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Abstract

Existing machine learning algorithms predicting class I antigen presentation are fun-

damentally 
awed due to the nature of the immunopeptidomics data used for their

training. These models, rather than predicting antigen abundance, primarily indicate

the presence of antigens on the cell surface. In this thesis, we integrate machine

learning with mechanistic modelling to develop an enhanced model of the class I

antigen processing pathway.

We begin by constructing a probabilistic model of epitope and precursor production

by the proteasome, making use of existing algorithms to predict cleavage sites. We

then develop a novel predictor of TAP binding a�nity, PanTAP, which outperforms

existing methods and forms accurate predictions across di�erent mammalian species.

Following this, we use a similar approach to train a predictive model of ERAP1

enzyme kinetics, enabling us to simulate the trimming of any potential substrate by

ERAP1. These models are subsequently used to extend a previously validated systems

biology model of peptide loading to MHC-I. This mechanistic model is validated using

a study of SIINFEKL precursor processing and presentation in wild-type and ERAP1

knockdown cell lines, enabling us to infer the role of cytosolic aminopeptidases in

epitope generation.

Finally, we use the validated mechanistic model to develop a new Predictor Of im-

munogenic Epitopes using Mechanistic modelling (POEM), employing a logistic re-

gression trained on a dataset of neoantigens of known immunogenicity. POEM

demonstrates superior e�cacy on the training set and an independent dataset of

GBM neoantigens. Furthermore, POEM accurately predicts the immunogenicity of

pathogenic epitopes using a combined dataset from the IEDB, with its performance

further validated through analysis of SARS-CoV-2 peptides across various HLA allo-

types. Insights suggest that integrating source protein expression data could enhance

POEM's predictions.

We conclude the thesis with a discussion of the results within the context of im-

munotherapy development and ideas for how our analysis may be further improved

to provide clinical utility.
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Chapter 1

Introduction

Vaccination is a critical public health strategy designed to protect individuals and

populations from infectious diseases. Its importance was emphasised recently during

the race to develop a vaccine against the SARS-CoV-2 virus during the COVID-19

pandemic. The resulting vaccines, developed at record-breaking speed, were crucial

in reducing rates of infection, severity of disease, and mortality [174].

In recent years, vaccination has emerged as a promising strategy in oncology, o�ering

both preventive and therapeutic strategies against the insidious nature of cancer. In

the early 2010s, cancer vaccines were developed targeting shared tumour associated

antigens | proteins expressed by cancer cells but not signi�cantly by healthy cells.

These antigens, such as MAGE-A3 in melanoma, were used to stimulate the patient's

immune system to recognise and attack tumours expressing these markers [159].

Despite the initial promise, the e�ectiveness of vaccines targeting shared antigens was

limited by the heterogeneity of cancer cells, their ability to evade immune detection,

and immune self-tolerance mechanisms.

This has led to a shift towards the exploration of the use of patient-speci�c (`per-

sonalised') neoantigens for immunotherapies [134]. The advent of next-generation

sequencing (NGS) and improved computational algorithms has opened the door to

e�cient identi�cation and prioritisation of neoantigens on a patient-by-patient level.

The feasibility of such an approach has already been demonstrated by Ott et al. in

melanoma patients, where vaccination with neoantigen peptides resulted in sustained

tumour regression [121].

The COVID-19 pandemic also provided a window of opportunity for the testing of

1
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advanced vaccine delivery platforms. This was most successfully shown by the safety

and e�cacy of the mRNA-based vaccines developed by P�zer and Moderna, and the

`Oxford vaccine' (ChAdOx1 nCoV-19) deployed around the world [11, 127, 161].

However, a major limitation in the development of new immunotherapies still ex-

ists in the selection of appropriate antigen targets for vaccines. This is particularly

problematic in the case of cancer vaccines, where NGS might identify a long list of

neoantigens. In order to choose the most appropriate targets, it is vital that we

can swiftly and accurately predict the ability of neoantigens or pathogenic peptides

to initiate an immune response that leads to activation of cytotoxic T-lymphocytes

(CTLs). This property is known as immunogenicity.

1.1 Research motivation

Computational methods have been developed in the past 20 years in order to predict

neoantigen presentation and immunogenicity. Whilst the accurate in silico prediction

of immunogenicity is still viewed as an elusive problem, limited by the availability of

training data [92], it is widely accepted that modern predictors of antigen presentation

are high-performing and operating towards the upper limit of attainable accuracy

[118, 130, 173].

In this thesis, we propose that existing models are e�ectively predicting the presence

of presented peptide-MHC (pMHC) complexes, rather than their abundance. This

distinction arises from the lack of quantitative measurements of absolute pMHC

presentation available for use in machine learning. Instead, modellers have relied on

eluted ligands (EL) identi�ed through immunopeptidomics studies. The techniques

employed in these studies (as detailed in Section 1.3.6.1) allow for the identi�cation of

pMHC complexes, but not their quanti�cation. Consequently, the resulting datasets

consist solely of pMHC complexes identi�ed from various cell lines (positively labeled),

supplemented by random natural peptides not found among the eluted ligands and

thus assumed to be poorly presented by the cell line (negatively labeled).

However, antigen presentation is a spectrum and hence should not be treated as a

binary classi�cation problem. Epitopes can be presented in quantities between one

and tens-of-thousands, as shown for in
uenza A epitopes by Wu et al. in a dendritic

cell line (reproduced in Figure 1.1) [168]. Both of the H2-Db restricted epitopes

NP366�374 (arithmetic mean of 3,871 pMHCs across 3 replicates) and NP55�63 (arith-

metic mean of 4 pMHCs across 3 replicates) would be assigned a positive label in the
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training or testing of a predictive model such as NetMHCpan-4.1, despite an over

500-fold di�erence in raw presentation.

Figure 1.1. Absolute quanti�cation of presentation of in
uenza A peptides, showing the

range of pMHC abundance across 21 class I epitopes. Reproduced from Wu et al. [168].

Accordingly, predictive methods using this binary training data perform extremely well

at predicting antigen presence but are often unable to estimate antigen abundance

(as exempli�ed by correlation strengths between their outputs and the data from

Figure 1.1, shown in Table 1.1). This has signi�cant consequences for the prediction

of immunogenicity because the CD8+ T-cell response magnitude has been shown to

correlate positively with the pMHC abundance of the cognate antigen [168]. Hence,

we conclude that a data-driven approach is not viable for the prediction of raw pMHC

abundance and an alternative strategy is needed.

Predictor H2-Kb H2-Db

Rp Rs Rp Rs

BigMHC EL [10] -0.148 0.479 -0.194 -0.327

NetMHCpan-4.1 [130] 0.249 0.297 0.542 0.009

MHC
urry-2.0 [118] 0.367 0.527 0.220 -0.227

Table 1.1. Correlation between outputs of 3 antigen presentation predictors from the lit-

erature and the absolute quanti�cation of direct presentation from the Wu et al. dataset.

Performance is separated by restricting MHC-I allele. Correlation is given in terms of the

Pearson correlation coe�cient, Rp, and the Spearman correlation coe�cient, Rs .
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The antigen processing and presentation pathway has been well-characterised since

the initial discovery of the major histocompatability (MHC) complex in mice by Peter

Gorer in 1936 [68]. Furthermore, the speci�cities of the various enzymes and trans-

port proteins involved in the pathway have been investigated in vitro, with plenty

of measurements of their activities and binding a�nities made publicly available

[6, 20, 156]. This inspired us to investigate whether a mechanistic, immunology-

driven approach to the prediction of antigen presentation might prove more e�ective

than a data-driven one.

In this thesis, we develop a computational model of the class I antigen processing

and presentation pathway using a hybrid of machine learning and systems biology.

We subsequently use this to train a novel predictor of CD8+ immunogenicity. In

the remainder of this chapter, we present a background of the relevant immunology

and computational methods to provide the reader with context for the subsequent

research.

1.2 Biological review

1.2.1 The adaptive immune system

The vertebrate immune system has two branches: the innate and the adaptive

immune system. The innate immune system is the �rst line of defence against

pathogens, characterised by its rapid response and lack of antigen speci�city. It

comprises multiple subsets of leukocytes (white blood cells), including macrophages,

neutrophils, natural killer (NK) cells, and dendritic cells (shown in Figure 1.2).

Macrophages and neutrophils are primarily responsible for phagocytosing pathogens,

while NK cells play a crucial role in identifying and destroying virally infected cells

and tumour cells in response to the changes in expression of surface ligands (in-

cluding peptide-MHC-I complexes), which are sensed via receptors including killer

cell immunoglobulin-like receptors (KIRs). Dendritic cells, on the other hand, are

specialised cells for antigen presentation, bridging the innate and adaptive immune

responses by activating T cells.

Innate leukocytes detect the presence of infection or other \danger" situations

through pattern recognition receptors (PRRs) that recognise pathogen-associated

molecular patterns (PAMPs) or damage-associated molecular patterns (DAMPs).

Upon activation, members of the innate system can express signaling molecules,
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such as chemokines and cytokines, that increase cell proliferation, promote in
am-

mation, or drive the recruitment of other members of the innate or adaptive immune

system to the site of infection. Through the co-evolution of the innate system and

pathogens over many hundreds of millions of years, some pathogens have evolved to

evade the innate system. Immune evasion methods include alteration of their sur-

face proteins, inhibiting these PRR signaling pathways, or hiding within other cells,

thereby avoiding detection. In cases such as these where the innate immune system

is insu�cient to fully eliminate a threat, the adaptive immune system is called upon.

Adaptive immunity is a targeted and sophisticated immune defence, mediated by two

major classes of cell: T-cells (named for their maturation in the thymus) and B-cells

(which mature in the bone marrow) | both members of a family of cells known as

lymphocytes (shown in Figure 1.2). The receptors on these cells recognise (almost)

a unique molecule with high a�nity. This complementary molecule is known as its

cognate antigen.

Figure 1.2. Di�erentiation of white blood cells from pluripotent stem cell. The focus of this

thesis is on CD8+ T-cells, highlighted in red box. Reproduced from [123]

B-cells recognise antigens through membrane-bound immunoglobulins on their cell

surface called B-cell receptors (BCRs). These BCRs bind directly to speci�c anti-

gens in their native form, resulting in B-cell activation. Activated B-cells produce and

secrete immunoglobulins known as antibodies with a variety of functions. Antibodies

can `decorate' invaders, thus preventing viruses from entering cells or impeding their

function, can clump bacteria and viruses together, or can facilitate the binding of



1.2. BIOLOGICAL REVIEW 6

natural killer (NK) cells to target cells, amongst other purposes. There are three ma-

jor types of T lymphocyte, classi�ed according to their surface receptors: (i) helper

T-cells (typically expressing the co-receptor CD4), (ii) regulatory T-cells (also typ-

ically expressing the co-receptor CD4, along with the transcription factor FOXP3),

and (iii) cytotoxic T-cells (typically expressing the co-receptor CD8). Helper T-cells

express cytokines and engage in receptor-ligand interactions that activate the func-

tions of other cells, such as B-cell production of antibodies and macrophage killing of

engulfed pathogens. Regulatory T-cells suppress the activity of other lymphocytes

in order to limit the possible damage of immune responses. Cytotoxic T-cells kill

cancer cells or cells that are infected with viruses through the release of cytotoxic

granules and engagement of death receptors.

Ordinarily, non-activated (na��ve) lymphocytes exhibit little activity and cells recog-

nising any given antigen are present in low numbers. Upon infection by a pathogen,

members of the innate immune system known as antigen presenting cells (APCs)

present antigen bound to specialised cell-surface glycoproteins called major histo-

compatability complex (MHC) molecules to naive T-cells in the secondary lymphoid

tissues (the lymph nodes and the spleen). These APCs either take up antigen from

the infection site or present antigen generated within the APC itself.

Extracellular antigens are typically processed and presented on MHC class II (MHC-

II) molecules to CD4+ T cells, which helps to activate helper T cells. Alternatively,

antigens derived from proteins synthesized within the APC, such as viral proteins, are

presented on MHC class I (MHC-I) molecules to CD8+ T cells, a process known as

direct MHC-I presentation. In addition, APCs can also engage in cross-presentation,

where extracellular antigens are presented on MHC-I molecules, allowing CD8+ T

cells to recognise and respond to pathogens or tumor cells that do not directly infect

the APC.

Providing su�cient stimulation occurs of the cell receptors, this causes the T- and

B-cells to proliferate and di�erentiate into e�ector or memory cells. E�ector cells

speci�c to the particular antigen are present at much higher frequencies and exhibit

increased expression of co-receptors and other activation markers, improving their

ability to e�ectively respond to the pathogen. E�ector cytotoxic T-cells, in particular,

become highly cytotoxic, with enhanced capabilities to kill infected or malignant cells

through the production of cytotoxic molecules and the expression of death-inducing

ligands. Although these e�ector cells play a crucial role in the immune response,

their lifespan is short, and once the infection passes, they die. This leaves behind the

memory cell population, which is able to rapidly proliferate into even greater numbers
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of e�ector and memory cells in future should the cognate antigen be presented once

again.

In this thesis, we focus on class I antigen processing and CD8+ T-cell activation.

We now discuss these processes in greater detail.

1.2.2 Class I antigen processing and direct presentation

In this section and the remainder of this thesis, we focus exclusively on direct pre-

sentation. This focus is driven primarily by the critical role of direct presentation in

predicting neoantigen presentation by cancer cells, which is essential for the e�ective

targeting of tumor cells by CD8+ T-cells. Additionally, direct presentation plays a

key role in the priming of CD8+ T cells by professional APCs following the uptake

of vaccine mRNA. While cross-presentation also contributes signi�cantly by enabling

the presentation of extracellular antigens from non-APC cells, direct presentation

remains central to the processes under investigation, particularly in the context of

cancer immunotherapy and vaccine responses.

Figure 1.3. A schematic of the direct presentation pathway, produced using BioRender. The

key steps in the pathway are numbered from 1 to 7.

A series of processes must occur in order for a peptide to be extracted from its

source protein and presented to the na��ve CD8+ T-cells via the direct presentation

pathway. The main steps are shown in the schematic in Figure 1.3. It should also

be noted that some peptides are generated in the endoplasmic reticulum, not the
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cytosol (e.g. from protein signal sequences). These peptides are not shown in the

diagram and are not considered in the scope of this thesis.

1.2.2.1 Proteasomal cleavage

Proteins in cells are continually being degraded and replaced by newly synthesised

proteins to maintain a steady-state abundance of each endogenous protein. If we

denote the synthesis rate of a protein by g and the degradation rate of a protein by

d , then the steady state abundance of protein is given by P := g=d . Hence, proteins

with high cellular abundance either have a high synthesis rate, a low degradation

rate, or both.

Of greater interest in studying the proteasome is the protein turnover. This is given

by the rate of protein degradation d � P , which is equal to g at steady-state. The

majority of cytosolic protein degradation is carried out by a large protease complex

called the proteasome (Step 1). In addition to the degradation of these functional

proteins, non-functional proteins resulting from errors in protein synthesis (e.g. aber-

rant translation and defective ribosomal products, or DRiPs) are also targeted to the

proteasome.

