization potency can be fully explained by a combination of monovalent and bivalent
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parameters and epitope location. Using the particle-based bivalent model, it was then possible

to predict the absolute neutralization potency of antibodies. This has been a hugely collaborative

project between researchers from mathematics, biochemistry, and virology. Our work provides

a method for the scientific community that may improve the design of antibodies and vaccines.

Overall, the work presented in this thesis plays a part in advancing our understanding of

how the biophysical properties of an interaction directly inform the functional response. This

thesis provides a link between the structure of antigens and lymphocyte antigen receptors and

their function, which was not readily observable before. Furthermore, this thesis demonstrates

that improved methods and more precise quantification of binding interaction are required to

identify the link and understand the mechanism of molecular recognition.

7.1 Future implications

The results presented in this thesis have future implications for other unresolved questions in

the field, as discussed below.

How can precise characterisations of TCR/antigen interactions improve our understanding of

T-cell activation?

Despite the TCR’s ability to sense and respond to interactions with self-antigens, our current

techniques for measuring protein interaction are not sensitive enough to resolve the fast

kinetics of this interaction. Our ability to measure dissociation kinetics is particularly limited,

with a maximum of 10 s−1 [275], leaving many low-affinity interactions beyond our detection

threshold. There are various models proposed for antigen discrimination which rely on

different biophysical properties of the TCR-antigen interaction. Occupancy models emphasize

affinity, while standard kinetic proofreading models focus on bond lifetime (koff). Other

models have suggested the importance of kon by introducing a confinement time or sequential

triggering [94,149,310]. In order to test which of these models recapitulate what is happening

in the cell, we need to know the affinity as well as the kinetic parameters kon and koff of the
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TCR/antigen interaction. To address this, further optimisation of protein binding measurement

methods is essential to accurately measure ultrafast kinetics [311].

Beyond antigen discrimination, obtaining more quantitative data on TCR-antigen inter-

actions can further help in understanding the dynamics of signal integration in the TCR

signalling pathway. During activation T-cells integrate multiple signals from antigen recogni-

tion, such as interaction affinity and antigen concentration, alongside signals from co-signalling

receptors and cytokines. Questions remain about how the signalling pathway achieves a

switch-like response and how signals from co-signalling receptors such as CD28 and PD1 are

integrated [312,313]. The complexity of the signalling pathway makes it challenging to intuitively

comprehend the dynamic processes and it is difficult to experimentally measure the protein

dynamics. Hence we need mechanistic models that we can test against experimentally observ-

able data. For this, we need precise data on antigen affinity and T-cell response, which will

help us create a model to accurately predict the immune response.

Which protein dynamics give rise to kinetic proofreading?

This thesis presented evidence that enhanced antigen discrimination is not an intrinsic feature

of the TCR, but rather that it is encoded by the proximal signalling pathway. Furthermore, the

discrimination can be explained using the kinetic proofreading model. This leads to the question

of which signalling proteins are responsible for antigen discrimination. The phosphorylation

of ITAMs as well as the recruitment and activation of signalling proteins Lck, ZAP70 and LAT

have been suggested as individual proofreading steps [148,240,248,314]. Proteins in the signalling

cascade can be a starting point for improving immunotherapies. Modifying enzymes within the

TCR signalling pathway to increase antigen discrimination strength presents an opportunity

to decrease off-target toxicity in TCR/CAR T-cell therapies. Off-target recognition is a major

concern in these therapies. This is demonstrated by a clinical trial involving MAGE-A3 specific

TCR-engineered T-cells, which caused fatal cardiac toxicity due to cross-reactivity with an

unrelated epitope from the Titin protein presented on cardiac tissue [315,316]. Current strategies to

reduce off-target toxicities focus on identifying potential off-targets through in vitro experiments

before the therapy is moved to clinical trials. In these methods, the response of T cells carrying

a specific TCR is tested against a peptide library including peptides where the amino acids of

the target peptide are individually mutated to alanine (alanine scanning), or a combination
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of all possible amino acid sequences (combinatorial peptide library scanning). This allows

the identification of amino acid positions that are important for peptide recognition, which

can be used to identify self-protein derived peptide sequences with this motif [317]. However,

these methods may not identify all possible cross-reactivities. In contrast, increasing the

discriminatory strength of T cells through signalling pathway modification can prevent them

from responding to any potential self-antigen.

The kinetic proofreading may also exist in other proteins of the NTR family that the TCR

belongs to. For example, BCRs and Fc Receptors have a similar downstream signalling

pathway as the TCR. Both use ITAM phosphorylation for receptor triggering and rely on the

phosphorylation of scaffold protein to recruit downstream signalling molecules (protein BLNK

in the BCR pathway, and LAT in the Fc receptor pathway). It may be of interest whether

BCRs and Fc receptors exhibit a similar enhanced antigen discrimination strength as the TCR.

Kinetic proofreading has been proposed for both the BCR and the Fc receptor [311,318,319]. This

thesis showed that the discriminatory power of the BCR is greater than 1, indicating enhanced

discrimination; however, this conclusion is based on only very few data points. Understanding

antigen discrimination by BCRs and Fc receptors could provide insights into shared signaling

motifs and mechanisms involved in this process which are also found with the TCR. Kinetic

proofreading reduces error rates in various cellular processes that require decision-making, such

as ensuring the correct loading of tRNAs with their respective amino acids and in homologous

recombination for DNA damage repair. It is likely that this mechanism is employed in other

cellular pathways to enhance accuracy. Understanding the dynamics underlying the kinetic

proofreading motif in the TCR may help identify similar motifs in other cellular processes.

One area of potential investigation could be the cell cycle checkpoints that serve to ensure the

accurate progression of cellular division. These checkpoints are critical in upholding genomic

stability and preventing aberrant cell proliferation. One example of kinetic proofreading may

be the checkpoint signalling linked to microtubule-kinetochore attachment, which has recently

been shown to involve multiple rounds of phosphorylation and dephosphorylation, resembling

ITAM phosphorylations on the TCR [320].
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What are the implications for imperfect discrimination in autoimmune diseases?

Understanding the link between antigen binding and functional response of T cells, B cells and

antibodies may be important in understanding the causes of autoimmune diseases. Autoim-

mune diseases are a diverse group of conditions characterized by a disturbance of immune

tolerance that causes T and B cells to mistakenly target endogenous tissues of the host. The

underlying causes can be varied and are far from understood [321]. Research heavily focuses

on the dysregulation of T and B cell reactivity, often associated with genetic predispositions

affecting various immune processes such as chemotaxis, cytokine production, and complement

activity. Additionally, disruptions in thymic selection and the development of regulatory T cells

can contribute to immune tolerance breakdown and the onset of autoimmune reactions. There

is also a strong genetic association of certain MHC alleles with autoimmune diseases, likely

because of the role of MHC molecules in presenting self-antigens for T-cell recognition [322].

Further causes of autoimmune reactions involve mutations that lead to the presentation of

immunogenic self-peptides, this also includes changes in the post-translational modifications of

proteins or the production of misfolded proteins [321]. Infections are believed to trigger autoim-

mune responses through mechanisms such as non-specific inflammation or molecular mimicry,

where structural similarities between self and foreign molecules lead to cross-reactivity with

self-peptides [126,323,324].

This thesis showed that antigen discrimination by TCRs is not perfect. Small changes in

affinity can be compensated by an increase in the concentration of ligand, which introduces

another possibility for the onset of autoimmune reactions; self-antigens that are expressed

at higher than normal concentrations could lead to T cell activation. Higher than normal

self-antigen expression could also lead to antibody recognition. This thesis explained how

antigen density affects antibody function due to the bivalent binding ability of antibodies. This

can be applied to autoimmune reactions; at low antigen density, antibodies bind monovalently

and are not able to induce an immune response. However, when the density of self-peptides

increases, antibodies may be able to bind bivalently and therefore have an increased binding

strength which could trigger an immune response. If elevated self-antigen presentation can

trigger T cells and antibodies, it could explain autoimmune reactions without a clear connection

between the antigen specificity and the target location of the autoimmune reaction [321], for

example when the autoantigen is widely expressed in many tissues, but the autoimmune
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reaction only occurs in a specific tissue. In such cases, it may be important to search not only

for the specific autoantigens but also for an increased expression of the antigen in the targeted

tissues.

Additionally, T cell response to elevated self-antigen levels may be crucial in explaining

the “autoimmune surveillance of hypersecreting mutants” (ASHM) hypothesis regarding the

onset of autoimmune diseases [234]. The hypothesis proposes that self-reactive T cells play an

important functional role in healthy individuals. According to this hypothesis, self-reactive

T cells detect and eliminate hypersecreting cells in endocrine organs that could threaten

organismal homeostasis. This can result in a vulnerability to autoimmune disease and it

would be only selected when the cost of hypersecretion exceeds the cost of autoimmunity.

Imperfect discriminations would allow T cells to respond to hypersecreting cells that present

large amounts of self-antigens derived from proteins in the secretion pathway.

How can we optimise the effector function of antibodies?

The characterisation of bivalent antibody binding opens up new opportunities for identifying

and optimising antibodies for therapeutic applications. Depending on the application, different

binding properties may need to be optimized. For instance, neutralising antibodies raised

against the malaria parasite surface protein PfRH5 need to have a very fast on-rate because the

protein is only accessible for a few minutes before the parasite infects blood cells [325]. Another

example is the development of bispecific antibodies, where the length and flexibility of the

interchain linker have important consequences on the effector function [326–328].The bivalent

binding ability should also be considered when selecting an epitope for antibody binding,

because, as shown here, the antigen contributes to the overall reach. The thesis has revealed

the significant impact of molecular reach on the function of an antibody. This finding raises

interesting questions about the optimisation of antibody reach during evolution and whether

there are evolutionary selection pressures that limit the size of the reach.
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Can we predict receptor antigen interactions?

There is a growing interest in predicting the specificities of lymphocyte antigen receptors

computationally, specifically the prediction of TCR/antigen interactions and antibody/epitope

interactions. These predictions have significant potential for advancing the fields of im-

munotherapy and drug design, offering a more targeted approach to disease treatment and

prevention. For example, the ability to predict TCR antigen interactions has promising appli-

cations in personalized cancer immunotherapy, identifying antigens of autoreactive T cells in

autoimmune diseases, reducing graft rejection in organ transplantation, and as a diagnostic

tool. Similarly, predicting antibody epitope interactions could assist in the development of

therapeutic or diagnostic antibodies, by identifying and optimizing specific antibodies, identi-

fying autoantigens in autoimmune diseases, and may inform vaccine design [329,330]. Recent

improvements in machine learning algorithms have led to significant progress in epitope

prediction [331]. However, predicting epitopes that have not been encountered in the training set

remains challenging due to the high diversity of interacting protein structures and the limited

amount of available training data [332]. The existing data are obtained through assays that do

not cover a broad range of epitopes and cannot accurately capture differences in affinity of the

different receptor/epitope interactions.

This thesis provides some initial ideas for obtaining better data on receptor/epitope in-

teractions that could improve the predictive power of the algorithms. Firstly, TCR/pMHC

affinities could be measured using an ultralow-affinity SPR method. This approach provides

data for interactions across a wide range of affinities, including low-affinity interactions such as

self-peptide interactions, which are not observable with less sensitive methods commonly used

for generating epitope prediction datasets. The BiaCore SPR instrument used to generate most

of the affinity measurements presented in this thesis allows the measurement of only three

interactions at a time. Therefore generating affinity data on enough interactions for a machine

learning training dataset would take a long time. However, other SPR techniques such as the

Carterra LSA instrument allow the measurement of up to 384 ligands at once [333], making

it a more efficient option. In addition, this thesis proposes a second improvement, which is

obtaining antibody/antigen binding parameters from bivalent SPR data. This approach allows

for high-throughput screening of antibodies while obtaining both monovalent and bivalent

affinity parameters of the interaction.
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8.1 Materials

Table 8.1: Antibodies used for SPR

Target Clone Supplier RRID

H-2K (mouse MHC Class I) Y-3 Leinco Technologies AB_2737575

Human beta2m B2M-01 Thermo Fisher Scientific AB_1070702

Table 8.2: Plasmids

Name Source Note

pGMT7-OT1a-HC David Cole Expression of soluble OT-I α chain with
human constant domain

pGMT7-OT1b-HC-His David Cole Expression of soluble OT1β chain with hu-
man constant domain and 6xHis Tag

pGMT7-OT1b-HC-ST3 David Cole Expression of soluble OT1 β chain with
human constant domain and SpyTag 003

pET-1G4-sTCRa Johannes Pettmann Expression of soluble 1G4 α chain

pET-s1G4b-ST3 Johannes Pettmann Expression of soluble 1G4 β chain with Spy-
Tag003

pET14b-H2Kb-AviTag Vincenzo Cerundolo Expression of soluble mouse MHC H2Kb

heavy chain with AviTag at C terminus

pTO-N-human-beta2m Markus Bridge Expression of soluble human β2m domain

142
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Table 8.4: General reagents

Name Company Catalog number

4PCP sensor chip Creoptix N/A

Amine coupling kit Cytiva BR100050

Amplicilin

BirA biotin-protein ligase bulk reaction kit Avidity N/A

BugBuster Protein Extraction Reagent Millipore 70584-M

Series S Sensor Chip CM5 Cytiva 3E+07

DMSO

HBS-EP Cytiva BR100669

IPTG

LB

QIAprep Spin Miniprep Kit Qiagen 27104

NIH pMHC

PBS

Q5 Site-Directed Mutagenesis Kit NEB E0554S

TEV protease NEB P8112S

Tris buffer

Urea
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Table 8.5: Buffers

Name Content

Lysis buffer 10% BugBuster Protein Extraction
Reagent
20 mM Tris-HCl (pH 8.0)
150 mM NaCl
1% Triton X-100

0.1 mM PMSF
25 µl of 100 mg/ml lysozyme
a pinch of DNAse I

Wash buffer 10% BugBuster Protein Extraction
Reagent

Urea buffer 100 mM Tris-HCl (pH 8.0)
8 M Urea
2 mM DTT

TCR refolding buffer 150 mM Tris-HCl (pH 8.0)
3 M Urea
200 mM Arg-HCl
0.5 mM EDTA
0.1 mM PMSF

Dialysis buffer 10 mM Tris-HCl (pH 8.0)

HiTrapQ buffer (Low Salt) 10 mM Tris-HCl (pH 8.5)
10 mM NaCl

HiTrapQ buffer (High Salt) 10 mM Tris-HCl (pH 8.5)
1 M NaCl

HBS-EP 0.01 M HEPES (pH 7.4)
0.15 M NaCl
3 mM EDTA
0.005% v/v Tween20

pMHC Refolding Buffer 100 mM Tris-HCl, pH 8.0
400 mM L-Arg·HCl
2 mM EDTA
5 mM Reduced glutathione
0.5 mM Oxidised glutathione
0.1 mM PMSF
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Table 8.7: Instruments and equipment

Name Company

Äkta pure FPLC Cytiva

HiTrap Q HP column Cytiva

Superdex 200 increase 10/300 GL column Cytiva

Sonicator Sanyo

Biacore T200 SPR system Cytiva

Biacore S200 SPR system Cytiva

WAVEsystem Creoptix

Table 8.8: Software

Name Version Company

Graph Pad Prism v9-10 GraphPad Software

SnapGene v4 GSL Biotech LLC

BiaEvaluation v4.1 Cytiva

WAVEcontrol Creoptix

Python 3.7.4 N/A

Julia 1.7.2 N/A

8.1.1 Sequences

Sequence 1: Soluble OTI α for expression in E. coli. Murine constant domain was replaced
with human constant domain with additional cysteine (T159C) for improved refolding and
stability.

MQQQVRQSPQ SLTVWEGETA ILNCSYEDST FNYFPWYQQF PGEGPALLIS IRSVSDKKED GRFTIFFNKR

EKKLSLHITD SQPGDSATYF CAASDNYQLI WGSGTKLIIK PDIQNPDPAV YQLRDSKSSD KSVCLFTDFD

SQTNVSQSKD SDVYITDKCV LDMRSMDFKS NSAVAWSNKS DFACANAFNN SIIPEDTFFP SPESS

Sequence 2: Soluble OT-I β chain with 6x His Tag on C terminus for expression in E. coli.
Murine constant domain was replaced with human constant domain with additional cysteine
(S169C) for improved refolding and stability.

MDSGVVQSPR HIIKEKGGRS VLTCIPISGH SNVVWYQQTL GKELKFLIQH YEKVERDKGF LPSRFSVQQF

DDYHSEMNMS ALELEDSAMY FCASSRANYE QYFGPGTRLT VLEDLRNVFP PEVAVFEPSE AEISHTQKAT
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LVCLATGFYP DHVELSWWVN GKEVHSGVCT DPQPLKEQPA LNDSRYALSS RLRVSATFWQ DPRNHFRCQV

QFYGLSENDE WTQDRAKPVT QIVSAEAWGR ADHHHHHH

Sequence 3: Soluble OT-I β chain with SpyTag 003 on C terminus for expression in E. coli.
Murine constant domain was replaced with human constant domain with additional cysteine
(S169C) for improved refolding and stability.

MDSGVVQSPR HIIKEKGGRS VLTCIPISGH SNVVWYQQTL GKELKFLIQH YEKVERDKGF LPSRFSVQQF

DDYHSEMNMS ALELEDSAMY FCASSRANYE QYFGPGTRLT VLEDLRNVFP PEVAVFEPSE AEISHTQKAT

LVCLATGFYP DHVELSWWVN GKEVHSGVCT DPQPLKEQPA LNDSRYALSS RLRVSATFWQ DPRNHFRCQV

QFYGLSENDE WTQDRAKPVT QIVSAEAWGR ADGGSRGVPH IVMVDAYKRY K

Sequence 4: Soluble H2Kb heavy chain with AviTag on C terminus for expression in E. coli.

MGPHSLRYFV TAVSRPGLGE PRYMEVGYVD DTEFVRFDSD AENPRYEPRA RWMEQEGPEY WERETQKAKG

NEQSFRVDLR TLLGYYNQSK GGSHTIQVIS GCEVGSDGRL LRGYQQYAYD GCDYIALNED LKTWTAADMA

ALITKHKWEQ AGEAERLRAY LEGTCVEWLR RYLKNGNATL LRTDSPKAHV THHSRPEDKV TLRCWALGFY

PADITLTWQL NGEELIQDME LVETRPAGDG TFQKWASVVV PLGKEQYYTC HVYHQGLPEP LTLRWEPPPS

GSLHHILDAQ KMVWNHRGLN DIFEAQKIEW HE

Sequence 5: Human β2m for expression in E. coli.

MIQRTPKIQV YSRHPAENGK SNFLNCYVSG FHPSDIEVDL LKNGERIEKV EHSDLSFSKDW SFYLLYYTEF

TPTEKDEYAC RVNHVTLSQP KIVKWDRDM

Sequence 6: Soluble 1G4 α chain for expression in E. coli. No engineered cysteines.

MQEVTQIPAA LSVPEGENLV LNCSFTDSAI YNLQWFRQDP GKGLTSLLLI QSSQREQTSG RLNASLDKSS

GRSTLYIAAS QPGDSATYLC AVRPTSGGSY IPTFGRGTSL IVHPYIQNPD PAVYQLRDSK SSDKSVCLFT

DFDSQTNVSQ SKDSDVYITD KTVLDMRSMD FKSNSAVAWS NKSDFACANA FNNSIIPEDT FFPSPESS

Sequence 7: Soluble OT-I β chain with SpyTag 003 on C terminus for expression in E. coli. No
engineered cysteines.

MGVTQTPKFQ VLKTGQSMTL QCAQDMNHEY MSWYRQDPGM GLRLIHYSVG AGITDQGEVP NGYNVSRSTT

EDFPLRLLSA APSQTSVYFC ASSYVGNTGE LFFGEGSRLT VLEDLKNVFP PEVAVFEPSE AEISHTQKAT

LVCLATGFYP DHVELSWWVN GKEVHSGVST DPQPLKEQPA LNDSRYALSS RLRVSATFWQ DPRNHFRCQV

QFYGLSENDE WTQDRAKPVT QIVSAEAWGR ADGGSRGVPH IVMVDAYKRY K

Sequence 8: DoubleCatcher with (GLG)3 linker.
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GGAMVTTLSG LSGEQGPSGD MTTEEDSATH IKFSKRDEDG RELAGATMEL RDSSGKTIST WISDGHVKDF

YLYPGKYTFV ETAAPDGYEV ATPIEFTVNE DGQVTVDGEA TEGDAHTGSG GSGGSGVTTL SGLSGEQGPS

GDMTTEEDSA THIKFSKRDE DGRELAGATM ELRDSSGKTI STWISDGHVK DFYLYPGKYT FVETAAPDGY

EVATPIEFTV NEDGQVTVDG EATEGDAGSS GSENLYFQ

Sequence 9: DoubleCatcher with α Helix linker.

GGAMVTTLSG LSGEQGPSGD MTTEEDSATH IKFSKRDEDG RELAGATMEL RDSSGKTIST WISDGHVKDF

YLYPGKYTFV ETAAPDGYEV ATPIEFTVNE DGQVTVDGEA TEGDAHTGSG GSGGSGVTTL SGLSGEQGPS

GDMTTEEDSA THIKFSKRDE DGRELAGATM ELRDSSGKTI STWISDGHVK DFYLYPGKYT FVETAAPDGY

EVATPIEFTV NEDGQVTVDG EATEGDAGSS GSENLYFQ

8.2 Methods

8.2.1 Meta-analysis

Supplementary tables that contain information on each calculation of α for TCRs (Table SA.1)
and non-TCR receptors (Table SA.2) are provided.

The broad method was to obtain a measure of ligand potency from each study. If provided
by the study, this was often an EC50, which is the concentration of ligand eliciting 50% of the
maximum response. If not explicitly provided, we estimated ligand potency as PX, which
was defined by the concentration of ligand that produced X response. To do this, we drew a
horizontal line at X on a provided dose-response graph and estimated the ligand concentration
where the data intercepted the horizontal line. The disadvantage of this method is that ligand
potency was estimated based on the single representative graph provided in the study.

Each study contained estimates of KD or koff for the specific TCR/pMHC interactions used.
We only included studies where monomeric SPR binding data was available to avoid multimeric
binding parameters (e.g. when using tetramers). However, when analysing discrimination
by other non-TCR receptors, we included binding data from various methods (e.g. SPR,
radiolabelled ligands) provided they were monomeric measurements.

The plot of potency over KD or koff was fitted using linear regression on log-transformed
axes. We reported the slope of the fit (i.e. the discrimination power, α), the goodness-of-fit
measure (R2), and the P-value for the null hypothesis that the slope is zero (i.e. α = 0). We
defined significance using the threshold of p=0.05.

A subset of the data relied on engineered high-affinity TCR/pMHC interactions. It has been
observed that increasing the affinity beyond a threshold does not improve ligand potency [239,334].
To avoid underestimating the discrimination power, we found that globally removing data
where KD < 1 µM avoided entering this saturation regime (with a single exception, see ID
58-61 in Supplementary Information). Similarly, to avoid over-estimating α, we did not include
data where the potency was extrapolated (i.e. when EC50 values were larger than the highest
ligand concentration tested). Some studies provided multiple measures of T-cell responses
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and in this case, we produced potency plots for each response and hence were able to obtain
multiple estimates of α.