The constitutive proteasome is composed of a 20S catalytic core and two 19S regula-

tory caps, one at each end, as indicated in Figure 1.3. During an immune response,

a subset of cytokines known as interferons can alter the expression of key genes

involved in the antigen processing pathway. If the surface receptors of an antigen

presenting cell are stimulated by interferon-gamma (IFNg), the composition of the

the cell's 20S subunit can sometimes be changed, forming an alternative structure

of the constitutive proteasome known as the immunoproteasome. The immunopro-

teasome has been shown to have di�erent speci�city and activity to the constitutive

proteasome [77, 82].

Proteins in the cytosol are labelled for degradation by the attachment of a chain of

several ubiquitin molecules, a process called ubiquitination. This chain of ubiquitins

is recognised by the 19S cap of the proteasome, which unfolds the protein so that

it might be fed into the proteasome's catalytic 20S core. Here, the protein chain is

cleaved into short peptides which are subsequently released into the cytosol. Two

thirds of these peptides are below the minimum length typically required for loading

to MHC-I [84]. The remaining products include MHC-I epitopes and N-terminally

extended epitope precursors. Minimal subsequent C-terminus processing of these

peptides is believed to occur. Hence, the proteasome is currently believed to be the
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protease predominantly responsible for the generation of the C-terminus of MHC

class I epitopes [166].

A protein may enter the proteasome from its N- or C-terminus. The direction of

substrate entry has been shown to a�ect the peptides the proteasome generates.

The preferred direction appears to correlate with the force required to unfold the

corresponding terminus, as revealed by molecular dynamics simulations [18]. Inhibi-

tion of the preferred terminus was also found to have a signi�cant detrimental e�ect

on downstream class I antigen presentation, showing that the proteasome plays a

key role in epitope generation and that the e�ect of direction of substrate entry is

integral to this process.

1.2.2.2 Cytosolic aminopeptidases

The products of the proteasome, released into the cytosol, include many peptides

that are too long to bind with high a�nity to MHC-I. A collection of aminopeptidases

in the cytosol play an important role in trimming the N-terminus of these elongated

peptides (Step 2), including puromycin sensitive aminopeptidase (PSA), bleomycin

hydrolase (BH), leucine aminopeptidase (LAP), and tripeptidyl peptidase II (TPPII).

Knockouts of LAP, BH and PSA in mice have not shown a signi�cant di�erence

in peptide trimming or the presentation of epitopes, suggesting that there may be

considerable functional redundancy between these aminopeptidases [150{152]. Both

the individual and collective speci�cities of these enzymes show dependence on the

substrate's N-terminus [6, 139].

Other proteases in the cytosol rapidly destroy short peptides, contributing to an

extremely short average half-life of only a few seconds [96, 129]. Hence, to stand

a chance of being presented, it is vital that peptides are removed from this harsh

environment e�ciently. This is carried out by the transporter associated with antigen

processing (TAP).

1.2.2.3 TAP translocation

TAP is a heterodimeric complex of the TAP1 and TAP2 proteins. The transporter

is embedded in the membrane of the ER and is responsible for the translocation of

peptides of lengths between 8 and 16 residues from the cytosol into the ER lumen

(Step 3) [157]. The process by which a peptide is translocated can be broken down

into 4 stages:
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1. Initial state: In its resting state, TAP adopts an inward-facing conformation, in

which the trans-membrane domains (TMDs) of TAP1 and TAP2 block peptides

from di�using into the ER lumen.

2. Peptide and ATP binding: A peptide in the cytosol binds to the two TMDs.

Concurrently, ATP molecules bind to each of the non-binding domains (NBDs),

a process independent of peptide binding [2, 3].

3. Conformational change and peptide release: The binding of the peptide

induces an allosteric change in the structure of TAP, bringing the NBDs to-

gether and recon�guring the TAP to the outward-facing state. This releases

the peptide into the ER lumen [3].

4. Resetting the transporter: The bound ATP is hydrolysed to ADP, leading to

the destabilisation and subsequent dissociation of the NBD dimer. This change

resets TAP to its original inward-facing state, ready to initiate another cycle

of peptide transport.

Research has shown that the translocation e�ciency of peptides by TAP is directly

related to their binding a�nity [27]. This correlation suggests that the associa-

tion between the peptide and TAP constitutes the rate-limiting step in the peptide

translocation process. Consequently, variations in peptide a�nity can signi�cantly

in
uence the e�ciency of antigen presentation, as e�cient TAP translocation is

generally required for peptide loading onto MHC class I molecules [156] (with the

exception of a subset of peptides that are not dependent on TAP translocation, e.g.

signal sequence-derived peptides). The importance of e�cient TAP translocation

can be further seen in the impact of TAP transport inhibition in vivo. An example of

this is the competitive inhibition of TAP by the ICP47 protein following infection by

the herpes simplex virus (HSV). This has been shown to signi�cantly reduce peptide

presentation, particularly in HLA-A and HLA-C, potentially resulting in a decrease in

CTL recognition [119, 142].

1.2.2.4 ERAP1 and ERAP2 trimming

Due to TAP's broad length speci�city, after translocation to the ER, peptides often

exceed the optimal length of 8 to 10 amino acids required for e�cient binding to the

MHC-I groove. ERAP1 and ERAP2 are two aminopeptidases that play vital roles in

this peptide processing (Step 4), exhibiting high substrate speci�city that is essential

for the generation of peptides that are compatible with MHC-I molecules.
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ERAP1 has a unique mechanism of action, binding peptides at their C-terminus within

a hydrophobic pocket while enzymatic cleavage occurs from the N-terminus at the

active site [35]. This e�ectively serves as a `molecular ruler', imposing a minimum

length of approximately 8 amino acids to span from the hydrophobic pocket to the

active site. Conversely, peptides above 16 amino acids do not bind e�ectively due

to steric hindrance caused by folding in the internal cavity. The speci�city of the

hydrophobic pocket for C-terminal residues is highlighted by its preference for amino

acids like leucine and valine [35].

In contrast, ERAP2 does not recognise the peptide C-terminus, so has a lack of C-

terminal speci�city [112]. This distinction from ERAP1 highlights the complementary

nature of the two aminopeptidases. ERAP2 is particularly adept at cleaving peptides

of length 9 residues or shorter. Because of its length speci�city, in addition to the

generation of MHC-I epitopes from precursors, ERAP2 is also theorised to enhance

ERAP1 trimming e�ciency by removing short peptides (<8 amino acids) that may

act as competitive inhibitors [45].

ERAP1 and ERAP2 have di�ering substrate speci�city at the N-terminus. ERAP1

shows a preference for hydrophobic or bulky residues such as leucine and methionine,

whereas ERAP2 displays an a�nity for basic residues, such as lysine and arginine

[72, 137]. The complementary nature of ERAP1 and ERAP2's substrate speci�cities

ensures that a diverse range of peptides can be processed in the ER. However, the

extent to which the enzymes act in concert is not well understood. ERAP1 and

ERAP2 have been observed to form heterodimers in vivo, increasing the e�ciency

of ERAP1 [137]. However, the enzymes are predominantly found in the monomeric

form in cells, suggesting that these dimers may not contribute signi�cantly to epitope

generation.

Researchers have disagreed over the primary state of the peptide substrates of ERAP1

in vivo. One school of thought was that MHC-I might act as a template, with bound

peptides being trimmed down to appropriate length by ERAP1 [23, 122]. However,

recent studies have suggested that this is not likely to be a common occurrence, with

free peptide being the most prevalent substrate for ERAP1 [111].

Research has predominantly focused on ERAP1 compared to ERAP2, possibly be-

cause ERAP2 is sometimes considered supplementary to ERAP1 .This notion is

supported by evidence in the literature to suggest that ERAP1 is essential for the

generation of immunogenic melanoma epitopes, but that inhibition of ERAP2 has

minimal e�ect on the generation of these epitopes [147]. However, ERAP2 has been

genetically associated with various diseases, including the Black Death [85]. This
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implies a key role for ERAP2 in the cellular immune response which is yet to be fully

understood.

Despite playing a key role in the generation of certain epitopes, it has also been

shown that ERAP1 inhibition/knockdown can increase the presentation of high a�n-

ity 9-12mers, suggesting that ERAP1 activity can be destructive for many potential

epitopes [86]. This led to a view that ERAP1 might be promising target for im-

munotherapies.

1.2.2.5 Peptide loading to MHC-I

Following the successful translocation of peptides into the ER by TAP, the peptides

are loaded on to MHC-I (Step 5). This process involves a multi-component assembly

called the peptide loading complex (PLC), which includes TAP, tapasin, calreticulin,

ERp57, and the MHC-I molecules themselves. Each protein plays a speci�c role in

ensuring e�cient loading:

� TAP functions not only as the peptide transporter but also as the structural

foundation for the PLC. Tapasin binds via its transmembrane region to TAP,

facilitating the e�cient transfer of peptides from TAP to the MHC-I molecule.

This minimises the di�usion of peptides within the ER lumen, thus enhancing

the e�ciency of peptide loading.

� Calreticulin and ERp57 form a chaperone complex with tapasin, contributing

to the structural integrity of the PLC. Calreticulin binds to the heavy chain of

MHC-I, assisting in the proper folding and retention of MHC-I until suitable

peptides are presented for binding. ERp57 is bound to tapasin and plays a role

in maintaining the correct conformation of tapasin.

� Tapasin is a critical component of the PLC which enhances the e�ciency of

peptide loading by stabilising the MHC-I molecule in an open conformation

that is more receptive to peptide binding. It facilitates the release of low-

a�nity peptides from the MHC-I binding groove and enhances sampling of

other available peptides, thus improving turnover and peptide �ltering [167].

� MHC-I is composed of a heavy chain and �2-microglobulin and is the �nal

recipient of the peptides. Following successful binding, the MHC-I dissociates

from the PLC and egresses to the antigen presenting cell surface via the Golgi

apparatus (Step 6), whereupon the pMHC complex will eventually dissociate,

with the empty MHC-I typically being internalised and recycled (Step 7). The

half-life of the pMHC complex depends on the a�nity and stability of the bound
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peptide. This property depends on the peptide sequence and the MHC-I allele

it is bound to.

Although not part of the peptide loading complex, the chaperone molecule TAPBPR

plays a signi�cant role in ensuring that the repertoire of peptides presented on the cell

surface primarily consists of stable pMHC complexes. It achieves this by facilitating

the exchange of lower a�nity peptides, previously bound to MHC-I, with higher

a�nity peptides.

MHC-I is among the most polymorphic genes in the human genome. This poly-

morphism occurs primarily in the peptide binding-groove, dramatically altering the

set of peptides that can be bound and presented to T-cells. This diversity ensures

that di�erent individuals in a population can present a wide range of pathogenic

peptides to T-cells, increasing the likelihood that at least some individuals can ef-

fectively respond to a novel pathogenic threat. Humans express 3 classical MHC-I

genes: human leukocyte antigen (HLA)-A, -B, and -C. This signi�cantly broadens

the range of pathogens that the human immune system can respond to by increasing

the likelihood that a pathogen-derived product will bind stably to at least one of the

expressed MHC-I proteins.

As well as a�ecting the speci�city of the binding groove, MHC-I alleles also have

di�erent levels of sensitivity to the presence of tapasin | a phenomenon known as

tapasin dependence. Highly tapasin dependent alleles are characterised by ine�cient

peptide presentation in the absence of tapasin [14, 76]. In the presence of tapasin,

these alleles present a greater abundance of strong binders and a lower level of

weak binders than tapasin independent alleles, decreasing the breadth of the peptide

repertoire.

1.2.3 CD8+ T-cell activation

Dendritic cells are considered to be the primary cells involved in the activation of

CD8+ T-cells. Following detection of PAMPs and DAMPs by the dendritic cell

PRRs (e.g. toll-like receptors), and stimulation by secreted cytokines, the dendritic

cell undergoes maturation. This results in a change in the dendritic cell's proteins,

function and morphology in order to better prepare it for T-cell activation, including:

1. Upregulation of MHC molecules, co-stimulatory molecules (e.g. CD80 and

CD86), and chemokine receptors (e.g. CCR7).

2. Decreased antigen uptake through phagocytosis or endocytosis.
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3. Increased cytokine production to drive the di�erentiation and activation of T-

cells.

4. Increased surface area through the development of longer and more numerous

dendrites, allowing for more e�cient interaction with T-cells.

Upregulation of CCR7 causes the dendritic cell to respond to chemokines and migrate

towards the lymph nodes, where they reside for a few days until they die. Na��ve CD8+

T-cells randomly move around the lymph node paracortex, encountering APCs as they

do. Most of these interactions are transient. However, when a T-cell encounters an

APC presenting its cognate antigen, ligation occurs between a pMHC complex and

a TCR, forming an immunological synapse. Large, transmembrane phosphatases

on the T-cell surface (e.g. CD35 and CD148, which inhibit TCR signalling) are

physically excluded from the close-contact zone between the T-cell and APC due

to its narrow size of a few nanometers. Conversely, smaller molecules like TCRs

and CD4/CD8 co-receptors are enriched in this zone. This is known as the kinetic

segregation model and explains how activation can occur despite the presence of

inhibitory mechanisms that would normally prevent activation. If a threshold signal is

reached during this process, the T-cell becomes activated. Even antigens with lower

a�nity can activate T-cells through the integration of many signals resulting from

interactions with a lower avidity.

1.3 Mathematical modelling review

1.3.1 Mathematical modelling in biology

Figure 1.4. A pipeline showing the iterative development process for mechanistic models.

Mathematical models can be broken down into two main categories: mechanistic

models and machine learning. Mechanistic models are developed using knowledge or

assumptions about the underlying biology, with a focus on parsimony to avoid over-

�tting. This was requirement for simplicity was famously advocated by the physicist

Enrico Fermi, who claimed `with four parameters I can �t an elephant, and with

�ve I can make him wiggle his trunk' [51]. E�ective mechanistic modelling takes
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a complicated biological concept and represents it with the simplest mathematical

description that produces predictions consistent with the available data. This of-

ten follows an iterative procedure (see Figure 1.4), starting with a minimal model

and adding in additional features and complexity until the model is consistent with

available validation data.

A prominent and successful example of early mechanistic modelling can be seen in

the modelling of the initiation and propagation of action potentials in the squid giant

axon by Hodgkin and Huxley in 1952 [75]. Hodgkin and Huxley showed that a system

of just 4 ordinary di�erential equations (ODEs) could accurately reproduce their

experimental observations from voltage clamping of the axon. This representation

of the complicated underlying biology gave scientists an improved understanding of

how neurons work whilst satisfying the simplicity so passionately advocated for by

Fermi.

In the remainder of the 20th century and early 21st century, computational biologists

used mechanistic modelling to: predict the absorption, distribution, metabolism, and

excretion of drugs through pharmacokinetic and pharmacodynamic (PKPD) models

[26]; model tumour growth and in�ltration dynamics using reaction-di�usion models

[65]; and elucidate the limitations and causes of failure from clinical trial data using

agent based models (ABMs) [24, 25].

Machine learning1, on the other hand, relies on the availability of abundant data

rather than necessitating an understanding of the underlying mechanism. Large

datasets can be used to train regressors or classi�ers, the complexity of which is

a choice made by the modeller with consideration to the bias-variance trade-o�.