Only significant discrimination powers (p < 0.05) were included in the final comparisons
(Fig. 3.4) except for the original and revised mouse TCR data (Fig. 3.4B) because only a few
datasets were available. We found more studies that performed functional experiments on
the original mouse TCRs compared to those that measured binding and therefore, to avoid
introducing a potential bias in the analysis, we included only a single calculated α for each
independent SPR measurement. In the case of the original mouse TCR data, we included 4

calculations of α (Table SA.1, ID 1, 2, 11, 14) and in the case of the revised mouse TCR data,
we included 6 calculations of α (Table SA.1, ID 5, 13, 15, 17, 18, 19). However, we explicitly
include all α values we calculated in Table SA.1 where it is clear that including them would not
impact any conclusions. However, discrimination powers obtained using artificial conditions,
when antigen was presented on plates as recombinant protein or when presented on APCs but
co-receptor was blocked, were not included in aggregated analyses (Fig. 3.4B, Fig. 3.5A-B).

All statistical analyses of α were performed using parametric 1-way ANOVA and/or multiple
t-tests (with the stated correction for multiple comparisons) on log-transformed data.

8.2.2 Plasmids and cloning

The OT-I TCR construct used in this thesis consists of the murine variable OT-I domain and
the human constant domain truncated above the transmembrane domain with an artificial
interchain disulphide.The pGMT7 plasmids containing OT-I α chain and OTI β chain with
human constant domains were obtained from David Cole (University of Cardiff). The plasmid
contains a T7 promoter for E.coli protein expression. A 5x His Tag and a SpyTag 003 were
cloned to the C terminus of the OT-I β chain using site-directed mutagenesis (Q Site-Directed
Mutagenesis Kit. NEB). The plasmid was amplified with primers which had the desired tag
incorporated into their 5´ ends. The pET plasmids containing the soluble 1G4 α and β chains
were obtained from Johannes Pettmann. The plasmids have a T7 promoter for expression.
As for the OT-I, a SpyTag was added to the C terminus end of the 1G4 β chain site-directed
mutagenesis. The pET14b plasmid for soluble H2Kb expression was obtained from Vincenzo
Cerundolo (University of Oxford). An AviTag was added to the C terminus end using site-
directed mutagenesis. All plasmids were cloned into Top10 or D5alpha E.coli cells using
chemical transformation. Plasmids were purified via QIAprep Spin Miniprep Kit (Qiagen).
Sequences were confirmed via Sanger sequencing (Source Bioscience). For expression, plasmids
were transformed into Bl21 (DE3) or NiCo21 cells.

8.2.3 Protein expression and purification

tcr For soluble TCR production (OT-I or 1G4), TCR α and β chains were expressed in
BL21 Escherichia coli cells overnight at 37

◦C following induction with 0.15 mM IPTG. Cells
were harvested and lysed using sonication and the BugBuster Protein Extraction Reagent
(Millipore). Next, denatured proteins were isolated from inclusion bodies using 8 M Urea
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Buffer. Proteins were stored at -80
◦C until use. OT-I-TCR was refolded by adding 15 mg of

each chain dropwise in 1 L refolding buffer, followed by dialysis for 3 days in 10 L Tris buffer,
with a buffer change after 1 day. After dialysis, the protein was filtered and purified using
ion-exchange chromatography (HiTrap Q column) with a NaCl gradient. Next, the protein
solution was concentrated and purified again by size exclusion chromatography (Superdex
200 Increase column [GE Healthcare]) in HBS-EP (0.01 M HEPES pH 7.4, 0.15 M NaCl, 3 mM
EDTA, 0.005 % v/v Tween20). See Fig. 8.1A, B for SDS page of OT-I after anion exchange and
size exclusion chromatography. Purified TCR was used for SPR measurements for no longer
then 24 hours after purification to avoid aggregation. TCR concentration was determined by
NanoDrop Spectrophotometer. The accuracy of concentration measurements was confirmed
with a Bradford assay, using ovalbumin as a standard (Fig. 8.1C).

pmhc For pMHC production in E.coli, soluble MHC Class I heavy chain (murine H2Kb

or human HLA-A*02:01) and human β2m were expressed separately in BL21 DE3 Escherichia
coli. Cell lysis and inclusion bodies purification was done identically to TCR production.
MHC heavy chain, β2m and peptide were added dropwise to pMHC refolding buffer at a
concentration of 2 µM, 1 µM, 10 µM, respectively. The protein solution was kept under constant
stirring for more than 40 h at 4

◦C. Afterwards, the refold was filtered through a 0.45 µL filter
and concentrated. If required, pMHC were biotinylated overnight at room temperature using
the BirA Biotin-protein ligase reaction kit (Avidity LLC). Next, pMHCs were purified in HBS-
EP Buffer by Size exclusion chromatography using the Superdex 75 column. Class I pMHCs
from HEK cells were purchased from the NIH protein facility. pMHC were produced as
described [335]. pMHCs were aliquoted and stored at -80

◦C until use.

peptides Peptides were synthesised at a purity of >95% (Peptide Protein Research, UK).
The OT-I cognate peptide N4 is an 8 amino acid peptide class I peptide derived from ovalbumin
(OVA257−264) [273]. The peptide variants used here were described previously [112,114,128]. The
cognate peptide for the 1G4 TCR is a 9 amino acid, class I peptide derived from the NYE-ESO
protein (NYE157−165). Here we use the 9V peptide, where the ninth amino acid was altered into
a Valine for improved stability [304]. See Table 4.1 for a list of peptides and their sequences.

doublecatcher DoubleCatcher was produced by collaborators as described previously [302].
Masked SpyTag was cleaved using TEV protease (NEB) with a TEV protease to protein ratio of
0.5 (units/µg protein). The reaction was performed at 4

◦C overnight.

tcr dimerisation The TCR after anion exchange chromatography or SEC was mixed
with DoubleCatcher in a 3:1 ratio. The excess in TCR is to make sure the DoubleCatcher is
saturated. The reaction mix was incubated at room temperature for 1 h.

antibodies Anti-RBD IgG1 antibodies were produced by collaborators as described previ-
ously [336].
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(bottom) of OTI purification with anion exchange chromatography (B Sensogram (top) and SDS page
(bottom) of OTI purification with size exclusion chromatography (C) Concentration measurement
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8.2.4 SPR experiments

tcr SPR equilibrium binding analysis of TCR-pMHC interaction was measured by SPR on a
Biacore T200 or S200 instrument (GE Healthcare Life Sciences) with a CM5 sensor chip. HBS-EP
was used as running buffer and all KD measurements were performed at 37

◦C. For protein
immobilisation, the sensor chip was saturated with streptavidin using an amine coupling
kit (GE Healthcare Life Sciences). Biotinylated pMHCs were injected into experimental flow
cells (FC) for different time lengths to immobilise 400 to 1500 RU pMHC. Matching levels of
CD86 were immobilised in FC1 as a reference. Next, excess streptavidin was blocked with two
40 s injections of 500 µM biotin (Avidity) and the sensor was conditioned with 8 injections
of running buffer. TCR was injected at increasing concentrations at a flow rate of 30 ml/min.
HBS-EP Buffer from the same batch that was used for TCR purification was injected after
every 2-3 TCR injections as reference. Following TCR injections, Y3 or anti-β2m antibody was
injected for 8 min.

KD values were analysed by fitting a 1:1 Langmuir binding (Beq = Bmax · [A]/(KD + [A]))
function to double-referenced equilibrium RU values. Maximum binding of the B2M antibody
to pMHC was used to generate the empirical standard curve and to relate the Bmax of TCRs to
Bmax of antibody binding. For low-affinity peptides, Bmax was constricted to Bmax calculated
from the standard curve.

For kinetic measurements by SPR, we used a Biacore S200. Different TCR concentrations
were injected at a flow rate of 30 µL/min. To minimize diffusion artifacts, TCR was injected
separately in flow paths 1–2 and 3–4. We obtained koff by fitting a mono-exponential to
double-referenced dissociation curves.

For kinetic measurements by grating-coupled interferometry (GCI), we used a Creoptix
waveRAPID. pMHC was immobilised to 150-350 RU on a 4PCP sensor chip. For determining
kinetic parameters with the WAVERapid method, a single TCR concentration was injected
multiple times using different length pulses for a total duration of 5 s, followed by a 50 s
dissociation phase. To calibrate how the analyte (TCR) concentration changes over time during
pulse injection, 0.5% DMSO is injected. The flow rate was set to 100 µL/min per flow cell. We
obtained koff by fitting a mono-exponential to double-referenced dissociation curves.

bivalent spr for rbd antibodies A BIAcore T200 instrument (GE Healthcare Life
Sciences) at 37

◦C and and a flow rate of 100 µl/min. The running buffer was HBS-EP.
Monovalent Streptavidin-SpyCatcher was coupled to CM5 sensor chips using an amino coupling
kit (GE Healthcare Life Sciences) to near saturation, typically around 7000 - 8000 RU. Antigens,
either biotinylated (RBD) or containing a SpyTag (CD19), were injected into the experimental
flow cells (FCs) for different lengths of time to produce desired immobilisation levels (typically
20 - 70 RU). The concentration of immobilised antigen was calculated using an empirical factor
to convert the immobilisation level to a molar concentration. We used the formula: molar
conc. = immobilisation level / (conversion factor × molecular weight). The conversion factor
was previously determined to be 149 RU per g/liter [337]. Usually, FC1 was kept blank as a
reference for FC2, FC3, and FC4. Excess streptavidin was blocked with two 40 s injections of
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250 µM biotin (Avidity). Before antibody injections, the chip surface was conditioned with 2

injections of the running buffer. A dilution series of antibodies was injected simultaneously
in all FCs, starting with the lowest concentration. Antibodies were injected for 150s followed
by a buffer injection of 450s at a flow rate of 100 µl/min. After each cycle, the chip surface
is regenerated with 3M MgCl (Cytiva) for 90 s at 30 µl/min to remove all remaining bound
antibodies. A buffer injection was included after every 2 or 3 antibody injections; all binding
data were double-referenced by subtracting the response of the control flow cell and the closest
buffer injection. Before running the high-throughput SPR experiment, we conducted an initial
screen to determine whether the surface could be regenerated after each antibody injection.
For this, each antibody was injected at a concentration of 50 nM with an association phase of
150 sec followed by a dissociation phase of 475 sec before injecting 3M MgCl (Cytiva) for 90

sec at a flow rate of 30 µl/min followed by a buffer injection. For the high-throughput SPR
experiments, up to 32 antibodies at 3 concentrations (typically between 30 and 100 nM) each
were injected in sequence over the SPR chip surface. Buffer was injected after every third cycle.

8.2.5 Functional T cell experiments

mice OT-I mice (JAX stock no.: 003831) were purchased from Jackson Laboratory and
CD45.1 mice from Charles River. Mice were bred and maintained in the University of Oxford
specific pathogen-free (SPF) animal facilities. Mice were routinely screened for the absence of
pathogens and were kept in individually ventilated cages with environmental enrichment at
20–24

◦C, 45–65% humidity with a 12 h light/dark cycle (7am–7pm) with half an hour dawn
and dusk period. Mice were euthanized by CO2 asphyxiation followed by cervical dissociation.
Breeding was conducted in agreement with the United Kingdom Animal Scientific Procedures
Act of 1986 and performed under approved experimental procedures by the Home Office
and the Local Ethics Reviews Committee (University of Oxford) under UK project licenses
P4BEAEBB5 and PP3609558.

t cell activation assay OT-I T-cells were isolated from lymph nodes and spleen of 6-12

week old OT-I mice. Selection was carried out with a MojoSortTM CD8+ T-cell negative isolation
kit and magnets (Biolegend, #480008 and #480019). Isolated OT-I T-cells were resuspended
in complete RPMI (RPMI 1640 [Gibco, #21870-076] supplemented with 2% FCS and 100x
Penicillin-Streptomycin [Gibco, #10378-016]). Naive OT-I T-cells (50,000) were seeded in 96-well
U-bottom together with splenocytes (100,000) from CD45.1 mice loaded with the indicated dose
of the following peptides: N4 (SIINFEKL), A2 (SAINFEKL), Q4 (SIIQFEKL), T4 (SIITFEKL), Q7

(SIINFEQL), Q4H7 (SIIQFEHL), G4 (SIIGFEKL), E1 (EIINFEKL). Cells were harvested after 24

hours.

flow cytometry Single-cell suspensions obtained from spleen or cultured CD8+ T-cells
were stained in V-bottom 96-well plates in flow cytometry buffer (2% FCS, 2 mM EDTA, and
0.02% sodium azide in 1x PBS). Live dead staining and surface staining was performed using
Zombie NIR Fixable Viability Kit (Biolegend, #423106/423105), TruStain FcXTM (anti-mouse
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CD16/32, Biolegend, #101319) and fluorochrome-conjugated the primary antibodies against
CD45.1 (Biolegend, clone: A20), CD8 (Biolegend, clone: 53-6.7), CD69 (Biolegend, clone:
H1.2F3), and CD44 (Biolegend, clone: IM7). Cells were fixed using 4% PFA for 30 minutes at
4
◦C. Flow cytometry data were recorded on BD LSRII or FortessaX20 using BDFACSDiva (v8.0)

software and analyzed using FlowJoTM software (v10.4.2, Tree Star).

data analysis All data fitting and statistical analysis were carried out in GraphPad Prism
10. EC50 values were obtained by fitting the dose-response data with a 4-parameter sigmoidal
model on a linear scale using the following equation:

R(x) = R0 + (xn) ∗ (Rmax − R0)/(xn + ECn
50) , (8.1)

where x is the peptide concentration used to pulse the target cells (in µM), R0 and Rmax refer to
the response at x = 0 and maximum response, respectively, and n denotes the Hill coefficient.
The EC50 values were used as peptide potency.