Without being given information about the underlying biology, the model learns how

the input features map to the outputs, thus implicitly capturing statistical relation-

ships and correlations between these features caused by the underlying mechanism.

Machine learning has been used biology in recent years to great e�ect for: drug

discovery and development; cancer detection from imaging data using convolutional

neural networks (CNNs) [9]; and prediction of protein structure from sequence using

large language models such as DeepMind's AlphaFold [28].

Mechanistic modelling and machine learning have strengths and weaknesses relative

to one another. Mechanistic modelling o�ers the advantage of providing a detailed

and interpretable representation of systems based on established physical, chemical,

or biological principles, making it valuable for understanding causal relationships and

1In this thesis, unless speci�ed, we use the term `machine learning' to refer speci�cally to supervised

learning.
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revealing underlying mechanisms. These models often require less data for develop-

ment compared to machine learning models, as they are grounded in prior knowledge

of the system rather than relying solely on large datasets for pattern recognition.

Additionally, mechanistic models can make reliable predictions under new conditions

if the underlying principles are well understood. However, developing these models

can be time-consuming and complex, requiring deep domain knowledge and careful

parameter estimation. Moreover, they are sensitive to the assumptions made during

their development, which can limit their accuracy if the mechanisms are not fully

captured or are oversimpli�ed.

Machine learning, on the other hand, typically requires vast quantities of data for

model training. However, it is often not the volume of data that is prohibitive, but

the nature of the data. Training data should ideally be diverse so that the model

development is not biased towards a certain characteristic, but in some cases this is

not feasible.

For example, the majority of T-cell assays deposited in the Immune Epitope Database

(IEDB) correspond to the HLA-A*02:01 allele since this is the most common HLA

type in Western populations. With the training data dominated by one HLA allotype,

immunogenicity predictors trained on these datasets are skewed towards this allele

[29] and an internal comparison of publicly available algorithms found substantially

better predictive performance on HLA-A*02:01 than on less common alleles (see

Figure A.4 and Figure 7.11).

Another problem with machine learning stems from cases in which the negative class

is di�cult to observe. A prime example of this occurs in the prediction of proteasomal

cleavage sites using datasets of known epitopes. The proteasome is assumed to be

responsible for generating the C-termini of these epitopes, so they can be used as

positive examples of cleavage sites. However, peptides with poorly cleaved C-termini

are generated ine�ciently in the cytosol, so are not presented on the cell surface.

Modellers therefore have to make assumptions in order to generate negative examples

for model training, introducing biases into their models in the process [115, 165].

Despite these limitations, machine learning is a powerful technique and, where su�-

cient training data of appropriate composition is available, should be able to emulate

or exceed the predictive performance of mechanistic modelling, especially when the

underlying mechanism is not fully understood. However, in situations where machine

learning matches or exceeds mechanistic modelling's performance, mechanistic mod-

elling can still o�er valuable insight into underlying mechanism of action (which is not

possible through machine learning) and parameter values can be adjusted to simulate

experiments into the e�ects of di�erent conditions.
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1.3.2 Machine learning with peptides

As we shall reveal in the forthcoming sections, the �elds of antigen processing,

antigen presentation and immunogenicity prediction have been dominated in the past

25 years by machine learning methods. Although the model design and output di�ers

across these models, they all use peptide sequences as inputs. To provide a clear idea

of the framework used to train machine learning models using peptide sequences, we

brie
y discuss the ways in which amino acids can be encoded.

The vast majority of machine learning methods require features to be in numerical

format. When training models using peptide sequences, we must therefore convert

(encode) amino acids into a numerical representation.

The simplest way to represent an amino acid in numerical format is to use a sparse

encoding (also called a `one-hot' encoding). The 20 canonical amino acids are each

represented by a vector with a one at the index corresponding to an arbitrary ordering

of the amino acids and zeros everywhere else. Hence, the amino acid alanine may be

represented by (1; 0; 0; :::; 0) and arginine by (0; 1; 0; :::; 0). Although straightforward

to implement, the sparse encoding does not provide the model with information about

the similarities between di�erent amino acids. This can be problematic, especially if

the training dataset is small in size, because the model is likely to form erroneous

predictions for unseen amino acids.

An alternative strategy is to encode amino acids based on relevant physicochemical

properties, such as hydrophobicity, charge, or side chain volume. This can enable the

trained model to generate predictions for unseen amino acid using relevant biochem-

ical properties. However, the choice of properties and their scaling can signi�cantly

a�ect model performance.

Substitution matrices, such as BLOSUM62 or PAM250, derived from multiple se-

quence alignments, are widely used for encoding amino acids. In this encoding

method, each amino acid is represented by a vector of length 20, usually consisting

of log-odds ratios. These scores at each position in the vector re
ect the estimated

cost of substituting the original amino acid in the peptide with each of the other

amino acids. This method provides a numerical representation that encapsulates

evolutionary substitution preferences. However, these preferences may not hold in

speci�c cases, particularly those where unusual evolutionary pressures are present.

Finally, the advent of large pre-trained protein language models, such as ProtT5 and

ESM-2, presents opportunities to leverage transfer learning for novel applications

[53, 101]. These models can accept peptides as input and return low-dimensional

numerical vectors (embeddings) that are aware of both the position and sequence
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context. However, this approach may not always be appropriate, especially when

employing pseudosequences. Since these models are trained on datasets of physical

protein sequences, inputting non-physically plausible sequences (with adjacent amino

acids not seen in physical proteins) might lead to misleading embeddings.

The 4 families of amino acid representation are summarised in Figure 1.5.

Figure 1.5. Comparison of the 4 most common strategies used to encode amino acids and

peptides for use in machine learning.

We now explore the evolution and limitations of models of antigen processing and

immunogenicity from the existing literature.

1.3.3 Prediction of proteasomal cleavage

1.3.3.1 A history of proteasomal cleavage prediction

Proteasomal cleavage prediction e�orts began in 2000 with the Prediction Algorithm

for Proteasomal Cleavages (PAProC) by Kuttler et al., predicting cleavage sites

of human and yeast proteasomes [89]. The model used distance from previous

cleavage and neighbouring amino acid composition to calculate the probability of a

subsequent cleavage. Kesmir et al. then combined in vitro data with natural MHC-I

ligands to vastly increase the data available for the training of their neural network,

NetChop [83]. The C-termini of the ligands were assumed to have been generated by

proteasomal cleavage, so represented positive examples of cleavage sites. Conversely,
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internal residues in the ligands were assumed to have a low probability of cleavage,

so were treated as negatively labelled training data (decoy samples). Each training

point was encoded using a window of 18 amino acids, centered on the cleavage site,

with amino acids represented by a sparse encoding.

The NetChop algorithm was then enhanced using an ensemble of neural networks,

giving us the NetChop 3.1 algorithm [115]. Around the same time, Bhasin and

Raghava proposed Pcleavage, a cleavage predictor based on support vector machines

(SVM), �nding that this method outperformed other classi�ers [19].

Following a brief hiatus in the �eld, the Pepsickle algorithm was published in 2021

by Weeder et al., using a similar framework to NetChop 3.1, but bene�ting from

an increased volume of in vitro and MHC-I ligand data [165]. Dorigatti et al. also

published PUUPL, the novel contribution of which was to treat decoy samples as

unlabelled, rather than negative [49]. The PUUPL authors used a semi-supervised

learning method to assign pseudo-labels to the most con�dently classi�ed decoys at

each iteration of the training process, thus overcoming some of the complications

described in Section 1.3.1. Finally, Ziegler et al. published a review of proteaso-

mal cleavage methods in 2023 in which they trained a bidirectional long short-term

memory (BiLSTM) network and showed superior performance compared to the afore-

mentioned methods across a benchmarking study [175].

1.3.3.2 Challenges to proteasomal cleavage prediction

The main challenges to proteasomal cleavage prediction can be broken down into

two issues: (i) an insu�cient supply of appropriate training data, and (ii) a lack of

negative examples with which to balance classes in the available training dataset.

Kesmir et al.'s use of MHC-I ligand data resulted in only a modest 124% increase

in the available training data, but by the time Weeder et al. trained Pepsickle,

the addition of the publicly available IEDB had caused the available ligand data to

dwarf the available in vitro data by a ratio of over 300 to 1. However, the use of

ligand data introduces biases into the model training. For an MHC-I ligand to be

presented, it must have successfully passed through the subsequent stages of the

antigen processing pathway, so as a minimum must have su�cient level of TAP and

MHC-I binding a�nity. Both of these properties are heavily linked to the C-termini

of the substrate, so their in
uence will likely bias the training set to overestimate

cleavage of residues associated with favourable TAP and MHC-I binding.

Furthermore, proteasomal cleavage predictors also su�er from the lack of availabil-

ity of negatively labelled training data. Whereas C-terminal cleavage is a necessary
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condition for an MHC-I ligand to be presented, the presence of uncleaved internal

residues in a ligand does not necessarily guarantee that these are unfavourable cleav-

age sites. Hence, anyone using ligand data must compromise between either using

heavily class-imbalanced training data or using inaccurately labelled data, unless an

approach like positive-unlabelled learning is used (e.g. in the PUUPL algorithm) [102]

1.3.4 Prediction of TAP translocation

1.3.4.1 History of TAP IC50 prediction

Multiple approaches have been published in the literature to predict the binding

a�nity (IC50) of peptides with human TAP. The �rst such method used arti�cial

neural networks trained on a set of 381 di�erent 9mer peptides of known binding

a�nity [44]. Peters et al. later proposed a stabilised matrix method (SMM), trained

using a slightly larger set of IC50s from 430 di�erent 9mers [126]. Peters et al. also

suggested how their SMM might be used for N-terminally extended substrates by

taking only the scores for the three N-terminal residues and the C-terminus.

Substantially improved predictive performance using support vector machines (SVM)

was �rst reported by Bhasin and Raghava in 2003 with the TAPPred algorithm,

trained on the same dataset as the SMM method [20]. Diez-Rivero et al. then

expanded the training dataset to 613 9-mers, yielding a modest improvement with

TAPREG (Rs = 0:89) compared to both SMM (Rs = 0:87) and TAPPred (Rs =

0:67, suggesting poor generalisation of this method to the new peptides) [48]. As

with proteasomal cleavage prediction, interest in this �eld dwindled in the 2010s

before reigniting in 2023 with the publication of DeepTAP | a recurrent neural

network (RNN)-based method, trained on 868 peptides between 6 and 17 amino

acids in length [172] (Rs = 0:90). This represented the �rst published model since

the SMM method to form predictions for non 9-mer substrates. Whereas Peters

et al. used just the N1-3 and C-terminal residues for longer peptides, DeepTAP.

padded all peptides up to a length of 17 using the unknown amino acid, X.

1.3.4.2 Limitations of existing TAP IC50 predictors

Aside from the SMM method and DeepTAP, the TAP binding a�nity predictors can

all only form predictions for 9mers. This is clearly inadequate for studying the antigen

processing pathway, since a large proportion of the proteasomal products (i.e. the

pool of potential TAP substrates) are expected to be in the range of preferred TAP

substrate lengths( 8 to 16 amino acids), rather than exclusively 9mers [84].
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Furthermore, all of the published models were trained using exclusively human TAP

data, despite a number of studies into TAP speci�city from mice and rats [31,

69]. This restricts the application of these models' predictions, particularly in the

context of pre-clinical models, where a researcher might feasibly wish to predict the

translocation e�ciency of di�erent peptides in mice or non-human primates.

1.3.5 Prediction of ERAP1 trimming

ERAP1 has a complicated substrate speci�city due to its binding and active sites.

Despite in vitro enzymatic assays and peptidomic analysis of ERAP1 expressing and

knockout cell lines, only a single study attempting to predict ERAP1 trimming could

be found in the literature, but at time of writing this model is still in peer review [8].

This model, ERAMER, uses a position weight matrix, constructed from experimental

ERAP1 speci�city studies [35, 55, 72], to calculate an ERAP1 trimming score for

substrates between 9 and 16 residues in length. However, it is not clear how these

scores can be rescaled or converted to meaningful enzyme kinetic parameters (e.g.

kcat or KM) for integration into mechanistic models.

1.3.6 Prediction of MHC-I binding a�nity

1.3.6.1 History of binding a�nity prediction

Attempts to predict peptide-MHC binding a�nity can be dated back to 1994 with

the publication of the BIMAS algorithm to predict binding for 9mers to HLA-A2

[124]. Binding a�nities from a set of 154 peptides were used to generate a matrix

of 180 coe�cients (20 amino acids x 9 positions). This method was later extended

to other common HLA allotypes using the same approach.

In 2003, Nielsen et al. published an arti�cial neural network method, representing a

huge step forward in binding a�nity prediction [115]. This would become the �rst

generation of the NetMHC family of algorithms. The authors' insight was to use a

consensus prediction from two neural networks trained from sparse and BLOSUM50

encodings of the peptides. They also had access to a larger training set than BIMAS,

with 528 binding a�nities for 9mers with HLA-A2 available by this point in time.

In 2007, Nielsen et al. devised a strategy to form predictions for MHC-I alleles with

limited training data, publishing NetMHCpan [114]. They represented the MHC-I

sequence using a subset of the residues predicted to be directly involved in peptide

binding. This shortened sequence was referred to as a pseudosequence. Nielsen et al.
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combined data from across di�erent alleles to train a single binding a�nity predictor,

once again using arti�cial neural networks. However, as well as the peptide sequence,

they appended the associated pseudosequence to the network input features, thus

enabling the network to learn the underlying biochemistry from an increased training

set whilst still being able to tailor its predictions to the MHC-I allele. Nielsen et al.

also discovered that adding random peptides into the training data with assumed

weak binding a�nity values reduced bias.

NetMHCpan has been a highly in
uential framework in the development of peptide-

MHC binding a�nity predictors since its publication. Over the years, its iterations

have added new features and incorporated increasingly large datasets, notably in-

cluding data from eluted ligands identi�ed via mass spectrometry. To identify these

peptides, the antigen presenting cells are lysed and the MHC-I molecules immuno-

precipitated using complementary antibodies. The peptides are then eluted from the

MHC-I molecules and often separated by liquid chromatography before being ionised

and analysed by mass spectrometry. The measured mass to charge ratio (m/z) of

the ionised peptides produces spectra which are subsequently matched to reference

spectra using specialised software. The nature of this pipeline introduces certain

biases into the set of identi�ed ligands. Loss of peptides typically occurs during sam-

ple preparation due to dissociation of the peptide-MHC complex. This can result in

lower a�nity presented peptides not being identi�ed. Furthermore, the theoretical

spectra databases may be incomplete or biased, leading to relevant peptides being

not identi�ed or misidenti�ed. However, despite these challenges, this method is high

throughput, so signi�cantly increases the training data available for training binding

predictors.