The log-transformed potency over affinity data was fit to the kinetic proofreading model
using the following equation [246]:

Y = A + Nlog10(1 + (kon10X)/kp) , (8.2)

where Y is the log-transformed potency, X is the log-transformed affinity KD, kon is the on-rate,
kp is the proofreading rate, N is the number of proofreading steps, and A is the maximum
potency (y-intercept). Given that on-rates produce only modest variation between pMHCs, kon

was fixed to the value measured for the OT-I/N4 interaction (0.13 µM−1s−1).

8.2.6 SARS-CoV-2 neutralisation assay

Neutralisation potency for anti-RBD antibodies against SARS-CoV-2 was measured by collabo-
rators as previously described [286,336].

8.2.7 Data analysis for bivalent SPR

data fitting workflow The Particle-based model was developed by collaborators and
the model and fitting process was described in detail previously [336].

In this section we explain the detailed workflow for analysis of the high-throughput bivalent
SPR experiments.

After double referencing the SPR curves for each antibody concentration, we aligned them
to the start of the dissociation phase (setting it to ts = 150s) to improve curve alignment. To
eliminate artefacts arising from the start and end of the association phase (generally large
spikes in RU arising from needle motion), the first 5 seconds of the association phase, the
last 4 seconds of the association phase, and the first 5 seconds of the dissociation phase were
excluded from the data. We also excluded all SPR curves where the maximum response
across the entire injection was smaller than 6 RU because this minimal binding is within the
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systematic error for SPR experiments (typically 1 RU per 100 seconds of injection or 6 RU for
our 600-second experiments). Finally, to produce more manageable file sizes we reduced the
temporal resolution from 10 Hz to 1 Hz and this did not impact our results because the kinetics
of the SPR traces were much slower than 1 Hz.

We then fitted the processed data for each antibody using the bivalent Particle-based model
(see Particle-model data fitting section). The antigen and antibody concentrations for each SPR
curve were provided as input parameters for the fitting process. The surrogate model used
in fitting contained the following parameter ranges: log10(kon) ∈ [−5.0, 2.0] with M1 = 42,
log10(koff) ∈ [−4.0, 0.0] with M2 = 40, log10(kon,b) ∈ [−3.0, 1.5] with M3 = 30, and reach
∈ [2, 35] with M4 = 30. During the fitting of the surrogate to SPR data, a box constraint that
log10(Cp) ∈ [1.0, 4.0] was used. The fitting process was repeated 100 times, and the parameters
yielding the lowest fitness were recorded. The estimated bivalent model parameters from
the fitting process were converted into the corresponding biophysical parameters using the
experimental antigen concentration. In addition, the bivalent SPR curves were fit with an
ODE-based monovalent model.

Finally, a quality control procedure was introduced to ensure the accuracy of the bivalent
binding parameters. First, we checked that the antigen surface could be regenerated after each
antibody injection (7 out of 80 antibodies did not unbind after regeneration). Second, we only
included data where the particle model produces a close fit to the data (12 out of 80 antibodies
could not be fit). Third, we only included data where the particle model produced a fit that
was better than the ODE-based monovalent model. We reasoned that SPR data that could
accurately be fit by the ODE-based monovalent model did not contain information that could
accurately determine bivalent binding (bivalent binding parameters of 16 out of 80 antibodies
could not be determined).

Bivalent SPR data that passed all quality control measures for each antibody were averaged
across SPR experiments. We report the geometric mean for parameters that varied on a
logarithmic range in the model (kon, koff, KD, kon,b) and the mean for the molecular reach that
varied on a linear range in the model.

multiple linear regression We fit a one-way multiple linear model in Prism (v 9.5.1)
with the following formula:

y = β0 + β1x1 + ... + βnxn

where y is the predicted neutralisation IC50 for each antibody, β0 is the y-intercept to fit,
(x1, . . . , xn) are the values for log10(kon), log10(koff), log10(KD), log10(kon,b), reach, and the
blocking epitope distance respectively, and (β1, . . . , βn) are the corresponding regression
coefficients for each variable. Models contain either all variables or a subset. A Least Squares
regression type was used and models were compared using an Extra-Sum-of-Squares F test.
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Table A.1: Overview of discrimination powers for TCRs. Each row is associated with an experimental
ID that is linked to detailed information on how the data was extracted (see Supplementary Information
text) and the potency plots (Fig. SA.1,SA.2,SA.3,SA.4).

Receptor and Ligand Potency Assay References Fitting Result
ID TCR Peptide Species Assay Coreceptor Output Ref SPR measurement Ref Potency measurement Power Std Error R squared P-value signf n

1 OT-I OVA (257-264) Mouse Cellular Yes Lysis Alam 1996
[112] Hogquist 1995

[127]
12. Perfect line 1.0 ns 2

2 OT-I OVA (257-264) Mouse Cellular Yes Lysis Alam 1999
[128] Hogquist 1995

[127]
10. 2.4 0.95 0.14 ns 3

3 OT-I OVA (257-264) Mouse Plate Yes CD69 Rosette 2001
[238] Rosette 2001

[238]
18.13 Perfect line 1.0 ns 2

4 OT-I OVA (257-264) Mouse Cellular Yes pERK Alam 1999
[128] Altan-Bonnet 2005

[96] >5.1 1.9 0.88 0.23 ns 1(3)
5 OT-I OVA (257-264) Mouse Cellular Yes CD69 Stepanek 2014

[240] Daniels 2006
[114]

2.1 0.33 0.93 0.0084 sig 5

6 OT-I OVA (257-264) Mouse Cellular Yes IFNγ Stepanek 2014
[240] Zehn 2009

[114]
2.0 Perfect line 1 ns 2

7 OT-I OVA (257-264) Mouse Cellular Yes CD69 Stepanek 2014
[240] Lo 2019

[243]
1.1 0.27 0.89 0.055 ns 4

8 OT-I OVA (257-264) Mouse Cellular No CD69 Stepanek 2014
[240] Lo 2019

[243]
0.37 0.12 0.84 0.084 ns 4

9 OT-I OVA (257-264) Mouse Cellular Yes CD69 Stepanek 2014
[240] Lo 2019

[243] (G131D) 1.1 0.12 0.98 0.010 sig 4

10 OT-I OVA (257-264) Mouse Cellular No CD69 Stepanek 2014
[240] Lo 2019

[243] (G131D) 1.4 0.19 0.96 0.020 sig 4

11 3.L2 Hb (64-76) Mouse Cellular Yes Lysis Kersh 1998
[338] (koff) Kersh 1996

[129]
6.8 0.61 0.98 0.008 sig 4

12 3.L2 Hb (64-76) Mouse Cellular Yes Lysis Persaud 2010
[339] Persaud 2010

[339]
0.37 0.37 0.25 0.39 ns 5

13 3.L2 Hb (64-76) Mouse Cellular Yes Lysis Hong 2015
[241] Kersh 1996

[129]
3.2 0.37 0.97 0.013 sig 4

14 2B4 MCC (88-103) Mouse Cellular Yes IL-2 Lyons 1996
[131] Lyons 1996

[131]
6.7 Perfect line 1 ns 2

15 2B4 MCC (88-103) Mouse Cellular Yes IL-2 Krogsgaard 2003
[340] Lyons 1996

[131]
2.19 Perfect line 1 ns 2

16 2B4 MCC (88-103) Mouse Plate Yes IL-2 Krogsgaard 2003
[340] Krogsgaard 2003

[340]
1.2 0.41 0.65 0.030 sig 7

17 2B4 MCC (88-103) Mouse Cellular Yes IL-2 Wu 2002
[242] Lyons 1996

[131]
2.8 Perfect line 1 ns

18 2B4 MCC (88-103) Mouse Cellular Yes IL-2 Newell 2011
[341] Newell 2011

[341]
2.3 0.30 0.97 0.017 sig 4

19 2B4 MCC (88-103) Mouse Cellular Yes IL-2 Birnbaum 2014
[136] Birnbaum 2014

[136]
0.95 0.24 0.84 0.029 sig 5

20 5cc7 MCC (88-103) Mouse Cellular Yes IL-2 Birnbaum 2014
[136] Birnbaum 2014

[136]
0.74 0.99 0.16 0.51 ns 5

21 P14 gp33 (33–41) Mouse Plate Yes IFNγ Tian 2007
[342] Tian 2007

[342]
1.3 0.29 0.67 0.0011 sig 12

22 P14 gp33 (33–41) Mouse Cellular Yes Lysis Tian 2007
[342] Tian 2007

[342]
2.1 0.87 0.49 0.054 ns 12

23 B3K506 3K Mouse Cellular Yes Proliferation Govern 2010
[343] Govern 2010

[343]
2.9 0.32 0.92 <0.0001 sig 9

24 B3K506 3K Mouse Cellular Yes TNFα Govern 2010
[343] Govern 2010

[343]
2.4 0.22 0.95 <0.0001 sig 8

25 B3K508 3K Mouse Cellular Yes Proliferation Govern 2010
[343] Govern 2010

[343]
2.9 0.17 1.0 0.036 sig 3

26 B3K508 3K Mouse Cellular Yes TNFα Govern 2010
[343] Govern 2010

[343]
2.5 0.14 1.0 0.037 sig 3

27 2C SIYR Mouse Plate No IL-2 Chervin 2009
[344] Chervin 2009

[344]
0.12 0.19 0.17 0.59 ns 4

28 2C SIYR Mouse Cellular No IL-2 Chervin 2009
[344] Chervin 2009

[344] Too few points ns 0

29 2C SIYR Mouse Cellular Yes IL-2 Chervin 2009
[344] Chervin 2009

[344]
0.66 1.7 0.069 0.74 ns 4

30 2C QL9 Mouse Cellular Yes IL-2 Bowerman 2009
[345] Bowerman 2009

[345]
2.7 1.3 0.82 0.28 ns 2

31 2C QL9 and SIYR Mouse Cellular Yes IL-2 Jones 2008
[346] Jones 2008

[346]
4.7 1.4 0.92 0.18 ns 3

32 2C QL9 and SIYR Mouse Cellular No IL-2 Jones 2008
[346] Jones 2008

[346]
6.5 Perfect line 1 ns 2

33 42F3 QL9 Mouse Cellular Yes IL-2 Adams 2016
[347] Adams 2016

[347]
0.15 0.65 0.010 0.83 ns 8

34 AH1 specific AH1 (gp70 423–431) Mouse Cellular Yes IFNγ McMahan 2006
[348] McMahan 2006

[348]
5.1 1.2 0.79 0.0072 sig 7

35 1G4 NY-ESO-1 (157-165) Human Cellular Yes Lysis Irving 2012
[334] Irving 2012

[334]
0.67 0.043 0.99 0.0041 sig 4

36 1G4 NY-ESO-1 (157-165) Human Cellular Yes Lysis Schmid 2010
[349] Schmid 2010

[349]
0.69 0.20 0.75 0.026 sig 7

37 1G4 NY-ESO-1 (157-165) Human Plate Yes IFNγ Aleksic 2010
[149] Aleksic 2010

[149]
0.60 0.12 0.63 0.0001 sig 17

38 1G4 NY-ESO-1 (157-165) Human Cellular Yes Lysis Aleksic 2010
[149] Aleksic 2010

[149]
1.6 0.21 0.89 0.0001 sig 9

39 1G4 NY-ESO-1 (157-165) Human Plate Yes IFNγ Dushek 2011
[350] Dushek 2011

[350]
0.55 0.17 0.63 0.019 sig 8

40 G10 gag p17 Human Plate Yes IFNγ Dushek 2011
[350] Dushek 2011

[350]
0.95 0.16 0.79 0.0003 sig 9

41 1E6 INS Human Cellular Yes Lysis Cole 2016
[265] (25°C) Cole 2016

[265]
1.1 0.85 0.62 0.037 sig 7

42 1E6 INS Human Cellular Yes Lysis Cole 2016
[265] (37°C) Cole 2016

[265]
1.2 0.29 0.85 0.026 sig 5

43 A6 Tax (11-19) Human Cellular Yes CD107 Thomas 2011
[351] Thomas 2011

[351]
2.0 0.38 0.97 0.12 ns 3

44 A6 Tax (11-19) Human Cellular Yes IFNγ Thomas 2011
[351] Thomas 2011

[351]
2.2 0.42 0.97 0.12 ns 2

45 gp209 TCR gp100 (209–217) Human Cellular Yes IFNγ Zhong 2013
[352] Zhong 2013

[352]
1.3 0.54 0.74 0.14 ns 6

46 gp209 TCR gp100 (209–217) Human Cellular Yes ppERK Zhong 2013
[352] Zhong 2013

[352]
1.2 0.84 0.41 0.25 ns 6

47 gp100 TCR gp100 (280–288) Human Cellular Yes Lysis Bianchi 2016
[353] Bianchi 2016

[353]
2.3 0.73 0.71 0.036 sig 6

48 gp100 TCR gp100 (280–288) Human Cellular Yes MIP-1β Bianchi 2016
[353] Bianchi 2016

[353]
3.6 0.54 0.92 0.0026 sig 6

49 14.3.d SEC3 Human Plate No NFAT Andersen 2001
[354] Andersen 2001

[355]
0.81 0.22 0.93 0.17 ns 3

50 14.3.d F23.1 Human Plate No NFAT Andersen 2001
[354] Andersen 2001

[355]
0.66 0.83 0.24 0.51 ns 4

51 TCR55 HIV Pol(448-456) Human Cellular Yes CD69 Sibener 2018
[155] Sibener 2018

[155]
0.19 0.22 0.10 0.41 ns 9

52 ILA1 ILA Human Cellular Yes Degranulation Laugel 2007
[244] Laugel 2007

[244]
1.0 0.38 0.70 0.076 ns 4

53 ILA1 ILA Human Cellular No Degranulation Laugel 2007
[244] Laugel 2007

[244]
0.19 1.2 0.025 0.90 ns 4

54 ILA1 ILA Human Cellular Yes CD107a Laugel 2007
[244] Laugel 2007

[244]
2.2 0.30 0.96 0.018 sig 4

55 ILA1 ILA Human Cellular No CD107a Laugel 2007
[244] Laugel 2007

[244]
3.6 0.27 0.99 0.0055 sig 4

56 ILA1 ILA Human Cellular Yes IFNγ Laugel 2007
[244] Laugel 2007

[244]
2.2 0.39 0.94 0.03 sig 4

57 ILA1 ILA Human Cellular No IFNγ Laugel 2007
[244] Laugel 2007

[244]
3.2 0.41 0.97 0.015 sig 4

58 ILA1 ILA Human Cellular Yes MIP-1β Tan 2015
[356] Tan 2015

[356]
1.4 0.54 0.76 0.13 ns 5

59 ILA1 ILA Human Cellular Yes IFNγ Tan 2015
[356] Tan 2015

[356]
0.77 0.057 0.99 0.0054 sig 5

60 ILA1 ILA Human Cellular Yes TNFα Tan 2015
[356] Tan 2015

[356]
0.97 0.24 0.89 0.054 ns 5

61 ILA1 ILA Human Cellular Yes IL-2 Tan 2015
[356] Tan 2015

[356]
1.1 0.084 0.99 0.0058 sig 5

62 KFJ NY-ESO-1 (60-72) Human Cellular Yes TNFα Chan 2018
[357] Chan 2018

[357] -0.59 0.99 0.15 0.61 ns 4

63 Gliadin TCR Gliadin Human Cellular Yes Proliferation Broughton 2012
[358] Broughton 2012

[358]
0.83 0.027 1.0 0.021 sig 4

64 LC13 FLR Human Cellular Yes CD69 Burrows 2010
[245] Burrows 2010

[245]
1.9 0.16 0.99 0.0075 sig 5

65 LC13 FLR Human Cellular No CD69 Burrows 2010
[245] Burrows 2010

[245]
7.8 0.040 1 0.0033 sig 3

66 LC13 FLR Human Cellular Yes Lysis Burrows 2010
[245] Burrows 2010

[245]
4.1 2.1 0.80 0.30 ns 3

67 SB27 LPEP Human Cellular Yes Lysis Burrows 2010
[245] Burrows 2010

[245]
0.11 0.19 0.10 0.60 ns 5

68 gag TCR Gag293 (HIV) Human Cellular Yes CD69 Benati 2016
[359] Benati 2016

[359]
1.0 0.29 0.72 0.016 sig 7

69 MEL5 MART-1 (27-35) Human Cellular Yes MIP-1β Ekeruche-Makinde 2012
[360] Ekeruche-Makinde 2012

[360]
2.3 0.42 0.81 0.001 sig 6

70 MEL5 MART-1 (27-35) Human Cellular Yes MIP-1β Madura 2019
[361] Madura 2019

[361]
4.5 2.6 0.51 0.18 ns 6
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Table A.2: Overview of discrimination powers for non-TCR receptors. Each row is associated with an
experimental ID that is linked to detailed information on how the data was extracted (see Supplementary
Information text) and the potency plots (Fig. SA.5,SA.6).

Family Receptor Output Ref Affinity measurement Ref Potency measurement Power Std Error R squared P value sig. n

1 Cytokine IL-2Rβ pSTAT5 (NK cells) Levin 2012
[249] Levin 2012

[249]
0.55 0.031 0.99 0.0032 sig 4

2 Cytokine IL-2Rβ %pSTAT5 (T cells) Levin 2012
[249] Levin 2012

[249]
0.74 0.047 0.99 0.0039 sig 4

3 Cytokine IL-13Rα1 pSTAT6 Moraga 2015
[250] Moraga 2015

[250]
0.47 0.065 0.80 <0.0001 sig 9

4 Cytokine IL-13Rα2 Proliferation Moraga 2015
[250] Moraga 2015

[250]
0.39 0.24 0.27 0.15 ns 9

5 Cytokine IL-13Rα2 CD86 Moraga 2015
[250] Moraga 2015

[250]
0.44 0.085 0.90 0.0139 sig 5

6 Cytokine IL-13Rα1 CD205 Moraga 2015
[250] Moraga 2015

[250]
0.42 0.048 0.96 0.0031 sig 9

7 Cytokine IFNAR1/IFNAR2 antiviral Thomas 2011
[251] Thomas 2011

[251]
0.71 0.11 0.79 <0.0001 sig 13

8 Cytokine IFNAR1/IFNAR2 antiproliferation Thomas 2011
[251] Thomas 2011

[251]
1.3 0.11 0.93 <0.0001 sig 13

9 Cytokine IFN-γ R1-IL-10Rβ pSTAT1 Mendoza 2017
[252] Mendoza 2017

[252]
0.024 0.046 0.030 0.61 ns 11

10 Cytokine IFN-γ R1-IL-10Rβ antiviral Mendoza 2017
[252] Mendoza 2017

[252]
0.034 0.063 0.032 0.60 ns 11

11 Cytokine IFN-γ R1-IL-10Rβ antiproliferation Mendoza 2017
[252] Mendoza 2017

[252]
0.50 0.14 0.60 0.0054 sig 11

12 Cytokine gp130 (and IL6Rα ) pSTAT1 Martinez-Fabregas 2019
[253] Martinez-Fabregas 2019

[253]
0.54 0.24 0.84 0.26 ns 3

13 Cytokine gp130 (and IL6Rα ) pSTAT3 Martinez-Fabregas 2019
[253] Martinez-Fabregas 2019

[253]
0.52 0.32 0.57 0.24 ns 4

14 RTK EGFR growth rate Reddy 1996
[255] Reddy 1996

[255]
0.55 0.10 0.97 0.12 ns 3

15 RTK c-Kit pERK Ho 2017
[254] Ho 2017

[254]
0.83 0.14 0.95 0.028 sig 4

16 RTK c-Kit pAKT Ho 2017
[254] Ho 2017

[254]
0.88 0.14 0.96 0.023 sig 4

17 GPCR A2A receptor whole cell Guo 2012
[257] Guo 2012

[257]
0.29 0.20 0.22 0.19 ns 10

18 GPCR A2A receptor cAMP Guo 2012
[257] Guo 2012

[257]
0.71 0.29 0.42 0.041 sig 10

19 GPCR M3 muscarinic receptor Calcium Sykes 2009
[256] Sykes 2009

[256]
0.77 0.53 0.29 0.21 ns 7

20 GPCR M3 muscarinic receptor GTPγS Binding Sykes 2009
[256] Sykes 2009

[256]
0.55 0.18 0.65 0.029 sig 7

21 GPCR CXCR4 Voltage Guyon 2013
[258] Guyon 2013

[258]
0.57 0.40 0.40 0.25 ns 5

22 GPCR CXCR3 Calcium mobilization Heise 2005
[259] Heise 2005

[259]
0.73 0.033 1.0 0.029 sig 3

23 GPCR CXCR3 GTPγS Binding Heise 2005
[259] Heise 2005

[259]
1.1 0.0039 1 0.0024 sig 3

24 GPCR CXCR3 Migrated Cells Heise 2005
[259] Heise 2005

[259]
0.56 Perfect line 1 ns 2

25 CAR C6.5 (scFc against ErbB2) INFγ Chmielewski 2004
[260] Chmielewski 2004

[260]
0.52 0.028 0.99 0.0003 sig 5

26 CAR ErB2 CD107 Liu 2015
[261] Liu 2015

[261]
1.1 0.14 0.97 0.017 sig 4

27 CAR ErB2 Proliferation Liu 2015
[261] Liu 2015

[261]
0.64 0.18 0.87 0.068 ns 4

28 CAR DNA-CAR pERK Taylor 2017
[78] Taylor 2017

[78]
1.2 0.17 0.96 0.019 sig 4

29 BCR D1.3 IL2 Batista 1998
[262] Batista 1998

[262]
1.4 0.18 0.94 0.0014 sig

30 BCR HyHEL10 IL2 Batista 1998
[262]

6 Batista 1998
[262]

1.3 0.12 0.98 0.0088 sig 4
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Supplementary Figures
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Figure A.1: Potency over KD data for the original mouse TCRs with original and revised KD
values The fitted discrimination power (α), coefficient of determination (R2), and p-value for the null
hypothesis of a horizontal line (P-value) are indicated. Each panel is linked by an ID to a paragraph
in the supplementary information.
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Figure A.2: Potency over KD data for other mouse TCRs The fitted discrimination power (α),
coefficient of determination (R2), and p-value for the null hypothesis of a horizontal line (P-value) are
indicated. Each panel is linked by an ID to a paragraph in the supplementary information.
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Figure A.3: Potency over KD data for other human TCRs The fitted discrimination power (α),
coefficient of determination (R2), and p-value for the null hypothesis of a horizontal line (P-value) are
indicated. Each panel is linked by an ID to a paragraph in the supplementary information.
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Figure A.4: Potency over KD data for other human TCRs The fitted discrimination power (α),
coefficient of determination (R2), and p-value for the null hypothesis of a horizontal line (P-value) are
indicated. Each panel is linked by an ID to a paragraph in the supplementary information.
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Figure A.5: Potency over KD data for other (non-TCR) receptors The fitted discrimination power (α),
coefficient of determination (R2), and p-value for the null hypothesis of a horizontal line (P-value) are
indicated. Each panel is linked by an ID to a paragraph in the supplementary information.
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Figure A.6: Potency over KD data for other (non-TCR) receptors The fitted discrimination power (α),
coefficient of determination (R2), and p-value for the null hypothesis of a horizontal line (P-value) are
indicated. Each panel is linked by an ID to a paragraph in the supplementary information.
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Supplementary Text

Studies included in the analysis

We provide information on each potency plot we generated in the sections that follow, including
the location of the potency and KD data within each study. References to Figures and Tables
are to those in the cited manuscript not to those in the present study. We provide the value of
α produced and additional information, including R2 and p-values are provided in Table A.1
and A.2.