In the training data for NetMHCpan-4.0, these eluted ligands, assumed to have a

high binding a�nity due to their presence as MHC-presented peptides, were uniformly

assigned a maximal a�nity [79]. Negative peptides, assumed to bind with insu�cient

a�nity to be presented, were randomly sampled from the source antigens in the

mass spectrometry data. In the most recent version, NetMHCpan-4.1, a motif

deconvolution tool, NNAlign MA, was introduced, allowing a vastly increased volume

of mass spectrometry data to be used by mapping previously ambiguous eluted ligands

to the (one of six) MHC-I alleles they were most likely bound to [130]. The addition

of eluted ligand data has led to a modest improvement in binding a�nity prediction

over NetMHCpan-3.0 [117].
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1.3.6.2 Challenges to binding a�nity prediction

The issues with binding a�nity prediction closely mimic those mentioned when dis-

cussing proteasomal cleavage. Limited training data has led to the use of alternative

types of data (eluted ligands) as a proxy for the variable of interest (binding a�n-

ity). Although the NetMHCpan-4.1 training set contained 208,093 in vitro binding

a�nity measurements across 170 MHC-I alleles, this was dwarfed by the 663,767

eluted ligands in the training set, emphasising the incentive to use this type of data.

However, the use of eluted ligands con
ates the concepts of MHC-I binding and anti-

gen processing. The assumption that random, non-eluted peptides from the source

antigen must have a low binding a�nity is not necessarily valid. Peptides may not

be presented because of excessive or insu�cient trimming by aminopeptidases, low

TAP binding a�nity, or ine�cient production by the proteasome. Hence, assigning

these random negatives a low a�nity may lead to erroneous predictions.

Furthermore, a broad spectrum of binding a�nities will likely exist amongst eluted

ligands. Assigning them all a uniform high binding a�nity might reduce the accu-

racy of binding a�nity prediction amongst high a�nity peptides. This issue is not

widely recognised because binding a�nity prediction has been reformulated as a clas-

si�cation problem since the integration of eluted ligand data, grouping high a�nity

peptides together into the positive class [118, 130]. However, evidence for this can be

seen in a systematic benchmarking study by Zhao and Sher, who found weaker cor-

relation between predicted and measured absolute binding a�nity for strong binders

[173].

1.3.7 Prediction of antigen presentation

1.3.7.1 History of antigen presentation prediction

Early approaches to predicting antigen presentation combined in silico predictions of

MHC-I binding a�nity with predictions of other components of the antigen processing

pathway. In one such example, Tenzer et al. combined novel proteasomal cleavage

scores with TAP and MHC-I binding a�nity predictions in 2005, demonstrating that

knowledge of the antigen processing pathway could be leveraged to improve predictive

methods [146].

The advent of high-throughput pMHC identi�cation using mass spectrometry led to

a shift from this mechanism-inspired approach to a machine learning approach. The

arti�cial neural networks used in NetMHCpan-4.0 and 4.1 return two outputs: a

binding a�nity score and an eluted ligand score. The ANNs were trained to predict
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binding a�nity and classify eluted ligands simultaneously, improving performance

[79, 130].

Similar strategies have been published elsewhere to use eluted ligand data to pre-

dict antigen presentation. In MHC
urry-2.0, O'Donnell et al. train both a binding

a�nity predictor and an antigen processing predictor using the top 2% of predicted

binding a�nities [118]. They include N- and C-terminal 
anking regions on the

peptide to steer the convolutional neural network to implicitly learn the rules of epi-

tope generation from precursors, �nding consistency with an independent dataset

of proteasome-cleaved peptides. The binding a�nity and antigen processing predic-

tors were then combined using a logistic regression into a single predictor of antigen

presentation.

Recent advances in machine learning methods have inspired new approaches to anti-

gen presentation prediction. Albert et al. adopted a deep learning approach called

BigMHC-EL to predict antigen presentation, utilising both the NetMHCpan-4.1 and

MHC
urry-2.0 datasets, and proposing a novel MHC-I pseudosequence, showing

impressive classi�cation performance across a wide range of alleles [10].

1.3.7.2 Advantages of using immunopeptidomics to predict antigen presen-

tation

The major advantage of using immunopeptidomics data to predict antigen presenta-

tion is that the data represents the overall output of the various steps occuring in the

antigen processing pathway. For an eluted ligand to have been identi�ed on the cell

surface, it must have had its C-terminus generated by proteasomal cleavage, been

translocated e�ciently by TAP, and bound to MHC-I with su�cient a�nity for the

complex to egress to the cell surface before dissociating. Hence, the immunopep-

tidomics data includes signal from the underlying stages of the pathway and the total

product of their interaction.

Immunopeptidomics datasets are also relatively prevalent in the literature and the

method is high-throughput, giving a large number (approximately 600,000 in NetMHCpan-

4.1) of pMHC pairs for use in training machine learning algorithms to predict antigen

presentation.



1.4. PREDICTION OF CD8+ IMMUNOGENICITY 25

1.3.7.3 Limitations of using immunopeptidomics to predict antigen presenta-

tion

The main drawbacks with using immunopeptidomics datasets for this task are linked

to biases in the protocols used and the limitations of mass spectrometry. Low-a�nity

pMHC complexes are prone to dissociation during the immunoprecipitation process

used to isolate pMHCs for mass spectrometry analysis as several washes are often

required to remove non-speci�c peptides [90]. These low-a�nity peptides are also

generally present in a lower abundance than high-a�nity ones, so may not be detected

during mass spectrometry, depending on the sensitivity. Both of these problems can

bias the immunopeptidomics datasets towards high-a�nity pMHC complexes and

result in some low-a�nity pMHCs being falsely treated as negative samples in training

datasets.

Furthermore, although the data provided by immunopeptidomics is far more abundant

than the data available for studying the di�erent stages of the antigen processing

pathway (MHC-I/TAP binding a�nity assays, proteasomal digestion assays, etc.),

mass spectrometry is only a semi-quantitative technique and is typically unable to

inform the user about how many copies of each pMHC were eluted from the cell

surface. This leads to antigen presentation being treated as a binary classi�cation

problem rather than a regressive one: an eluted ligand is either labelled as having been

identi�ed (`positive') or not (`negative'). Hence, an e�ciently-presented hypothetical

pMHC complex with 104 copies on the cell surface would be labelled identically to a

pMHC with only 1 copy on the cell surface. As a result, the outputs of these machine

learning methods correspond to the likelihood that a particular peptide-MHC pairing

would be eluted from a cell expressing the source protein and the MHC-I allele. These

predictive methods could therefore more appropriately be described as predictors of

antigen presence, not antigen abundance. As shown in Table 1.1, these algorithms

performed poorly when tasked with predicting raw pMHC numbers, suggesting that

their e�cacy as classi�ers does not translate into e�cacy as regressors. However,

more comprehensive benchmarking of their performance across a broad range of

alleles is not possible due to limited quantitative pMHC data.

1.4 Prediction of CD8+ immunogenicity

Prediction of immunogenicity requires consideration of two criteria: (i) the level of

presentation of the peptide, and (ii) the pMHC's ability to activate a na��ve T-cell.

Accordingly, the inputs to most immunogenicity predictors in the literature consist
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of a prediction of antigen presentation coupled with a representation of the peptide

sequence.

A simple example of this can be seen in NetTepi [153]. Trolle et al. take the weighted

sum of predicted pMHC a�nity and stability (as a simple proxy for antigen presen-

tation) with a predicted T-cell propensity score. This propensity score is calculated

using a study into enriched residues at di�erent sites of known immunogenic epitopes

[32].

A slightly more complex model can be seen in PRIME-2.0 | a fully-connected neural

network with one hidden layer, taking as its input:

1. Predicted presentation rank from the group's antigen presentation predictor,

MixMHCpred-2.2 [66].

2. Peptide length encoding.

3. Frequencies of amino acids at residues minimally involved in MHC-I binding.

The model is trained using a dataset of 6,680 mutated peptides from various cancers

with experimentally validated immunogenicity status, of which 596 are classi�ed as

immunogenic. The data was augmented by the addition of random natural peptides

sampled from the human proteome, assumed to be non-immunogenic.

Albert et al. also used their antigen presentation predictor, BigMHC-EL, as the input

for a predictor of immunogenicity, BigMHC-IM. This predictor was trained on non-

random peptides in the PRIME-1.0 and PRIME-2.0 datasets. When compared to

other models from the literature, BigMHC-IM was found to be the best-performing

method for neoepitope prediction, whereas PRIME-2.0 was found to be best for

pathogen immunogenicity prediction [10].

Independent benchmarking of publicly available algorithms has suggested that current

methodologies do not perform substantially better than random predictions, partic-

ularly for emerging viruses such as SARS-CoV-2, and for predicting cancer neoanti-

gens [29]. The composition and volume of training data was believed to be a major

source of the models' weaknesses, with skewed distributions of immunogenic/non-

immunogenic peptides across di�erent HLA types complicating prediction. In par-

ticular, no one method performed well in both pathogenic and neoantigen prediction

contexts.



1.5. DPHIL SUMMARY 27

1.5 DPhil summary

The predictors of antigen processing parameters or processes reviewed in Section

1.3 are currently standalone predictors of the di�erent steps shown in Figure 1.3.

Although rudimentary e�orts have been made to integrate proteasomal cleavage,

TAP translocation and MHC-I binding a�nity (e.g. NetCTL, which took a weighted

sum of the 3 scores [93, 94]), no successful attempt has been made to combine the

stages of antigen processing into a uni�ed model of the pathway in order to predict

raw pMHC abundance.

The primary objective of this DPhil is develop a mechanistic model of the antigen

processing pathway, extending a systems biology peptide loading model presented by

Dalchau et al. [43] to include Steps 1 to 5 in Figure 1.3. To do so, we develop our own

predictive models of key parameters associated with these processes using common

machine learning techniques, addressing key limitations discussed throughout Section

1.3.

In Chapter 2, we present a versatile framework for using proteasomal cleavage algo-

rithm output to derive the probability of speci�c peptide products. We parametrise a

simple probabilistic model based on this framework in order to be consistent with ob-

served proteasomal product length distributions, resulting in a model which explains

the scarcity of short (1-3 amino acid) products observed in vitro. We also consider

direction of substrate entry and predict how this a�ects the probability of speci�c

product formation. We conclude by comparing model predictions using three leading

algorithms for cleavage prediction [115, 165, 175].

In Chapter 3, we develop a regressive model to predict peptide-TAP binding a�nity:

PanTAP. We expand training data availability by using datasets derived from mouse,

rat and human TAP. This also enables us to form predictions across di�erent species.

By investigating di�erent length normalisation strategies, we train and validate a

model that can accommodate a range of substrate lengths.

Chapter 4 contributes a predictor of ERAP1 enzyme kinetics. A simple model is

trained from publicly available data to accurately predict the results of a standard

assay. The output of this is then converted to Michaelis Menten kinetics using a

calibration curve, enabling direct integration into mechanistic modelling.

Chapter 5 sees the integration of the models in Chapters 3-4 with a systems biology

approach inspired by Dalchau et al.'s peptide loading model [43]. We parametrise

the model using experimental measurements of in an H2-Kb transfected cell line
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and show how these parameters may be adjusted for other MHC-I alleles by con-

sidering the molecule's tapasin dependence. Chapter 6, sees further validation of

the model's predictive e�cacy using an experimental dataset of the processing e�-

ciency of SIINFEKL precursors in H2-Kb transfected HeLa cells [71]. The use of an

ERAP1 knockout cell line enables us to separately characterise the role of cytosolic

aminopeptidases in the generation of the epitope.

The secondary objective of this thesis is to test whether the use of a mechanistic

model of antigen processing results in an improvement in the prediction of CD8+

T-cell immunogenicity. We explore this in Chapter 7, training a novel classi�er

inspired by and trained using the data of Gfeller et al. from their PRIME-2.0 tool

[66]. We call the resulting predictor POEM (Prediction Of immunogenic Epitopes

using Mechanistic modelling) and benchmark it against algorithms from the literature

across multiple neoantigen and pathogenic datasets, �nding performance that in

some cases is signi�cantly superior to the current state-of-the-art methods described

in Section 1.4.

We conclude the thesis in Chapter 8 by summarising how the results of the previ-

ous chapters indicate that a mechanistic approach can yield comparable or superior

predictive e�cacy to machine learning approaches. We also propose how our other

advantages of mechanistic modelling over machine learning may be leveraged by using

our mechanistic model to simulate longitudinal studies of tumour evolution.



Chapter 2

Prediction of proteasomal cleavage

products

In Chapter 1, we discussed and reviewed existing attempts to predict the probability of

the amide bonds in a protein being cleaved by the constitutive or immunoproteasome

[115, 165]. Although these algorithms display predictive e�cacy in the classi�cation

of cleavage sites, they stop short of predicting the probability of speci�c peptides

being produced from a source protein by proteasomal digest.

In this chapter, we develop and test new approaches to use the outputs of such models

to predict the probability of formation of an epitope or its N-terminally extended

precursors.

2.1 Introduction

The 26S proteasome is a protease complex residing in the cytosol that is responsible

for the degradation of cellular proteins. The 26S proteasome complex is formed

by the 20S core particle, in which the protein is cleaved, and two 19S regulatory

particles that are responsible for substrate interaction. After recognition of a ubiq-

uitinated protein substrate, the 19S regulatory particle unfolds the protein, removes

the ubiquitin, and the substrate is fed through the barrel-like 20S core chamber,

cleaving some, but not all, peptide bonds to produce short peptide products, typi-

cally between 3 and 22 amino acids in length (see Figure 2.1) [84]. It is through

this process that the proteasome is believed to be predominantly responsible for the

generation of the C-termini of MHC Class I epitopes [115]. The standard form of

29
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Figure 2.1. (a) Diagram of 26S proteasome subunits. (b) Diagram of ubiquitinated protein

degradation by proteasome.

the proteasome found in mammalian cells is known as the constitutive proteasome.

When stimulated by the cytokine interferon-
 (IFN-
), three catalytic subunits in

the 20S core are replaced, forming the immunoproteasome. This is characterised by

a more e�cient turnover and a slight change in cleavage speci�city [57].

The direction of substrate entry to the proteasome is believed from MD simulations

to depend on the energy required for the 19S cap to unfold either terminus [18] .

This varies across substrates but has substantial consequences for the generation

of epitopes. For example, ovalbumin has been found to preferentially enter the

proteasome in vivo from its N-terminus [18]. Berko et al. blocked ovalbumin's

N-terminus, inducing trimming from the C-terminus instead, which resulted in a

large drop in the number of H2-Kb/SIINFEKL complexes on the cell surface. This

demonstrates both the proteasome's important role in the generation of epitopes

and the signi�cance of the direction of substrate entry to the proteasome.

In order to predict epitope formation from source proteins, it is therefore desirable

to be able to predict the probability of di�erent bonds in the protein being cleaved

as it passes through the proteasome. This task has received much attention in the

literature since the publication of the Prediction Algorithm for Proteasomal Cleav-

ages (PaProC) [89]. Simpler techniques were soon superseded by models trained

using neural networks [115] and support vector machines [19]. In the past decade,

newer algorithms have been published, bene�ting from both larger training sets and

advances in machine learning [165, 175]. Algorithms are trained on one of two kinds
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of data: in vitro proteasomal digestion assays and large data sets of known Class

I epitopes. Epitope data is often preferred because it is far more abundant than

in vitro data, and is used to infer the activity of the proteasome in generating the

C-terminus of the epitope.

These algorithms are all united by the fact that they do not explicitly predict the

probability of a peptide being formed by proteasomal cleavage of the source pro-

tein. Instead, they return scores corresponding to the likelihood of each bond in the

protein being cleaved. In their analysis, the authors of NetChop proposed a simple

scaling factor to convert their predicted cleavage scores to probabilities. However,

this was only an estimate to try to ensure approximate consistency with observed

product length distributions, so further investigation is required to derive a strategy

to convert the output of this and other algorithms into immunologically accurate

yields of speci�c products.

Accordingly, in this chapter we develop and propose a probabilistic model for pre-

dicting speci�c peptide yield from the proteasomal digestion of a protein. We also

consider the e�ect that the direction of protein entry to the proteasome has on pre-

dicted length distributions and speci�c product formation. Although this approach is


exible and may be applied to any cleavage score prediction algorithm, we choose fo-

cus on 3 families of algorithm from the literature: NetChop [115], Pepsickle [165] and

a bidirectional long short-term memory model (BiLSTM) [175]. We �t our model for

each of these algorithms using experimentally observed proteasomal product length

distributions and test its ability to accurately predict speci�c product formation by

using a study of ovalbumin digestion in constitutive and immunoproteasomes.

2.2 Methods

2.2.1 Probabilistic model formulation

In order to distinguish the probability of cleavage from the scores returned by di�erent

prediction algorithms (e.g. NetChop), we de�ne the following notation:

pi := probability bond at the C-terminus of amino acid i is cleaved;

si := algorithm cleavage score for bond at C-terminus of amino acid i ;
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where i denotes the index of the amino acid counting from the N-terminus of the

peptide, starting with i = 0 (as in Figure 2.2).

2.2.1.1 Memoryless model

For the memoryless model, we assume the protein chain moves through the pro-

teasome and each site is cleaved with a probability that is independent of cleavage

events before or after it. To convert scores to probabilities, we introduce a scaling

factor, 
. For a protein of length n, this yields the following cleavage probabilities

pi = 
 � si 0 � i � n � 2;

pi = 1 i 2 f�1; n � 1g;

(2.1)

where p�1; pn�1 are not cleavage probabilities (as there are no bonds to cleave) but

represent the fact that N- and C-termini of the protein are only bound to a single

other amino acid.

Hence, the probability of a peptide spanning from residue i to residue j > i being

formed from a protein can be written by taking the product of the probabilities of

successful and unsuccessful cleavage events:

Pi j = pi�1

j�1∏
k=i

(1� pk)pj : (2.2)

Notably, this model results in the same probability of product formation whether the

substrate enters the proteasome from its N- or C-terminus.

2.2.1.2 Non-memoryless model

Kisselev et al. observed very few products of lengths below 5 amino acids in their

in vitro digestions [84]. This implies that cleavage sites near one another in the

protein are somehow unlikely, which motivated the idea that cleavage may not occur

independently at each bond in the protein.

Therefore, we propose an alternative model in which cleavage events occur with

diminished probability at the residues directly following a successful cleavage event.

Since the probability of a residue being cleaved in this model depends on the cleavage
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Figure 2.2. Schematic of non-memoryless model for the case ` = 3 and assuming an N- to

C-terminus trimming direction. Following successful cleavage of the �rst bond in the protein,

the probability of the following 3 bonds being cleaved is scaled by the factor r < 1.

status of bonds before it, the system is no longer memoryless and we hence refer to

this model as the non-memoryless model.

To capture this behaviour, we introduce two additional parameters: the number

of residues for which cleavage activity is reduced, `, and the scale of reduction in

cleavage probability, r . This is shown in Figure 2.2 for the case ` = 3. In the case

r = 1, the non-memoryless model is equivalent to the memoryless model.

We assume that the output of the prediction algorithms is proportional to the total

probability of a site being cleaved. By the Law of Total Probability, we can write this

down in terms of these parameters as

pNi =p̂Ni � P(previous cleavage > ` aas towards N-terminus, or no previous cleavage)

+ r p̂Ni � P(previous cleavage � ` aas towards N-terminus)

(2.3)

where p̂Ni is the probability of a site being cleaved given that the previously cleavage

was more than ` residues away towards the N-terminus. To simplify notation, we

de�ne the discrete random variable:

Xi := Number of aas between previous cleavage site and site i :
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Equation 2.3 can therefore be written in terms of pNi , p̂
N
i and Xi as:

pNi = p̂Ni � P(Xi > `) + r p̂Ni � P(Xi � `); (2.4)

for 0 � i � n � 2. We also impose that pN�1 = p̂N�1 = 1 and pNn�1 = p̂Nn�1 = 1 to

re
ect the fact that the termini of the source protein are unbound.

Starting at the protein's N-terminus (i = 0), we de�ne X0 = 1. We can then write

down expressions for the probability mass function (p.m.f.) of Xi for 0 < i � n�2 by

conditioning on the state of Xi�1 and whether or not the previous bond was cleaved:

P (Xi = 1) = pNi�1

P (Xi = k) = P (Xi�1 = k � 1)
(
1� r p̂Ni�1

)
k � `+ 1;

P (Xi = k) = P (Xi�1 = k � 1)
(
1� p̂Ni�1

)
k > `+ 1:

(2.5)

Hence, the p.m.f. of Xi can be de�ned in terms of the p.m.f. of Xi�1, p
N
i�1 and p̂

N
i�1.

Consequently, Equation 2.4 can be solved for pNi if p̂Ni is known, and vice versa.

We considered two possibilities for the incorporation of cleavage scores from predic-

tion algorithms, si : (i) predicted scores are proportional to pi , or (ii) predicted scores

are proportional to p̂i .

Both possibilities were viewed as justi�able. The various prediction algorithms were

trained to predict observed proteasomal cleavage sites, so are being trained to re-

produce the total probability of cleavage, pNi . However, the input feature vector

to all 3 algorithms is a frame of variable length, centered on the queried cleavage

site. Hence, the algorithms are not forming their predictions from the entirety of the

protein sequence, so could be argued to be predicting p̂Ni .

We tested both possibilities and found that, although both assumptions resulted in

predictions that were largely consistent with the observed length distributions, the

second assumption could more faithfully reproduce the data of Kisselev et al. for

each of the three proteins. Hence, we converted scores to cleavage probabilities

using:

p̂Ni = 
 � si 0 � i � n � 2;

p̂Ni = 1 i 2 f�1; n � 1g;

(2.6)
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for the non-memoryless model.

The probability of a peptide spanning from residue i to residue j � i being formed

from a protein can thus be written as:

PN
ij = pNi�1

k=i+`�1∏
k=i

(1� r p̂Nk )

j�1∏
k=i+l

(1� p̂Nk )p̂
N
j j � i � 1 + `;

PN
ij = pNi�1

k=j�1∏
k=i

(1� r p̂Nk )p̂
N
j j = i � 1 + `;

PN
ij = pNi�1

k=j�1∏
k=i

(1� r p̂Nk )r p̂
N
j j < i � 1 + `:

(2.7)

for a protein entering the proteasome from its N-terminus �rst.

2.2.1.3 Direction of protein entry

It has been observed that substrates may enter the proteasome from their C- or N-

termini [18]. As mentioned, the memoryless model is symmetric in direction of entry.

However, the non-memoryless model produces slightly di�erent results depending on

the direction of entry. Keeping the de�nition of Xi as the number of amino acids

between site i and the previous cleavage site (now in the direction of the C-terminus),

we modify Equations 2.5 for 0 � i < n � 2, imposing Xn�2 = 1:

P (Xi = 1) = pCi+1

P (Xi = k) = P (Xi+1 = k � 1)
(
1� r p̂Ci+1

)
k � `+ 1;

P (Xi = k) = P (Xi+1 = k � 1)
(
1� p̂Ci+1

)
k > `+ 1:

(2.8)

We can therefore calculate pi from p̂i (= 
 � si) using:

pCi = p̂Ci � P(Xi > `) + r p̂Ci � P(Xi � `); (2.9)
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The probability of a peptide spanning from residue i to residue j � i being formed

by a protein entering the proteasome from its C-terminus can therefore be written:

P C
ij = p̂Ci�1

k=j�`+1∏
k=i

(1� p̂Ck )

j�1∏
k=j�`

(1� r p̂Ck )p
C
j j � i � 1 + `;

P C
ij = p̂Ci�1

j�1∏
k=i

(1� r p̂Ck )p
C
j j = i � 1 + `;

P C
ij = r p̂Ci�1

j�1∏
k=i

(1� r p̂Ck )p
C
j j < i � 1 + `:

(2.10)

2.2.1.4 Prediction of direction of entry

It has been shown using molecular dynamics that the direction of entry correlates

with the energy needed to unfold a protein from either end, with the lowest energy

cost being favoured [18]. This theoretically provides a means by which the preferred

direction of proteasomal entry could be predicted using molecular dynamics simula-

tions. However, these simulations would be prohibitively computationally expensive

for screening a large number of proteins. Hence, we conduct our analysis and model

development for both directions and take the arithmetic mean probability of product

formation, assuming a 50:50 split in entry direction for our �nal model. This was

chosen as a parsimonious strategy given that no further information about direction

of entry could viably be established.

2.2.2 Model �tting

2.2.2.1 Parametrisation dataset

The memoryless model has a single scale factor, 
, to estimate, whilst the non-

memoryless model additionally has r and ` to determine. In order to estimate these

parameters and select between di�erent candidate models, we stipulate that our

model should accurately replicate the length distribution of proteasomal products

reported by Kisselev et al. [84]. The authors studied the in vitro digestion of

ovalbumin, bovine casein and human insulin-like growth factor 1 (IGF) by mammalian

20s and 26s proteasomes. They report the length distributions of the products of

the digestion of each protein. It should be noted that these proteins were denatured
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before the experiment, so would not be expected to require further unfolding to enter

the proteasome. Hence, this would suggest that all substrates were equally likely to

enter the proteasome from either terminus.

We extracted these data using the Web Plot Digitizer [132] and retrieved protein

sequences from UniProt for ovalbumin (P01012), casein (P02666) and IGF (P05019)

in FASTA (amino acid sequence) format.

2.2.2.2 Cleavage prediction algorithms

Each FASTA �le was initially passed through one of 6 di�erent proteasomal cleavage

prediction algorithms, returning scores, si , corresponding to the probability of each

residue, i , in the protein being cleaved.

These algorithms are all trained using one of two types of data:

1. Data from in vitro digestion of proteins by proteasomes.

2. Data sets of known epitopes (e.g. IEDB).

In the second case, it is assumed that the proteasome generated the C-terminus of

the epitope, giving positive examples of cleavage sites, whereas the proteasome did

not cleave the remaining peptide bonds in the epitope, giving negative examples of

cleavage sites. In this way, this binary labelled data can be used to train a predictive

model of proteasomal cleavage. It should be noted that epitope data su�ers from

biases caused by peptide-MHC binding a�nity and TAP translocation speci�city,

amongst other confounding variables. However, it is much more abundant than

in vitro proteasomal digest assays, so is sometimes preferred for the training of

proteasomal prediction algorithms.

Furthermore, the in vitro proteasomal digest assays may not be indicative of pro-

teasomal behaviour in vivo. Depending on the timepoint chosen by the investigator,

proteasomal products may have undergone subsequent digestion, giving an overrep-

resentation of certain cleavage events. The denaturing of substrates and the choice

of substrate length may also create di�erent conditions to those in vivo, signi�cantly

a�ecting the observed proteasomal activity. Other factors, such as the source of

the proteasomes, the inclusion of a no-proteasome control, and the bu�er conditions

would also be expected to a�ect the data and may vary across studies. Hence, the

in vitro proteasomal data may not be more suitable for training a predictive model

than the epitope data.
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Algorithm

(version)

Immuno- /

constitutive?

Training data

type

Refer-

ence

NetChop No epitopes [115]

NetChop (20s) No in vitro assays [115]

Pepsickle

(epitope)

No epitopes [165]

Pepsickle

(in-vitro)

Yes in vitro assays [165]

Pepsickle

(in-vitro-2)

Yes in vitro assays [165]

BiLSTM No epitope [175]

Table 2.1. Summary of proteasomal cleavage prediction algorithms chosen for study in this

thesis.

The algorithms considered are summarised in Table 2.1 and were chosen over other

algorithms for investigation because of the superior e�cacy they demonstrated in

benchmarks of comparable proteasomal prediction methods [138, 165, 175].

For algorithms distinguishing between constitutive and immunoproteasome speci�city

we selected the constitutive version, since Kisselev et al. sourced their proteasomes

from rabbit skeletal muscle due to their homogeneous composition of solely consti-

tutive proteasomes.

The bidirectional long short-term memory (BiLSTM) predictor recently proposed by

Ziegler et al., who reported state of the art performance, was not provided as a pre-

trained model and had to be trained using the source code provided in the original

paper [175]. We found comparable cross-validation performance to the reported

�gures, indicating that the training was a success.

2.2.2.3 Optimisation of model parameters

The resulting scores from each algorithm were passed to each of the two probabilistic

models de�ned in Sections 2.2.1.1 and 2.2.1.2, from which the probability of each

product of length 1 to 32 amino acids was calculated and used to determine the

expected number of products of each length. This was preferred to a stochastic

implementation in order to reduce noise in parametrisation and ensure reproducibility.

The predicted cumulative distributions were compared to Kisselev et al.'s empirical

cumulative distributions and the total sum of squared errors (SSE) was taken as the
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loss function. This loss function was minimised using the covariance matrix adap-

tive evolution strategy (CMA-ES) optimisation algorithm for the non-memoryless

models, and the exponential natural evolution strategy (XNES) for the memoryless

model. CMA-ES was selected as it has been reported to outperform other o� the

shelf optimisation algorithms on benchmark tasks. However, CMA-ES does not work

for 1D optimisation, so the XNES algorithm was chosen for the memoryless model.

Both algorithms were implemented by using the optimisation toolkit in the Prob-

abilistic Inference on Noisy Time Series (PINTS) package in Python with default

hyperparameters [40].

The parameter, `, was �xed for each optimisation at a value in f1; 2; 3; 4; 5; 6g

because of its physical restriction to integer values (corresponding to number of

residues). For ` � 6, the sum of squared errors increased substantially, suggesting

that that it was su�cient to restrict our search space to smaller natural numbers.

The other parameters were permitted to take values 
 2 [0; 1] and r 2 [0; 1] and

optimisations were initialised at random start points along the unit line or square

respectively.
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2.3 Results

2.3.1 Predictions of memoryless model

Figure 2.3. Illustrative plots for the 6 algorithms showing the range of model predictions

for the memoryless model (blue shaded areas) compared to the observed Kisselev length

distributions (shown by red squares).

The predictions of the memoryless model were found to consistently overestimate

the number of products of short lengths (� 5 amino acids) across all 6 algorithms

(see Figure 2.3). This motivated the development of the non-memoryless model,

with a reduced rate of trimming following a successful cleavage in order to prevent

short products from being formed.

2.3.2 Predictions of non-memoryless model

Motivated by the low number of products of short lengths, we altered the probabilistic

model to incorporate reduced proteasomal activity for peptide bonds following a

successful cleavage event. For all algorithms, we found that a reduction in activity

for the following 3 peptide bonds after a successful hydrolysis was able to reproduce
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the Kisselev length distributions far more faithfully than the memoryless model (see

Figure 2.4).