Original mouse TCR data

OT-I

id 1
[112] Experiments were performed with the murine transgenic TCR OT-I that binds to a

peptide from ovalbumin (OVA) presented on H2Kb. Affinity was measured by SPR at 25°C.
Affinity values were taken from Table 1 and Figure 3f. For the power analysis, we used KD

values estimated from the binding kinetics (kinetic KD values). Potency measures for the OVA
peptide and peptide variants were previously measured by Hogquist et al [127]. OT-I T cell
responses to OVA and single amino acid peptide variants (A2 and E1) were measured in a cell
lysis assay. For the power analysis, we extracted the potency of the peptides by reading the P10

(peptide concentration producing 10% specific lysis) from the dose-response curve in Figure 2.
We excluded peptides that did not result in any response. We were able to include two data
points with potency and affinity values for the power analysis producing α = 12 (ID 1).

id 2
[128] The OT-I TCR binding to the peptides derived from OVA were used with affinity

and kinetics measured by SPR at 6, 25 and 37°C. Unusual biphasic binding was observed at
37°C for some peptides with two kon and two koff values reported based on a slow first and
fast second step binding. Affinity values were provided in Table 1. To avoid picking the fast or
slow phase parameters, we used the monophasic affinity data measured at 25°C for the power
analysis. Potency data was taken from Hogquist et al [127]. Three data points were included in
the analysis producing α = 10 (ID 2).

id 3
[238] OT-I TCR affinity and functional activity was measured when binding its wild

type ligand OVA or single amino acid variants (G4). Affinity values of TCR-pMHC interaction,
measured by SPR at 25 and 37°C, were provided in Table 1. Similar to Alam et al. [128], TCR
binding to MHC loaded with OVA showed biphasic binding at 37°C. As before, we used the
data measured at 25 °C for the power analysis. Functional data was generated with T cells
isolated from OT-I transgenic mice. T cells were then stimulated with peptide-MHC complexes
immobilised on plates. We read off potency data from dose response curves in Figure 1. Only
two data points were available for calculating the discrimination power α producing α = 18
(ID 3)



appendix 165

id 4
[96] In this study, the OT-I T cell response when stimulated with OVA and was de-

termined by phosphorylation of the kinase ERK in the MAPK pathway. Responses to OVA
peptide as well as two peptide variants were studied. Potency values were extracted as P10

from dose response curves in Figure 1C. Only the OVA peptide could activate T cells above
background. Potency for unresponsive peptides was set to the highest concentration used in
assay. Therefore, the discrimination power α calculated with these data points gives a lower
bound on the actual value for α. Using the affinity data from Alam et al [128] produced α > 5.1
(ID 4).

3.L2

id 11
[338] This paper contains affinity and kinetic data for 3.L2 TCR which recognises

murine haemoglobin (Hb 64-76) measured by SPR at 25 °C. We used koff values for the power
analysis as KD values did not correlate (see main text). The D73 peptide was excluded from
power analysis because this mutation impacted peptide loading to MHC. Potency data for this
TCR was taken from Kersh et al [129]. In the functional experiments, 3.L2 T cell hybridoma cells
were incubated with antigen presenting cells pulsed with peptides. Activation was measured
by lysis of target cells. P40 values (ligand concentration at 40% lysis) of T cell response were
given in Figure 4, the corresponding dose response curve was shown in Figure 5. Four data
points were included in the analysis and produced α = 6.8 (ID 11).

2B4

id 14
[131] The 2B4 TCR used in this study recognises a moth cytochrome c (MCC) peptide

bound to MHC class II molecule I-Ek. Table 2 provides KD values using SPR at 25°C. The
potency of the peptides was determined with T cell hybridomas, stimulated by peptide-pulsed
APCs, with activation determined by IL-2 production. For the power analysis we extracted the
P10 from the dose response curve in Figure 1A. Two data points were available for the power
analysis producing an α = 6.7 (ID 14).
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Revised data for the original mouse TCRs

OT-I

id 5
[114 ,240] Revised affinity data for OT-I TCR was published by Stepanek et al [240]. The

KD values were taken from the Table in Figure S1D. Potency data for the same set of peptide
variants was measured by Daniels et al [114]. Functional experiments were done with pre-
selection OT-I double-positive thymocytes. T cell activation was measured by expression of
CD69 after incubation with peptide-pulsed antigen presenting cells. EC50 values, corrected for
small differences in peptide affinity for MHC and normalised to OVA, were given in Figure 1a.
Together, these papers provide 5 data points producing α = 2.1 (ID 5).

id 6
[240 ,278] Zehn et al [278] provided additional functional data for OT-I TCR. Potency data

is measured by intracellular IFNγ production by OT-I T cells stimulated with peptide pulsed
antigen presenting cell. The EC50 values, given in table in Supplementary Figure 2C, were
normalised to OVA. To calculate the discrimination power, we used KD values from Stepanek
et al [240]. The two data points available produced a power of α = 2.0 (ID 6).

id 7 - 10
[240 ,243] Lo et al. [243] generated additional functional data for the OT-I TCR. The

functional response of CD8
+ or CD8

− Jurkat cells expressing the OT-I TCR after stimulation
with peptide-pulsed antigen-presenting cells was measured by CD69 upregulation. The EC50

values were provided in Supplementary Figure 7C. KD values were previously measured
by Stepanek et al [240]. The study included affinity and potency data for when one of the
phosphorylation sites of LAT was mutated. The calculated discrimination power was the same
(α = 1.1 for both wild-type LAT (ID 7) and mutated LAT (ID 9) unless CD8 was not present, in
which case α= 0.37 (ID 8) or α = 1.4 (ID 10) using Jurkats expressing wild-type or mutated LAT,
respectively.

3.L2

id 12
[339] In this study, the 3.L2 TCR as well as the M15 TCR, a high-affinity TCR engineered

from the 3.L2 TCR system, were used, both TCRs bind to murine haemoglobin (Hb 64-76).
Table 1 provides KD values using SPR at 25°C. Functional data was generated by incubating
T hybridoma cells with peptide-pulsed APCs and measuring IL-2 production. We extracted
potency values from dose-response curves in Figure 1b and c. Potency values from both TCR
systems produce α = 0.37 (ID 12).

id 13
[241] This paper contains binding and potency data for the 3.L2 TCR interacting with

the WT haemoglobin peptide and a panel of altered peptide ligands. Table 2 provides KD values
using SPR at 25°C. The paper does not contain new potency measurements and therefore, we
used potency values measured by Kersh and Allen [129] for the power analysis. This dataset
produces α = 3.2 (ID 13).
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2B4

id 17
[242] This paper contains affinity data for 2B4 TCR binding to its cognate MCC antigen

and a set of variant peptides. Table 1 contains KD values determined by SPR at 25°C. To
compare with the original discrimination power, we used the original potency data [131] to
produce α = 2.8 (ID 17).

id 15 - 16
[340] Revised data for 2B4 TCR is provided by Krogsgaard [340]. Table 1 provides

KD values measured by SPR at 25°C. For potency measurement, T cells from transgenic 2B4

mice were incubated peptide MHC molecules immobilised on plates, activation was measured
by IL-2 production (EC50 values were given in Table 1). All ligands were included in the
analysis, including those initially labelled as outliers in the publication. The resulting α is 1.2
(ID 16). We also calculated α with affinity data from this study and potency data from Lyons et
al [131] (α = 2.2, ID 15).

id 18
[341] Newell et al. [341] studied the 2B4 and the 226 TCRs that bind to MCC. The KD

values were measured by SPR at 25°C and provided in Figure 5D (2B4) and 6B (266). T-cell
hybridomas were incubated with peptide-pulsed cells and T-cell activation was measured by
IL-2 production. P10 (concentration at 10% maximal IL-2 produced by wild-type 2B4) values
given in Figure 5C (2B4) and 6 (266). Data for 2B4 produces α = 2.3 (ID 18). The 266 TCR was
not included in the analysis, because not enough data points were available.

id 19- 20
[362] The affinity and potency of the 2B4 and the related 5cc7 TCR, which both

interact with MCC, were reported. As before, SPR was used to report KD values. Functional
assays were done with blasted transgenic T cell incubated with peptide pulsed cells. To
determine potency, IL-2 production was measured. We extracted both KD values and EC50

values from Figure 4C. Data for 2B4 produced α = 0.95 (ID 19) and for 5cc7 produced α = 0.74

(ID 20).

Other mouse TCRs

P14

id 21 - 22
[342] The mouse P14 TCR that recognises a set of altered peptides from the

lymphocytic choriomeningitis virus epitope gp33–41 on murine class I MHC Db. All binding
parameters were measured by SPR at 25°C. In functional assays, T cell cytotoxicity, and IFN-γ
production of blasted splenocytes from P14 TCR transgenic mice was measured when binding
peptide-MHC. Cytotoxicity was measured in a cellular assay, IFNγ production in a plate assay.
The EC50 is used as potency measurement. All affinity and potency data were provided in
Table 2. The α value for this TCR system is 2.1 for cytotoxicity assay (ID 21) and 1.3 for IFNγ

assay (ID 22).
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B3K506 and B3K508

id 23 - 26
[343] The MHC-II restricted B3K506 and B3K508 TCRs that recognise the 3K

peptide were studied. The KD values were measured by SPR at 25°C. T cell response was
measured by T cell proliferation and cytokine production after stimulation with peptide-pulsed
APCs. All KD and EC50 values were given in Table S1. The B3K506 system produced α = 2.9
(ID 23) and α = 2.4 (ID 24) and the B3K508 system produced α = 2.9 (ID 25) and α = 2.5 (ID 26)
for proliferation and TNFα production, respectively.