The best performing of the 6 algorithms considered were the BiLSTM algorithm,

which had the lowest mean squared error for casein, and the epitope version of the

NetChop algorithm, which showed the highest e�cacy for ovalbumin. The best

performing algorithm on IGF was the Pepsickle in-vitro algorithm. However, this

algortihm performed comparatively poorly on the prediction of casein and ovalbumin

product lengths.

2.3.3 E�ect of substrate entry direction on product length dis-

tribution

The direction of entry to the proteasome (C-terminus or N-terminus �rst) appeared

to have very little e�ect on the distribution of substrate lengths predicted by the

model. For every algorithm and protein, the lines corresponding to the distributions

predicted for each direction are barely distinguishable in Figure 2.4. Di�erences in the

overall quality of �t (indicated by MSE) did not reveal a large di�erence in e�cacy

for a speci�c direction for any of the proteins.

2.3.4 Prediction of ovalbumin digestion

To test and compare each algorithm's ability to accurately estimate the yield of

speci�c products, we compared the predicted e�ciency of generation of SIINFEKL

and its N-terminally extended precursors to measured yields from Cascio et al.'s study

of denatured ovalbumin digestion by 20s constitutive and immunoproteasomes [34].

As with the Kisselev data, we expected the denaturing of ovalbumin to result in the

substrate being equally likely to enter the proteasome from each terminus, so plot

the arithmetic mean of the predicted yield in Figure 2.5, with error bars showing the

yield from either direction.

Where applicable, versions of models trained exclusively on constitutive or immuno-

proteasome data were used for the corresponding predictions.

Although the direction of proteasome entry was found to have negligible e�ect on

the product length distributions (in Figure 2.4), it was found to a�ect the predictions

of speci�c products (shown by the error bars in Figure 2.5). The largest e�ect was

seen for the NetChop algorithm trained on epitope data. On average, the yield of the
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Figure 2.4. Comparison of algorithm performances on Kisselev dataset (shown in red),

assuming protein entry from C- (dashed) or N-terminus (solid). Algorithms are: (a) Pepsickle

(epitope), (b) Pepsickle (in-vitro), (c) Pepsickle (in-vitro-2), (d) NetChop, (e) NetChop20s,

(f) BiLSTM. Mean squared error is shown for each method in the legend.
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Figure 2.5. Comparison between predicted yields using di�erent algorithms and measured

yields of SIINFEKL (S) and its precursors (X + S) by Cascio et al. [34]. Error bars on

predictions represent the predictions assuming entry from the N-terminus or the C-terminus.

Error bars on the measured data represent reported standard errors.
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Algorithm Constitutive Immunoproteasome

Rp Rs Rp Rs

BiLSTM 0.515 0.541 0.110 0.200

Pepsickle (epitope) 0.714 0.955 0.825 0.927

Pepsickle (in-vitro) 0.887 0.649 0.882 0.818

Pepsickle (in-vitro-2) 0.643 0.541 0.445 0.273

NetChop 0.627 0.775 0.801 0.909

NetChop20S 0.859 0.685 0.553 0.418

Table 2.2. Correlation of predicted peptide yields with Cascio et al. measured yields following

ovalbumin digestion by constitutive and immunoproteasomes. Correlation is given in terms

of the Pearson correlation coe�cient, Rp, and the Spearman correlation coe�cient, Rs .

7 peptides was predicted by NetChop to be approximately 65% higher when entering

from the C-terminus than from the N-terminus. This is due to the bonds following

the phenylalanine and lysine residues near the C-terminus of SIINFEKL, which are

given cleavage scores of 0:833 and 0:931 respectively by NetChop. Having entered

the proteasome from the N-terminus, these bonds are highly likely to be cleaved.

However, when entering from the C-terminus, these bonds are cleaved at a diminished

rate following the successful cleavage of the leucine at the C-terminus. This results

in a substantial increase in the production of SIINFEKL and its N-terminally extended

precursors.

We found similarities in predictions across algorithms depending on whether they

were trained on in vitro digestion assays or epitope data sets. Both the Pepsickle

epitope version and NetChop predict high yields of 1+S and 4+S, whereas the in

vitro versions predicted yields of approximately one third or less of this magnitude.

No algorithm correctly reproduced the hierarchy of product yields observed by Cascio

et al. However, the maximum Pearson correlation coe�cient across any model was

Rp = 0:887 for the Pepsickle (in-vitro) model for the constitutive proteasome and

Rp = 0:882 for the immunoproteasome. This was notably higher than any of the

other 5 prediction algorithms across the two proteasomes, although NetChop20S

showed similar e�cacy on the constitutive proteasome study, and Pepsickle (epitope)

and NetChop for the immunoproteasome data (see Table 2.2). Interestingly, the

BiLSTM algorithm was the worst performing algorithm on both data sets, despite

best �tting the product length distribution.
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2.4 Discussion

2.4.1 Proteasomes ine�ciently produce short peptides

Our analysis suggests that the assumption of independent cleavage by the proteasome

across all sites in a substrate is incompatible with the low number of short (<3 aa)

peptides produced by in vitro digests. This is not a unique feature of the Kisselev

dataset | a scarcity of 2mers and 3mers was also observed by Nussbaum et al.

following the digestion of enolase 1 [116].

It is possible that this could be an artefact of the size-exclusion chromatography

(SEC) technique used to analyse proteasomal digest product lengths. Short products

might be too small to be e�ectively separated by the SEC column, resulting in an

underestimation of their yield. However, without strong evidence to support this,

we assume that this phenomenon is the result of the structure and function of the

proteasome.

To address this, we developed a model of proteasomal cleavage that includes a

reduced rate of cleavage downstream of successfully cleaved bonds. We postulate

that this reduced cleavage rate might be caused by the newly exposed terminus being

unstably bound in the 20s subunit, becoming increasingly stable again as more of the

polypeptide chain feeds through the proteasome. This is purely conjecture and would

require further investigation. However, an investigation of proteasome structure is

outside the scope of this modelling thesis and the underlying cause does not a�ect

the results or application of our model.

2.4.2 The direction of substrate entry a�ects speci�c product

formation but not length distribution

A study into ovalbumin cleavage upon entering the proteasome from either terminus

found that activity was similar from either end in vitro, but that the speci�c products

formed were di�erent following digestion from the N- and C-termini [18]. This is

another phenomenon that could not be explained by the memoryless model, since

the predictions are independent of the direction of trimming.

In the non-memoryless model, whilst direction of entry was not predicted to a�ect

length distributions, we predicted a small di�erence between the probabilities of prod-

uct generation for all algorithms when trimmed from opposite termini, as shown by

the error bars in the bar plots in Figure 2.5. Somewhat surprisingly, almost every
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algorithm predicted an enhanced rate of SIINFEKL and precursor production when

ovalbumin was trimmed from its C-terminus, despite Berko et al.'s observation that

the N-terminus is preferred the preferred direction in vivo.

2.4.3 Choice of cleavage prediction algorithm

Our research did not yield an obvious choice of `best' algorithm from the six consid-

ered. Although BiLSTM performed best in the prediction of product length distribu-

tions, it was the worst performing method for the prediction of speci�c products of

ovalbumin digestion. This suggests that the performance of each algorithm in repro-

ducing the Kisselev length distributions is the result of the distribution of cleavage

scores returned by the algorithm rather than any indication of accurate prediction of

speci�c cleavage site probabilities.

Although the ovalbumin yield data of Cascio et al. provided a helpful sanity check

that our models are generating product probabilities of the correct magnitude, we

found considerable incongruence between the observed product yields and most of the

models' predictions. The best performing methods were the Pepsickle (in-vitro) and

(epitope) methods, which were substantially better than all other methods across

both studies. Cascio et al.'s data set was not included in the training set of the

Pepsickle models, suggesting that this performance might be a fair representation of

these models' predictive performance on unseen data.

Algorithms trained using epitope data (excluding BiLSTM) appeared to overestimate

the production of 1+S and 4+S. This could be indicative of these models learning

the rules of other features of the antigen processing pathway as a consequence of

their training data. Interestingly, both of these peptides contain glutamic acid at the

N-terminus. One interpretation could be that they are learning that glutamic acid is

extremely ine�ciently cleaved by ERAP1 and cytosolic aminopeptidases [6, 72], so

is more likely to appear on the cell surface on the N-terminus of an epitope (ignoring

the e�ect of MHC-I a�nities).

This highlights the problem with using methods trained on such data, particularly for

inclusion in a model of the antigen processing pathway in which some of these other

features are going to be explicitly modelled. Utilisation of these methods puts one at

risk of double-counting the e�ects of TAP translocation, cytosolic aminopeptidase

speci�city, ERAP1 speci�city, MHC-I binding a�nity, and other stages in the pathway.
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2.4.4 Limitations

Our analysis in this chapter is heavily limited by the availability of appropriate data

with which to test our models. We used only 3 proteins in a single study to fully

parametrise our models to be consistent with observed length distributions. We then

compared leading proteasomal prediction algorithms using a single study's reports of

the production e�ciency of only 7 di�erent peptides, all from one of the proteins

(ovalbumin) used during parametrisation.

We must therefore be very careful about the conclusions we draw from our results.

Using such a small test set, it would be unwise to dismiss any of the prediction

algorithms for lack of e�cacy, although the performance of the BiLSTM algorithm

should certainly be viewed as concerning.

2.4.5 Future work

In future, it may be possible to use the mechanistic model of the antigen processing

pathway presented later in this thesis to train a predictor of proteasomal cleavage

probabilities by using epitope data without the risk of biases introduced by the e�ects

of by TAP, ERAP1 or MHC-I binding a�nity. One could �x all parameters in the

model except for the proteasomal component. The mechanistic model would then act

as a head on the predictions of a neural network, for instance, returning proteasomal

cleavage scores. Training of the neural network would then involve the mechanistic

model being simulated for each epitope at each iteration. A possible complication

here would be the additional computation required to simulate the model so many

times. If this proved problematic, a reasonable approximation to the mechanistic

model could be used as a surrogate to still capture the e�ects of TAP, ERAP1 and

MHC-I loading.

2.4.6 Concluding remarks

In this chapter, we have introduced a probabilistic model to estimate the probability

of speci�c peptide product formation by the proteasome. In order for this model

to be consistent with reported length distributions in the literature, the probability

of cleavage of each bond in the protein must be dependent on whether the bonds

upstream of it are cleaved. This introduces a dependence on the direction in which

the protein enters the protein | either from its N-terminus or C-terminus |- which

is consistent with observations in the literature [18]. We compared three families of

proteasomal cleavage prediction algorithms' abilities to predict ovalbumin digestion
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and product length distributions. The latter revealed no major di�erence between

the algorithms, whilst on the former task the Pepsickle in-vitro model showed the

greatest e�cacy.

In subsequent chapters, we show how this model integrates into a mechanistic model

of the antigen processing pathway by providing a source of epitope and N-terminally

extended precursors to the cytosol.



Chapter 3

Pan-species prediction of TAP

binding a�nity

After proteasomal digestion, epitopes and N-terminally extended epitope precursors

are released into the cytosol. The cytosol is a harsh environment with many di�erent

amino-, carboxy- and endopeptidases rapidly destroying free peptides [166]. As a

consequence, peptide half-life in the cytosol is generally only a matter of seconds

[96]. For a peptide to be e�ciently supplied to the endoplasmic reticulum (ER), it

is therefore crucial that it is translocated from the cytosol to the ER before it is

destroyed.

Peptides are translocated by the transporter associated with antigen processing

(TAP) | a member of the ATP binding casette (ABC) family of transporters. In

this chapter, we predict the e�ciency of translocation of peptides by TAP by pre-

dicting binding a�nities from peptide sequence. In doing do, we address limitations

in existing approaches by the construction and use of a larger training set, and adopt

a versatile framework that results in accurate estimation for peptides of epitope and

precursor length.

3.1 Introduction

The transporter associated with antigen processing (TAP) is a heterodimer complex

of TAP1 and TAP2 located in the membrane of the endoplasmic reticulum (ER). The

current working model of the translocation mechanism of TAP is shown in Figure

3.1 and can be broken down into 4 stages:

49
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Figure 3.1. Schematic of the mechanism of action of peptide translocation by TAP. Figure

taken from [100].

1. In the initial inward-facing state, the trans-membrane domains (TMDs) of

TAP1 and TAP2 block peptides from di�using into the ER lumen.

2. A peptide in the cytosol binds to the two TMDs. Independently of this, ATP

binds to each of the non-binding domains (NBDs).

3. The peptide binding to TAP triggers an allosteric change in the TAP structure,

bringing the NBDs together and switching the TAP to the outward-facing state,

releasing the peptide into the ER lumen.

4. ATP is hydrolysed to form ADP. This destabilises the NBD dimer and causes

the transporter to reset to its inward-facing, resting state.

In modelling the process of TAP translocation, we assume that the binding of ATP is

rapid and not rate-limiting. Instead, we focus our attention on predicting the a�nity

of peptide binding to the TMDs and assume that the mechanism can be represented

by a classical enzyme-substrate system:

?
gC
i

��*)��
dC
P

P C
i + S

bi
��*)��
uS

SPi
kS
��! P ER

i + S; (3.1)

where TAP is represented by S, the peptide by Pi and the superscripts ER and C are

used to denote the compartment in which the peptide is located. In this chapter, we

focus our attention on the prediction of the peptide-TAP binding a�nity. Binding

a�nity is generally given in terms of the dissociation constant, KD := uS=bi .



3.2. METHODS 51

Prediction of peptide-TAP binding a�nity is a well-studied problem in the literature,

with continued attention from researchers over the past 20 years. Whilst advances

in machine learning understanding and computational power have resulted in incre-

mental improvements in prediction accuracy, existing algorithms for binding a�nity

prediction all share the same 3 limitations:

1. Lack of length diversity in training data (usually only 9mers) and/or lack of

ability to form predictions for non nonameric peptides.

2. Training data and predictions only valid for humans.

3. Limited size of training data (generally the same 613 peptides used).

In this chapter, we aim to address all 3 of these problems through the creation of the

�rst pan-species TAP binding a�nity prediction model. This was in part motivated

by the wealth of data available for measured TAP binding a�nities using murine or

rat TAP alleles, currently being unused for training predictive models [31, 69]. We

were also inspired by the performance bene�ts gained by training a single model to

predict peptide-MHC binding a�nities across all MHC-I alleles in the development

of NetMHCpan [114].

3.2 Methods

3.2.1 Construction of a training set

3.2.1.1 Data sources

The basis of our training set was the commonly used DS613 set of measured a�nities

(IC50) for 613 di�erent 9mer peptides using human TAP compiled by Diez-Rivero

et al. [48]. We expanded this dataset through the addition of 65 additional human

TAP binding a�nities, expanding the diversity of substrate lengths to 8-15 amino

acids.

The murine TAP binding a�nity dataset of Burgevin et al. [31] was also incorporated,

along with Gubler et al.'s measurements for the rat a and u haplotypes [69].

These data were predominantly discovered via the MHCBN database [95]. Where

only available in paper �gures, data was extracted using the Web Plot Digitizer [132].

The resulting dataset contained 1,343 peptides with binding a�nities spanning over

5 orders of magnitude. This is summarised in Table 3.1.
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Description Species # peptides Lengths Reference

DS613 Human 613 9 [69]

Burgevin Mouse 323 8-11 [31]

Chang Human 7 9 [36]

Daniel Human 16 10-14 [44]

Van Endert Human 23 8-12 [156]

Fleischhauer Human 6 9-10 [59]

Gubler Rata, Ratu 342 9 [69]

Lucchiari-Hartz Human 4 8-11 [103]

Uebel-95 Human 7 10-15 [154]

Uebel-97 Human 2 9 [155]

Table 3.1. Summary of curated pan-species TAP binding a�nity data.

3.2.1.2 Standardisation of units

All discovered binding a�nities were converted from their presented units into nM.

Some data were discovered in terms of binding a�nity relative to the KD of the

commonly used reference peptide, RRYNASTEL (R9L). We considered an IC50 of

400nM for R9L, in keeping with previous work [48]. Finally, the logarithm of base 10

was taken of all binding a�nities to facilitate the model convergence and to avoid

the prediction of any non-physical negative binding a�nities.

3.2.1.3 Data preprocessing

A small subset of the dataset consisted of peptides which appeared 2 or 3 times.

This was primarily due to peptides studied by Gubler et al. in their alanine scan assay

with human, rata and ratu TAP [69]. Repeated peptides from the same species were

replaced by the geometric mean of their binding a�nities in order to avoid putting

excessive weight in the loss function on any one peptide. Repeated peptides from

di�erent species were kept separate in the hope that this would help the model to

learn the rules behind inter-species di�erences in TAP binding.
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3.2.2 TAP binding a�nity predictive model training

3.2.2.1 TAP pseudosequence

A pseudosequence is a reduction of a full protein sequence to a speci�c subset of the

residues. Adjacent amino acids in the pseudosequence are therefore not necessarily

adjacent in the original protein sequence, but the order is typically preserved. To

induce the regressive model to better learn inter-species di�erences in binding a�nity,

we reduced the TAP1/TAP2 reference sequences for each species to an 18 residue

pseudosequence, as shown in Figure 3.2.

Figure 3.2. Pseudosequences for the 4 TAP alleles in our model.

To produce this sequence, we �rst reduced the primary structure to the 15 and 17

residues from TAP1 and TAP2 implicated in peptide binding by Lee et al.'s cryo-EM

structures of TAP-bound 9mers [99]. 14 of these residues were identical across all

species and alleles, so were dropped from the �nal pseudosequence as they would be

expected to add no value to the prediction.

3.2.2.2 Regression technique selection

An initial comparison of regressors in the scikit learn Python package indicated that

support vector regression (SVR) with a radial basis function (Gaussian) kernel was

able to capture the non-linearities in the data better than the other candidate meth-

ods (SVR with linear kernel, lasso regression, and ridge regression).

SVR is generally viewed as better-suited to problems with small training datasets,

so was preferred over a multi-layer perceptron. SVR is also a convex optimisation

problem, so is guaranteed to converge to a unique solution. Furthermore, previ-

ous models of TAP binding a�nity have also utilised SVR to good e�ect [20, 48],

suggesting that the method is well-suited to this problem.
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3.2.2.3 Peptide length standardisation

The peptides within our training set exhibit varying lengths, spanning from 8 to 15

amino acids. Given that regressive models require a consistent dimension of input

features, it became imperative for us to standardise the length of the peptides in

our training set. This standardisation was accomplished by the trimming of longer

peptides and the padding of shorter ones.

To objectively evaluate the impact of di�erent padding and trimming strategies, we

systematically explored a spectrum of techniques. Each strategy can be uniquely rep-

resented by the target peptide length, k , and the padding or trimming start position,

i . To illustrate, an n-mer is converted to length k by the following rules:

p1p2 : : : pn !



p1p2 : : : pipn+i�k : : : pn if n > k

p1p2 : : : piX1 : : :Xk�npi+1 : : : pn if n < k

p1p2 : : : pn if n = k

where pj denotes the amino acid at position j in the peptide and X is an unknown

amino acid, often used as a padding token in such contexts.

The optimal padding and trimming strategy was selected through a preliminary ex-

periment by encoding the peptide and amino acids with the BLOSUM62 substitution

matrix and tuning hyperparameters as described in 3.2.2.6. The strategy returning

the lowest mean squared error was used for the remainder of the analysis.

The �nal set of peptides was concatenated with the relevant pseudosequence, as

outlined in Subsection 3.2.2.1.

3.2.2.4 Amino acid encoding

The amino acids in the concatenated peptide and pseudosequence were converted

to numerical representations using three types of encoding.

1. A substitution matrix (e.g. BLOSUM62) using the BioPython package [37].

2. A matrix of physicochemical features from the AA Index database, reduced

from 566 to 19 dimensions through principal component analysis, motivated by

Wang et al.'s success in using these features to train neural networks [81, 163].
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Figure 3.3. Summary of the process for producing input features for the regressive model. In

this example, we are considering a padding strategy starting at position 5 and standardising

to length 12.

3. A sparse encoding (sometimes referred to as one-hot encoding).

For each encoding, hyperparameters were tuned separately following the protocol in

Subsection 3.2.2.6.

3.2.2.5 Length encoding

Although our input features must be of uniform length, we anticipated that the

substrate length would a�ect the models predictions based on the observation that

TAP binding a�nity diminishes for substrates above 11 amino acids in length [73,

74, 141]. The original peptide length (i.e. before padding or trimming) was hence

included in the input features using a sparse encoding vector of zeros of length 8, with

a solitary 1 at the index corresponding to the peptide length minus 8. This sparse

encoding was appended to the end of the peptide and pseudosequence encoding

vector.

The construction of an input vector from the peptide sequence, TAP source organism

and peptide length is summarised in the illustration in Figure 3.3.

3.2.2.6 Hyperparameter tuning

Hyperparameters were tuned using a randomised search across the 3-dimensional

parameter space (as randomised searches are believed to be more e�cient than

grid searches [17]). Input features were scaled by either scikit-learn's MinMaxScaler

(which normalises each feature between 0 and 1) or the StandardScaler (which

�ts a standard normal distribution to each feature) [125]. The SVR regularisation
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Hyperparameter Search distribution

Input scaling fMinMaxScaler;StandardScalerg

Regularisation C � Loguniform(1; 100)

Insensitive loss width � � Loguniform(0:001; 1)

Table 3.2. Search space for randomised hyperparameter search.

parameter, C, was sampled from a log-uniform distribution between 1 and 100 and the

width of the �-insensitive loss was sampled from a log-uniform distribution between

0.001 and 1. These search space ranges were in part guided by the advice of Smets

et al. [144].

For each run of the hyperparameter tuning, 250 sets of hyperparameters were ran-

domly sampled and the resulting model performance evaluated by mean-squared error

across a 10-fold cross-validation. The hyperparameter search domain are summarised

in Table 3.2.

The randomised search and evaluation was carried out using scikit-learn's Random-

izedSearchCV with a Pipeline to prevent any data leakage [125].

3.2.2.7 Cross-validation

As mentioned in subsection 3.2.2.6, model performance was evaluated by a 10-fold

cross-validation. All peptides in Gubler et al.'s dataset occur in 3 copies in our training

dataset | one for human TAP and another for each rat haplotype. We ensured that

these peptides were separated into the same folds to prevent any in
ated estimate of

model generalisation by using scikit-learn's GroupKFold function. This guaranteed

that any peptides in the test fold were completely unseen during model training.

3.2.2.8 Ensemble construction and selection

After hyperparameter tuning, we investigated whether taking an average ensemble of

SVR models trained on di�erent peptide encodings would result in an improvement

in performance. We took all possible encoding combinations of size 2 to 10 and took

the arithmetic mean of their predicted logarithmic binding a�nities. The ensemble

performance was evaluated using the same cross-validation splits as for the single

encodings to enable a fair comparison.
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Figure 3.4. Comparison of di�erent strategies to convert peptides to uniform length (colour

corresponds to the log of the MSE to improve visibility).

3.3 Results

3.3.1 E�ect of padding strategy

A systematic comparison of padding strategies revealed that starting padding or

trimming after the �rst 3 amino acids from the N-terminus was the most e�ective

strategy, as shown by the band of darker color in Figure 3.4. The best-performing

standardised peptide length was 11 amino acids, although we did not �nd a signi�cant

di�erence between any lengths between 9 and 15 residues (using a paired one-tailed

Wilcoxon test, p > 0:05).

3.3.2 E�ect of amino acid encoding

The cross-validation performance of the best model for each encoding strategy is

shown in Figure 3.5. We found that BLOSUM45 matrix was the best-performing

encoding, resulting in signi�cantly lower MSE than all encodings from Johnson to

Dayho� (paired one-tailed Wilcoxon test, p < 0:05). Matrices from the same family

(i.e. BLOSUM and PAM) typically performed similarly to one another.

3.3.3 Results of ensemble construction

The e�ect of ensembling SVR models trained using di�erent amino acid encodings is

shown in Figure 3.6. We found that ensembling the BLOSUM45 and sparse models

resulted in a substantial drop in MSE. Further additions to the ensemble contributed
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Figure 3.5. Accuracy of models trained using di�erent amino acid encodings over 10-fold

cross-validation. Methods are ordered by the average mean-squared-error across across all

folds.

Figure 3.6. E�ect of increasing ensemble size on MSE. Members of best ensemble of each

size are shown by bars. MSE from average ensemble shown by superimposed line plot.
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incremental improvements in overall model accuracy until an ensemble size of 6 was

reached, beyond which any addition to the ensemble resulted in a loss of accuracy.

The members of the best performing ensemble method come from a diverse range

of all three types of amino acid encoding strategy. No two versions of the same

encoding (e.g. BLOSUM62 and BLOSUM45) were in our optimal ensemble.

Although the �rst two encodings to be added to our ensemble were amongst the top

ranked methods in Figure 3.5, the risler and rao substitution matrices also ended up in

our optimal ensemble, despite being in the bottom 50% of encodings on performance

as individual models.

3.3.4 Performance by species

The 10-fold cross-validation predictions of the best performing ensemble were split

by TAP allele and are plotted separately in Figure 3.7.

The best correlation between measured and predicted a�nities was found for the u

haplotype of rat TAP (Rp = 0:9055), which also had the lowest MSE. Conversely,

the worst correlation was found for the other rat allele, Rata, due to many of the

higher IC50 scores being underestimated by our model.

Both the human and murine datasets had substantially higher MSE than the rat

datasets. We considered that this might be caused by the rat datasets solely con-

sisting of 9mers, whereas the human and mouse datasets contain peptides of varying

lengths. To test this idea, we re-calculated the MSE for only the 9mers in the human

and mouse datasets. For the human data, this gave a modest drop in MSE from

0.3297 to 0.3239. For the mouse data, this led to an increase in MSE, from 0.3490

to 0.3736, thus disproving our hypothesis.

3.3.5 Performance by length

The e�ect of substrate length on predictive accuracy was evaluated using the 10-

fold cross-validation predictions and is shown in Figure 3.8. The highest accuracy for

well-represented lengths (making up over 2% of the total training data) was found

for 9mers, which make up the majority of the training data (88.4%). Performance for

lengths with few examples in the training set (12 to 15 residues) varied substantially.
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Figure 3.8. 10-fold cross-validation mean squared error by peptide length across all species.

Bars are coloured by the number of peptides of that length in the training set.

Model Pearson r Spearman r Reference

PanTAP 0.8907 0.9077 This thesis

DeepTAP 0.8906 0.9001 (Zhang et al.) [172]

TAPREG - 0.89 (Diez-Rivero et al.) [48]

TAPPred - 0.88 (Bhasin and Raghava) [20]

SVMTAP - 0.82 (Donnes and Kohlbacher) [52]

ADM - 0.74 (Doytchinova et al) [50]

SMM - 0.82 (Peters et al.) [126]

PanTAPy 0.8901 0.8987 This thesis

Table 3.3. 10-fold cross-validation performance comparison on DS613 with other tools,

reproduced from [172]. y model tuned and trained only on human binding a�nity data.
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3.3.6 DS613 benchmark against existing methods

3.3.6.1 Models in the literature

We include a comparison of performance on the standard DS613 dataset in Table

3.3. Our best ensemble model (which we henceforth refer to as PanTAP) displayed

performance close to or better than the state-of-the-art, although caution should

be exercised due to di�erent cross-validation splits likely being used by the models.

The performance of other models was taken from Zhang et al., who had collated

performances from the original publications [172].

3.3.6.2 Human only model

To estimate the performance bene�t or detriment PanTAP obtains from using pan-

species data, we performed an ablation, repeating the entire model development

process (from padding strategy selection through to ensemble selection) using only

human data. This is included for comparison in Table 3.3. The pan-species data

appears to have a small positive e�ect on both correlation coe�cients, but well

below the level required to be signi�cant (tested through Fisher transformations and

z-tests).

The e�ect is more pronounced for mean-squared error: PanTAP records an MSE

of 0.3087 on the DS613 dataset, whereas the human only model had an MSE of

0.3135. However, a paired student t-test indicated that there was no signi�cant

di�erence between the MSEs of the two models (p = 0:7153, two-sided test).

3.4 Discussion

3.4.1 Optimal padding/trimming strategy aligns with anchor

residues

The investigation of padding strategies revealed a clear preference towards the in-

clusion of the �rst 3 amino acids from the N-terminus. These, along with the

C-terminus, are the sites identi�ed by Uebel and Tampe as being key in the binding

of peptides to TAP [154, 155]. What is perhaps surprising is that we did not �nd

any bene�t in also considering P4, since this has been recently reported by Lee et

al. to interact with TAP1 in the binding of a 14mer [99]. However, Lee et al. only
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present a structure for a single 14mer (LPAVVGLSPGEQEY), so this may not be

indicative of how TAP binds to 14mers in general.

Although the lowest MSE came from a length of 11 amino acids, we found no signif-

icant di�erence between any lengths between 9 and 16 residues. This is consistent

with what we would expect, since the central residues in structures of longer peptides

bound to TAP are not in contact with either binding pocket [99], so their composition

should not have a large impact on the binding a�nity.

3.4.2 Pan-species prediction

One of the main motivations behind training a pan-species predictor was to be able

to apply it to the modelling of antigen processing in pre-clinical models. PanTAP

makes accurate predictions across 4 di�erent TAP alleles and, through the passing of

a pseudosequence, is theoretically able to make predictions for any sequenced TAP

allele, so could be applied to the study of non-human primates, as well as the obvious

application to mouse models. This could be useful in the elucidation of pre-clinical

failures which may be down to the di�erences between animals and humans rather

than limitations in the treatment being studied.

3.4.3 Ensembling of amino acid encodings

The ensembling of regressors trained using di�erent representations of amino acids

proved advantageous to performance. This mimics the �ndings of Jorgensen et

al. who took an ensemble of models trained using sparse and BLOSUM62 peptide

encodings and observed a similar improvement in performance during the training

of NetMHCstab [80]. The fact that our �nal ensemble consisted of encodings with

vastly di�ering performance as individual methods is consistent with the empirical

observation that ensembles of diverse methods tend to yield bigger reductions in

variance [88].