2C

id 27 - 29
[344] A panel of TCRs, derived from the murine 2C TCR, that differed in their

affinity to the SIYR peptide presented on H-2Kb were used. The KD values were measured by
SPR at 25°C and provided in Table 1. Functional experiments were done with T cell hybridomas
with or without CD8 expression. T cells were either incubated with peptides immobilised on
plates or with antigen presenting cells pulsed with peptides. For cellular experiments EC50

values are given in Figure 3B and D (with and without CD8 respectively), for plate assays
in Figure 4B (only CD8 negative data). Most of the ligands have a KD < 1 µM, hence the
data points were excluded from the analysis (see inclusion/exclusion criteria in Methods) and
therefore, only few data points remained for the power analysis. CD8 negative T cell expressing
TCRs stimulated in a plate assay produced α = 0.12 (ID 27), however in the cellular assay TCRs
binding to the antigen with a KD > 1 were not activated in CD8 negative T cells (no data points
to calculate α) (ID 28). TCRs in CD8 positive T cells stimulated in the cellular assay produce
α = 0.66 (ID 29).

id 30
[345] The 2C high affinity TCR and variants thereof binding to the QL9 and the altered

QL9 peptide F5R were studied. The KD values were measured by SPR at 25°C. Functional
data was generated with T cell hybridomas stimulated by peptide-pulsed APCs with T cell
activation assessed by IL-2 production. KD and EC50 values were taken from Table 1. KD values
below 1µM were excluded from our power analysis. This data produces α = 2.7 (ID 30).

id 31-32
[346] The authors report binding and functional responses of high-affinity 2C TCR

variants interacting with SIY peptide on MHC Kb and QL9 peptide on Ld. In total, 8 different
TCR/pMHC ligand pairs were included. The KD values were measured by SPR at 25°C and
provided in Table 1. KD values lower than 1 µM were excluded from the analysis. Functional
assays were done with T cell hybridoma with and without CD8 expression with T cell activation
assessed by IL-2 production in response to peptide-pulsed APCs. We extracted potency values
as P50 from dose response curves in Figure 3. TCR variants m6 and m13 when binding to
SIY-Kb showed no activation (P50 > 100µM). The calculated discrimination power is α = 4.7 for
CD8 positive (ID 31) and α = 6.5 for CD8 negative T cells (ID 32).

not included
[85] This study provided binding and affinity data for the 2C TCR with

and without CD8. However, when applying our inclusion/exclusion criteria only a single data
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point was available and therefore, we were unable to calculate α. The reason is that only few
interactions were measured by SPR and the majority of these produced KD values below 1 µM.

42F3

id 33
[347] The 42F3 TCR recognises the class I MHC molecule H2-Ld presenting the peptide

p2Ca. The KD values for a panel of peptide variants were measured by SPR at 25°C and
potency data (EC50 of of IL2 production after cellular stimulation) were taken from Table 1 and
Supplementary Figure 3C. The resulting α is 0.15 (ID 33).

Gp70 (AH1)-specific TCR

id 34
[348] The TCR used in this study recognises the AH1 peptide which is derived from

the endogenous retroviral protein gp70(423-431), a MHC class I restricted tumor-associated
antigen. The authors used a set of AH1 variants with optimised affinities. The KD values were
measured by SPR at 25°C and provided in Figure 1B. Functional data was generated with a T
cell line incubated with peptide-pulsed APCs. EC50 values of a proliferation assay are provided
in Figure 2B. The calculated discrimination power was α = 5.2 (ID 34).

Other human TCRs

1G4

id 35
[334] The 1G4 TCR used in this study binds the NY-ESO-1 (157-165) peptide loaded on

MHC class I HLA-A2. The authors generated a panel of TCRs derived from the human 1G4

TCR that bind with higher affinity than the wild-type TCR. The KD values were measured by
SPR at 25°C and provided in a table in Figure 1A. Potency was measured with a cytotoxicity
assay and we extracted the mean EC50 values from Figure 5E. A decrease in potency was
observed for TCRs with an affinity of KD < 1 µM, which were excluded as per our exclusion
criteria (see Methods). This data produced α = 0.67 (ID 35).

id 36
[349] Here, TCR/peptide–MHC binding parameters and T cell function were inves-

tigated with a panel of 1G4 TCR variants binding to the the NY-ESO-1 peptide. The KD

values were measured by SPR and provided in Table 1. The functional response of T cells was
determined in a cytotoxic T cell assay. We extracted the mean EC50 values from Figure 4B. Data
points with KD < 1µM are excluded from the power analysis. The resulting α is 0.69 (ID 36).

id 37 - 38
[149] Here, the interaction between 1G4 TCR binding a set of variant NY-ESO-1

(157-165) peptides on MHC class I was studied. The KD values were measured by SPR at
37°C. The potency was determined by IFNγ production of T cell after stimulation by plate-
immobilised pMHC or cytotoxicity by peptide-pulsed T2 APCs. The 1G4 TCR clone was used
for both experiments. All affinity and EC50 values were given in Table S1. Discrimination
power α for the 1G4 system is 0.6 (IFNγ, ID 37) and 1.6 (Cytotoxicity assay, ID 38).
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1G4 and G10

id 39 - 40
[350] Experimental data was generated with the 1G4 and G10 TCR clones binding

to a panel of peptide variants. The 1G4 TCR recognises the NY-ESO-1 antigen and the G10

TCR recognises the HIV gag p17 antigen in the context of MHC class I HLA-A2. The KD values
were measured by SPR at 37°C. Potency was determined by measuring IFNγ production in
response to plate-immobilised recomvbinant pMHC. All KD and EC50 values were given in
Table S1 and S2. For the 1G4 system we found α = 0.55 (ID 39) and for the G10 system we
found α = 0.95 (ID 40).

1E6

id 41-42
[265] The MHC-I-restricted 1E6 TCR reactive to preproinsulin (INS) was studied.

The KD values for a panel of variant peptides were measured by SPR at 25 and 37°C and
provided in Figure 2. All KD values lower than 1µM were excluded from the power analysis
(see Methods). Functional assays were done with primary T cells responding to peptide-pulsed
APCs and target cell lysis was measured for T cell activation. The EC50 was determined from
the data in Figure 2K. We calculated α = 1.1 for KD values measured at 25°C (ID 41) and α =
1.2 for KD values measured at 37°C (ID 42).

A6

id 43 -44
[351] The A6 and engineered variants recognising the Tax or HuD peptides were

used. The KD values were measured by SPR at 25°C and provided in Figure 1A. T cell activation
in response to peptide-pulsed APCs was assessed by CD107a expression and IFNγ production.
Potency data was extracted as P20 for CD107a assay from dose-response curve in Figure 4C
and as P10 for IFNγ assay from dose-response curve in Figure 5A. Data points with KD < 1µM
were not included in the power analysis. The resulting α is 2.0 (ID 43) and 2.2 (ID 44) for CD107

and IFNγ readout, respectively.

Gp100-specific TCR (Melanoma)

id 45-46
[352] Seven TCRs specific to human melanoma gp209–2M epitope (modified from

gp100 (209-217)) were isolated from patients vaccinated with gp209– 2M. The KD values of these
TCRs measured by SPR at 25°C was provided in Table 1. Functional activity was determined
by IFNγ production and ERK phosphorylation of transduced CD8

+ splenocytes mixed with
peptide-pulsed APCs. Potency values were extracted from Figure S3A and C as P10. The L2G2

TCR, which appeared as an extreme outlier showing the highest potency despite having the
lowest affinity, was excluded from the analysis. This data point is shown in the plots as an
open circle and including it would have further reduced the estimates α. The calculated powers
were α = 1.3 for IFNγ production (ID 45) and α = 1.2 for ERK phosphorylation assay (ID 46).

id 47 -48
[353] T cell responses of a TCR specific to melanoma epitope gp100(280–288) were

studied using a set of altered peptides. The KD values were measured by SPR at 25°C and
provided in Table 2. Functional assays used gp100 TCR-transduced CD8+ T-cells stimulated by
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peptide-pulsed APCs with T cell activation assessed by cytotoxic lysis and MIP-1β production.
We extracted the potency data as P10 from dose response curves in Figure 6. The resulting α

values were 2.3 (lysis assay, ID 47) and 3.6 (MIP-1β production, ID 48).

14.3.d

id 49 - 50
[355] T-cell responses were measured using variants of the Staphylococcus entero-

toxin C3 (SEC3) super antigen. In addition, the binding of a panel of mutated variants of the
antibody F23.1 were also used. The KD values of SEC3 were measured by SPR and provided in
Table 1. The KD values of the antibodies were provided in Table 1 of a different publication [354].
T-cell hybridomas, containing an NFAT-GFP expression cassette, were stimulated with SEC3

or antibody molecules immobilised onto plate surfaces to observe functional responses. We
extracted all potency values as EC20 from Figure 4. According to our exclusion criteria (see
Methods), we did not include any data point where KD < 1 µM. The remaining data points
generated with the SEC3 variants produced α = 0.81 (ID 49) and with the F23.1 antibody
variants produced α = 0.66 (ID50).

TCR55

id 51
[155] This study used the TCR55 specific for HLA-B35-HIV(Pol448–456) binding to a

set of variant peptides. The KD values were measured by SPR at 25°C. T cell activation after
stimulation with peptides pulsed on APCs was measured by CD69 expression. All KD and
EC50 values were given in Figure S5C. We calculated α = 0.19 (ID 51).

ILA1

id 52 - 57
[244] The MHC-class I restricted ILA1 TCR is specific for the human telomerase

reverse transcriptase (hTERT) epitope ILAKFLHWL (hTERT540-548). The KD values of ligand
variants were measured by SPR at 25°C and provided in Table 1. Three different assays
were used to measure T cell activation: Degranulation assay, CD107a expression, and IFNγ

production. Each assay was performed using APCs expressing either WT MHC or CD8-null
MHC which cannot bind CD8. Potency values for degranulation were given in Table 1, CD107a
and IFNγ potency data were extracted from dose-response curves in Figure 7. For potency
data measured with wild-type (WT) and CD8 null MHC respectively, we calculated an α of 1.5
(WT, ID 52) and 2.5 (CD8 neg., ID 53) for degranulation, 2.2 (WT, ID 54) and 3.6 (CD8 neg., ID
55) for CD107a, and 2.2 (WT, ID 56) and 3.2 (CD8 neg., ID 57) for IFNγ production.

id 58 - 61
[356] The ILA1 TCR interaction with peptide variants was studied. The KD values

were measured by SPR at 25°C and provided in Table 1. T cell activation was measured by
peptide-pulsed APCs and determined by MIP-1β, IFNγ, TNFα, and IL-2 production using
intracellular cytokine staining. The potency values were read off as P50 from the dose-response
curves in Figure 2. Authors suggested that the TCR shows a plateau at KD values < 5

µM. Therefore we decided to exclude KD values < 5 µM from the power analysis to avoid
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underestimating the discrimination power α. The data produces α = 1.4 (ID 58), 0.77 (ID 59),
0.97 (ID 60) and 1.1 (ID 61) for MIP-1β, IFNγ, TNFα and IL-2 production respectively.

NY-ESO-1(60-72)-specific TCR

id 62
[357] Four TCRs binding to the tumorigenic antigen NY-ESO-1(60-72) were obtained

from patients with melanomas expressing NY-ESO-1. The KD values were measured by
SPR 25°C and given in Figure 2C. The functional response of TCRs to exogenous peptide
stimulation was assessed by measuring IFNγ production of T cells incubated with NY-ESO-1-
expressing melanoma cells. We extracted EC50 values from dose-response curves in Figure 1F.
We calculated α = −0.59 (ID 62).

Gliadin-specific TCRs (Celiac disease)

id 63
[358] Seven DQ8-glia-a1-restricted T cell receptors isolated from celiac disease patients

were characterised for their binding affinity to a-I- gliadin and their functional response. The
KD values were measured by SPR at 25°C and provided in Figure 2 and S5. T-cell activation
was assessed by proliferation in response to peptide-pulsed APCs. We extracted P20 values
from the dose-response curves in Figure 1 (Black curve Q-Q). We calculated an α = 0.83 (ID 63).

LC13

id 64 - 67
[245] The LC13 and SB27 TCRs were studied using an alanine scan. The KD

values were measured by SPR and provided in Table S2. T-cell activation was measured using
Jurkat T cells expressing the TCR with CD69 and cytoxicity assessed in response to peptide-
pulsed APCs. Figure 1C and 1D showed the dose-response curves for CD69 upregulation for
either CD8 positive or CD8 negative cells. We extracted the P30 as potency measure. EC50 of
cytotoxicity assay was given in Figure 2 for LC13 and Figure S2 for SB27. Potency values from
CD69 produced α = 1.9 (ID 64) for CD8 positive cells and α =7.8 (ID 65) for CD8 negative cells.
Lysis assays produced α = 4.1 (ID 66) for the LC13 and α = 0.11 (ID 67) for SB27 TCR.

HIV-Gag293-specific TCRs

id 68
[359] TCRs specific to HIV Gag293 protein were isolated from patients infected with

HIV. The KD values were measured by SPR and provided in Table 3. T-cell activation was
assessed using TCR-transduced J76 cells measuring CD69 expression in response to peptide-
pulsed APCs. We extracted the mean EC50 values from Figure 6D. We calculated α = 1.0 (ID
68).

MEL5

id 69
[360] The MEL5 and MEL187.c5 TCRs were studied that bind the MART-1 antigen

and variants thereof. The KD values were measured by SPR at 25°C and provided in Table 1.
T cell activation was measured by MIP-1β production in response to peptide-pulsed APCs.
We extracted potency values as P50 from dose response curves in Figure 2 and S1. Because
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responses to peptides were measured in separate experiments, potency data is normalised to
wild type peptide. This produced α = 2.3 (ID 69).

id 70
[361] The MEL5, MEL187.c5, DMF4, and DMF5 were studied that recognise the MART-

1 antigen. Two overlapping peptides were used: nonapeptide MART-1(27-35) and decapeptide
MART-1(26-35). The KD values were measured by SPR at 25°C and provided in Table 1. T cell
activation was assessed using primary human T cells responding to peptide-pulsed APCs with
MIP-1β used as a marker of T cell activation. We determined P30 directly form does response
curves in Figure 1A. Data produced α = 4.5 (ID 70)

Other (non-TCR) surface receptors

Cytokine receptors

id 1-2
[249] Engineered IL-2 variants with increased binding affinity for the interleukin-2

(IL-2) receptor subunit β (IL-2Rb) were studied. The KD values for IL-2 variants to IL-2Rβ

are given in Supplementary Figure 3 and determined by SPR at 25°C. As only the affinities
to a single subunit were varied between ligands, potency was plotted over these KD values.
Functional experiments were performed with either CD25 negative human Natural Killer cells
or CD25 negative murine T cells. We extracted the EC50 values as a measure of potency from
dose-response curves in Figure 3a and 3e. We calculated α = 0.55 (ID 1) for experiments done
with Natural Killer cells and α = 0.74 (ID 2) for T cells.

id 3-6
[250] The relationship between the interaction of interleukin 13 (IL-13) with its cytokine

receptor and the resulting downstream cellular responses was investigated. A panel of IL-13

variants with a range of binding affinities for the receptor subunit IL-13Ra1 was generated. The
binding affinities of these ligands were given in a table in Figure 2C in the paper. Here, only the
affinity for the α subunit of the receptor dimer was varied and therefore, we plotted potency
over these KD values. Functional responses of binding were determined by measuring STAT6

phosphorylation, CD86 and CD209 production, and proliferation after receptor stimulation in
the IL-13-responsive cell line A549. We extracted EC50 values for pSTAT6 from Figure 5B. To
avoid extrapolating potencies, ligands with EC50 larger than the highest concentration plotted
in the dose-response curve (in Figure 5A) were excluded. The mean proliferation EC50 values
were taken from Figure 5G. CD86 EC50 values were extracted from the dose response curve
in Figure 5H, CD209 EC50 values from the dose-response curve in Figure S7C. EC50 values
for CD86 and CD209 extracted from the dose response curves did not exactly match EC50

values given in Figure S7 D and E, but both values resulted in similar α values. The α values
calculated for the IL-13 receptor are 0.47 (ID 3), 0.39 (ID 4), 0.44 (ID 5), and 0.42 (ID 6) for
potency values from pSTAT6, proliferation, CD86, and CD205 assays, respectively.

id 7-8
[251] Study uses a set of mutated cytokines derived from IFNα2 and IFNω, binding

cytokine receptors IFNAR1 and IFNAR2. All binding affinities of mutants normalised to WT
are provided in Supplemental Table 2. Because mutations change the affinities to both IFNAR1
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and IFNAR2 we calculated an effective binding affinity by multiplying KD of IFNAR1 with
KD of IFNAR2 (R1xR2). Functional response of cells to cytokine mutants was determined by
their antiviral activity in a Hepatitis C Virus Replication Assay, their antiproliferation activity
on WISH cells. Mean EC50 values normalised to WT obtained from Figure 7A. We calculated
α = 0.71 (ID 7) for antiviral potency and α = 1.3 (ID 8) for antiproliferation potency.

id 9-11
[252] Study of IFN1 receptor activation with engineered higher-affinity type I IFNs.

Affinity constants for peptides to each receptor subunit were measured by SPR. To get the
effective KD we multiplied KD of IFN- αR1 binding with KD of IFN- αR2 binding (R1xR2)
Ligand activity was measured by STAT phosphorylation, antiviral activity and antiproliferation
activity. All affinity and EC50 values were provided in Table S2. The data produced α = 0.024
for STAT1 phosphorylation (ID 9), α = 0.034 for antiviral activity (ID 10), and α = 0.50 (ID 11)
for the anti-proliferation assay.

id 12-13
[253] In this study, the authors engineered IL-6 variants with different affinities

to the IL-6 receptor subunit gp130. Cytokine gp130 binding kinetics were measured with a
switchSENSE chip, binding parameters were given in Supplementary Figure 1D. The influence
of IL-6 variants on the functional activity of the receptor was determined by the amount of
STAT1 and STAT3 phosphorylation at different ligand concentrations. We read off the potency
of each ligand as P25 directly from dose-response curves in Figure 2A and B. We calculated α =
0.54 for pSTAT1 (ID 12) and α = 0.52 for pSTAT 3 (ID 13).

Receptor Tyrosine Kinase (RTK)

id 14
[255] In this study, the effect of three mutated epidermal growth factors on epidermal

growth factor receptor (EGFR) was studied. Affinity values of growth factor to receptor were
measured with radioactively labelled ligands binding to receptors on cells. Data are given in
Table 1. The functional response of cells to ligands was determined by measuring the specific
growth rate after stimulation. We extracted the EC50 values from dose-response curves in
Figure 4. This produced α = 0.55 (ID 14).

id 15 - 16
[254] Paper contains data on the c-Kit receptor tyrosine kinase which is activated

by the Stem cell factor (SCF). Affinity and functional response of the receptor to SCF variants
was studied. Binding parameters were measured by SPR and provided in Figure 1F. Cell
activation after stimulation with ligands was determined by the amount of ERK and AKT
phosphorylation (pERK and pAKT). We extracted the potency data for each variant as EC50

from dose response curves in Figure 2D and 2E. We calculated α = 0.83 (ID 15) and α = 0.88 (ID
16) for pERK and pAKT measurements respectively.

GPCRs

id 17 -18
[257] The binding parameters of the GPCR adenosine A2A receptor to various

agoinist and their functional effects were studied. Association and dissociation rates, and
hence KD values, were determined with a kinetic radioligand binding assay. Functional activity
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of HEK293 expressing the A2A receptor was measured by detecting cAMP production and
changes in cell morphology. The binding data was provided in Table 3 and EC50 values from
functional experiments were given in Table 4. The discrimination power calculated with cell
morphology data is α = 0.29(ID 17) and with the cAMP assay produced α = 0.71 (ID 18).

id 19-20
[256] The M3 muscarinic receptor was studied using a set of agonists. The binding

kinetics were determined with competition binding assay and were provided in Table 1. Agonist
potency was measured by guanosine 5’-O- (3-[35S]thio) triphosphate (GTPγS) binding to GαD
subunits, and by intracellular calcium levels after receptor stimulation. Potency data measured
as EC50 values were provided in Table 2. The resulting power was α = 0.77 (ID 19) and α = 0.55
(ID 20) for calcium response and GTPγS binding assay, respectively.

id 21
[258] The CXCR4 receptor is activated by the chemokine CXCL12. In this paper, the

interactions of Baclofen and other GABA ligands were tested on their abilities to activate
CXCR4. The affinity of ligands to the receptor was measured by back-scattering interferometry
and KD values given in Figure 7. The functional response of oocytes expressing CXCR4 to
ligands was determined by measuring the inward currents at different ligand concentrations.
EC50 values were provided in Table 1. We calculated αD = 0.57 for this system (ID 21).

id 22 -24
[259] Characterisation of binding properties and potencies of CXC chemokine

receptor 3 antagonists. The binding properties of the antagonist were determined using a
kinetic radioligand binding assay. Affinity values were in Table 1 measured for different
cell lines. Functional responses after ligand binding were measured by guanosine 5’-O-(3-
[35S]thio)triphosphate (GTPyS) binding, calcium release, and cellular chemotaxis. All EC50

values of assays were given in the text. We calculated αD = 0.72 (ID 22) , 1.1 (ID 23), and 0.56

(ID 24) for calcium release, GTPyS binding, and chemotaxis assays respectively.

CARs

id 25
[260] This study contains affinity and potency data for a CAR binding the ErbB2

surface antigen. The authors generated a series of anti-ErB2 single-chain variable fragments
fused to the CD3ζ cytoplasmic domain. The KD values are reported in Table 1. Functional
experiments were done in a plate assay, with ErbB2 immobilised to a surface. The potency
of receptors was measured by IFNγ production of T cells after stimulation. We extracted P20

values from the dose-response curve in Figure 4A. The resulting α is 0.52 (ID 25).

id 26-27
[261] This study characterised a panel of CARs that bind to the ErbB2 surface

protein. CARs were constructed by linking the various anti-ErB2 single-chain variable fragments
to the CD8αD hinge and transmembrane domain followed by the 4-1BB and CD3ζ intracellular
signalling domains. The KD values were measured by SPR and provided in Table S1. We
obtained potency data by using CD107a expression and proliferation assay data in Figures 2A
and C to the respective plot dose-response curves. P50 values were extracted from these plots.
The resulting α values are 1.1 for CD107 (ID 26) and 0.64 for proliferation assay (ID 27).
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id 28
[78] Taylor et al. [78] developed a synthetic CAR signalling system in which the extra-

cellular domains of the CAR and its ligand antigen were exchanged with short hybridizing
strands of DNA. The DNA-CARζ consist of an ssDNA covalently attached to a SNAP tag
protein which was fused to a transmembrane domain and the CD3ζ chain. DNA strands of
different lengths and sequences were designed to vary the affinity of the CAR to the ligand.
Binding was measured as the lifetime (τcorr) of single ligand-CAR interactions using microscopy
and corrected for photobleaching and provided in Figure 2D. The dissociation rate ko f f was
calculated from the lifetimes with koff = ln(2)/τ. To measure T cell responses, ligands, consist-
ing of the complimentary strand of ssDNA, were anchored in planar supported lipid bilayer
where they can freely diffuse. The DNA-CARζ was expressed in TCR-negative Jurkat cells. Cell
activation after incubation with ligands was measured by phosphorylation of ERK. Potency
data was extracted as P20 from dose-response curves in Figure 2C. This CAR system produced
α = 1.2 (ID 28).

BCRs

id 29-30
[262] The study used the HyHEL10 and D1.3 BCRs, which have a high affinity

to the hen egg lysozyme (HEL) and variants thereof. The KD values were measured by SPR
at 25°C and dissociation rates were provided in Table 1. For functional experiments, the
ability of B cells to mediate HEL presentation to T cell hybridomas after stimulation with
mutant lysozymes was determined by measuring IL-2 production of T cells specific to HEL. We
extracted the potency data from dose-response curves in Figures 3 and 4 as EC50. The authors
described an affinity floor for the B cell receptor when the dissociation rate was below 10−4 s−1

so that potency did not longer decrease for these interactions. To avoid underestimating α, we
did not include these higher affinity ligands in the power analysis. The resulting α values were
α = 1.4 for the D1.3 BCR (ID 29) and α = 1.3 for the HyHEL10 BCR (ID 30).
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