To our knowledge, this is the �rst systematic construction of an ensemble from the

full range of substitution matrices available in the biopython package. However,

the computation required to train and test so many models would be thoroughly

impractical on a larger dataset. Since the performance of our size 2 ensemble of

sparse and BLOSUM45 encodings was only slightly worse than the size 6 ensemble,

and considering the success of the similar approach of Jorgensen et al., a reasonable

strategy for a larger dataset would be to investigate a combination of only these two

encodings.
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3.4.4 Limitations

A major limitation of our model training is the lack of heterogeneity in peptide length

in the training set. This makes it hard to estimate performance on non-nomameric

peptides. Although model performance was found to be better for 9mers than other

length peptides, this could be heavily driven by the fact that performance across the

two rat datasets (both exclusively consisting of 9mers) was superior to that of the

human and murine datasets.

Although the bulk of in vitro measurements for TAP binding a�nity are for 9mers,

it is believed that many of the translocated peptides in vivo will be N-terminally

extended precursors of epitopes, so will likely be 10 amino acids in length, or longer.

Hence, it is crucial that we have more con�dence in our model's ability to predict

binding a�nities of longer substrates.

3.4.5 Comparison to previous work

To our knowledge, there is no published predictive model of TAP binding a�nity

designed to form predictions for multiple species. We anticipate that a pan-species

model might be helpful tool in identifying discrepancies between human and animal

antigen presentation, which may prevent erroneous conclusions being drawn from

pre-clinical animal models.

Furthermore, most previous models were designed for prediction of 9mer binding

a�nity only, with the exception of Peters et al.'s stabilised matrix method [126].

This is a particular limitation of existing research because many translocated peptides

in vivo are expected to be longer than the length required for loading to MHC-I, as

can be inferred by ERAP1's e�ect on the peptidome [105]. In contrast, DeepTAP

generates accurate predictions for peptides in the length range 8 to 15 residues

(Figure 3.8).

3.4.6 Future directions

The combination of a larger training set from multiple species and the ensembling of

di�erent amino acid representations resulted in a model that was competitive with

DeepTAP, which uses a sparse encoding and the DS613 dataset to train a recurrent

neural network [172]. This demonstrates that the performance gain from using a

deep learning approach may be outweighed by augmentations to the training set or

increased focus on amino acid encodings.
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Nonetheless, Zhang et al. were able to make incremental improvements on previous

SVR-based methods by utilising RNNs, which would imply that the non-linearities

in the TAP-peptide binding problem cannot be completely captured by a Gaussian

kernel trick. Therefore, a logical next step would be to train a neural network using

the PanTAP training set and an ensemble of sparse and BLOSUM45 encodings to

see if performance can be improved upon any further.

3.4.7 Concluding remarks

To summarise, in this chapter we have presented the development of PanTAP: a

novel predictor of TAP-peptide binding a�nity. PanTAP displays competitive or su-

perior e�cacy on human 9mers to methods in the literature. Furthermore, PanTAP's

design means that it can be used to predict binding a�nities for TAP alleles from

other organisms, and for peptides of lengths between 8 and 16 amino acids. This


exibility in application should render it a valuable addition to the modelling of the

antigen processing pipeline.

In Chapter 5, we shall incorporate DeepTAP into a mechanistic model of antigen

processing and show how its predictions enhance the accuracy of this model.



Chapter 4

Prediction of epitope precursor

N-terminus processing by ERAP1

4.1 Introduction

As a consequence of TAP's broad substrate length speci�city and the lengths of

proteasomal products [84], many of the peptides translocated to the endoplasmic

reticulum are likely to still be of a greater length than is optimal for binding to MHC-

I. These peptide are trimmed from their N-terminus by two aminopeptidases: ERAP1

and ERAP2.

For modelling of the antigen processing pathway, we wish to understand the role of

N-terminally extended epitope precursors generated by the proteasome and how the

removal of their extensions leads to the formation of the �nal epitope. ERAP1 and

ERAP2 have also been observed to form heterodimers which appears to enhance the

e�ciency of the two enzymes and facilitate the trimming of longer peptides [137].

However, unlike ERAP1, the ERAP2 gene is not expressed in rodents or mice, and is

not expressed as a full length protein in 25% of the human population. This points

towards ERAP2 having only a minor, indirect involvement in the processing of epitope

precursors. ERAP1's longer length preferences (8 to 16 amino acids) compared to

ERAP2 (7 to 9 amino acids) would also suggest that ERAP1 is the enzyme that is

primarily responsible for the removal of most epitopes' N-terminal extensions in the

ER. Accordingly, in this chapter we focus on predicting peptide trimming by ERAP1.

ERAP1 has been noted to have a complicated substrate speci�city, seemingly de-

pendent on the amino acid composition at most sites in the peptide [55], as well

66
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Figure 4.1. The molecular ruler mechanism: (a) A small substrate is unable to concurrently

bind the catalytic site and regulatory pockets. ERAP1 therefore stays in the lower activity

open conformation and hydrolysis of the substrate is ine�cient. (b) A peptide of 9 to 10

amino acids is able to bind the regulatory domain from its C-terminus and reach the catalytic

site from its N-terminus. This causes ERAP1 to undergo a conformational change into the

higher-activity closed conformation. A single residue is then e�ciently removed from the

N-terminus. The central residues of longer peptides bulge into the internal cavity, as shown

by the green path.

as the peptide length [35]. Studies of the structure of ERAP1 have provided an

explanation for both of these dependencies through the proposed `molecular ruler'

mechanism (Figure 4.1). For a peptide to be e�ciently trimmed, it must bind to the

enzyme's regulatory pocket at its C-terminus, causing an allosteric change in ERAP1

conformation from the open to the closed state. The distance between the catalytic

zinc site and the C-terminus has been reported as 29 �A [62]. Assuming an average

contour length of 3.5 �A per amino acid [47], this creates a lower bound of 9 amino

acids for a substrate to induce ERAP1 to enter the closed conformation. Accord-

ingly, shorter substrates are trimmed with reduced e�ciency. Despite not binding

the active site of regulatory pocket, internal residues (i.e. not at the peptide N- or

C-termini) also a�ect the strength of binding through interactions with the primary

speci�city (S1) pocket [171].

In this chapter we present a regressive predictive model to reproducing the results

of an assay frequently used to measure ERAP1 activity in the literature. We then

demonstrate how these predictions may be used to derive enzyme kinetic parameters

for use in mechanistic modelling.
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4.2 Methods

4.2.1 Construction of a training set

4.2.1.1 Type of training data

A thorough search of the relevant literature uncovered three di�erent types of assay

in which ERAP1 activity was measured and reported:

1. Average trimming rate { ERAP1 activity reported as the number of moles of

substrate depleted over the course of a single time frame (often 1 hour).

2. Enzyme kinetics { reaction rate is measured as substrate concentration is

increased. This is used to derive the catalytic rate, kcat , and the Michaelis

constant, KM.

3. Time series { a �xed initial concentration of substrate is used. The remaining

substrate is measured at di�erent times. In some cases, the products are also

tracked and their subsequent trimming by ERAP1 is measured [78].

Each type of data possesses unique advantages. Notably, assays that yield enzyme

kinetics parameters o�er the advantage of unambiguous extrapolation to contexts

with varying enzyme or substrate concentrations, as well as predictable behavior in the

presence of inhibitors. Importantly, these parameters can be seamlessly integrated

into mechanistic models downstream, making assays resulting in the identi�cation of

enzyme kinetics parameters the most desirable for our speci�c research purposes.

However, after a thorough literature search, the �rst category of data proved to be

substantially more abundant. To ensure the training of a predictive model with the

most extensive and diverse dataset available, we opted to use these assays as the

primary source of model training data.

We found 3 studies reporting this type of data for a large range of peptide lengths

and amino acid compositions. In all cases, authors had used the same concentration

of recombinant human ERAP1 (3.5 �g/ml) and initial substrate concentrations of

between 100 and 150 �M. ERAP1 activity was reported in units of picomoles of

substrate degraded per hour per nanogram of enzyme (pmol/h/ng).

We did not make adjustments for di�erences in initial substrate concentrations. This

was based on the substantial excess of substrate relative to ERAP1 (assuming a

molecular mass of 105 kDa), with a concentration ratio ranging from approximately

1:3000 in the 100�M case to 1:4500. Given this surplus of substrate compared to



4.2. METHODS 69

the enzyme, di�erences in initial conditions were expected to have a negligible e�ect

on the observed trimming rate.

4.2.1.2 Data inclusion criteria

Chang et al. measured the trimming rate of peptides longer than 16 amino acids.

However, our focus is on training a model capable of predicting ERAP1 activity for

peptides successfully translocated to the ER by TAP. It is believed that TAP primarily

translocates peptides in vivo of lengths in the range 9-13 amino acids [131], although

van Endert et al. showed similar binding a�nity for sequences in the range 9-16

amino acids in vitro [157]. A signi�cant drop in a�nity was observed when peptides

above this length were considered. When coupled with the low probability of the

proteasome generating longer products, peptides of lengths above 16 amino acids

are assumed to be a negligible minority in the ER.

Similarly, ERAP1 trimming of peptides below 9 amino acids in length has been found

to be extremely ine�cient in vitro, in accordance with the molecular ruler mechanism.

However, Chang et al. report certain 8mers being trimmed at rates of approximately 5

pmol/h/ng. This level of trimming could have a signi�cant e�ect on the presentation

of 8mers through the class I presentation pathway, so we opted to include length 8

peptides in our training set. Shorter peptides were discarded as they were below the

required length for presentation by MHC-I and are trimmed extremely ine�ciently by

ERAP1 [35].

York et al.'s paper only contained only a single peptide not found in Chang et al.'s

paper (MIINFEKL). Rather than including the mean of the measurements in the two

studies, we chose to include both data points for each peptide in our training set

in the hope that the variance in training data might lead to a less biased estimator.

Similarly, in Hearn et al's study of N-terminally extended SIINFEKL (S-L) peptides,

the measurements are presented with error bars showing the individual outcomes

of two di�erent experiments. For some peptides, such as YS-L, this error bar is

extremely large. We therefore decided to include both measurements for each peptide

in this study.

We also initially tried to include the extensive 9mer trimming dataset of Evnouchidou

et al., in which the authors systematically changed the amino acid at di�erent sites in

the peptide and measured ERAP1 activity [55]. However, the data is presented as the

proportion of substrate degraded and the description of the protocol in the original

publication raised uncertainties in the exact assay conditions used. Speci�cally, it

was unclear whether the authors had incubated all solutions for the same length of
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Description # peptides Lengths Reference

Chang 70 8-16 [35]

York 26 8-14 [170]

Hearn 16 9 [72]

Table 4.1. Summary of curated ERAP1 trimming activity data.

time or whether they had used di�erent lengths between 30 min and 4 hrs. Hence,

this data could not be reliably included in our training set.

A breakdown of the data used for the �nal model training is shown in Table 4.1.

The �nal training set consisted of 128 measurements corresponding to 85 unique

peptides across 3 di�erent studies.

4.2.2 Training

4.2.2.1 Selection of regression techniques

Our training set was only 10% of the size of the data set used to train PanTAP in

Chapter 3, which permitted the testing of a wider range of candidate regressors.

After an initial comparison of regressors in the scikit-learn library, we again selected

support vector regression (SVR) after �nding superior e�cacy compared to other

techniques. However, to increase model heterogeneity in the �nal ensembles, we

investigated the e�ect of using two di�erent kernel functions, so included both linear

and Gaussian/radial basis function (rbf) kernels in our hyperparameter tuning space.

4.2.3 Amino acid encoding and padding/trimming

We used the same combination of padding and trimming discussed in Chapter 3

to convert the peptides in the training set to uniform length. As our training set

contained peptides up to 16 amino acids in length, we only tested padding strategies

up to this length.

Whereas during the training of PanTAP we pre-screened padding and trimming

strategies to cut down on computation, in this case the substantially smaller ERAP1

training set enabled us to tune hyperparameters and construct a separate ensemble

for each padding/trimming strategy.
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Amino acids were again encoded using one of three types of encoding:

1. A substitution matrix (e.g. BLOSUM62) from AA Index using the BioPython

package [37, 81]

2. A matrix of physicochemical features from AA Index, reduced from 566 to 19

dimensions through principal component analysis, motivated by [163].

3. A sparse encoding (sometimes referred to as one-hot encoding)

4.2.3.1 Substrate length encoding

In contrast to the �ndings during the development of PanTAP in Chapter 3, we

found that using a sparse encoding of the substrate length resulted in a drop in

model accuracy, so chose not to include this in our regressor input features.

4.2.3.2 Hyperparameter tuning

For each combination of padding strategy and encoding, we tuned hyperparameters

using 10-fold cross-validation. To avoid overestimating model generalisation, we

ensured that all identical peptides were placed into the same splits by using the

GroupKFold function in scikit-learn [125].

To ensure that the SVR model placed equal importance on every peptide sequence in

its training set when determining its hyperplane, we weighted the input data inversely

proportionally to the number of appearances of each peptide in the training data.

Peptides appearing twice (e.g. from Chang and from York) were assigned a weight

of 1/2 and ESIINFEKL (which appears 4 times in the data) was assigned a weight

of 1/4.

We then tuned hyperparameters using the RandomizedSearchCV function in scikit-

learn to sample the 4-dimensional parameter space shown in Table 4.2. For each

run, 250 sets of hyperparameters were randomly sampled and the resulting model

performance evaluated by mean-squared error across the 10 folds.

4.2.3.3 Ensemble generation

For each padding strategy and for each encoding, we took the sets of hyperparameters

corresponding to each of best performing models. To introduce additional model

heterogeneity into the ensemble, we took the best performing SVR model trained



4.2. METHODS 72

Hyperparameter Search distribution

Input scaling fMinMaxScaler;StandardScalerg

Regularisation C � Loguniform(1; 100)

Insensitive loss width � � Loguniform(0:001; 1)

Kernel function frbf; linearg

Table 4.2. Search space for randomised hyperparameter search.

using a Gaussian kernel and the best with a linear kernel, yielding two models per

encoding.

We then grouped these models across all encoding strategies and constructed en-

sembles of up to a maximum size of 5 encodings (choosing this initial upper limit to

prevent the problem from becoming computationally prohibitive). The best ensem-

ble was selected for each padding strategy by choosing the ensemble with the lowest

mean squared error (MSE) across the 10-fold cross-validation.

4.2.4 Conversion to Michaelis-Menten kinetics

Our regression model was speci�cally crafted to forecast the precise outcome of a

trimming assay, namely, the average rate at which an initial concentration of 100

to 150 �M of peptide is trimmed by ERAP1 in vitro in the absence of any compe-

tition. However, these reaction conditions are far from the expected conditions in

the endoplasmic reticulum, in which we would expect signi�cantly lower substrate

concentrations [100] and competition from a multitude of substrates to bind to

ERAP1. We therefore converted the predicted trimming e�ciency in this assay to

Michaelis-Menten kinetic parameters.

4.2.4.1 Estimating Michaelis-Menten kinetic parameters

To understand the relationship between Michaelis-Menten kinetics and the results of

the trimming assay, we used a time-series of XS-L digestion over 180 minutes by

ERAP1 to derive Michaelis-Menten kinetics for the N-terminally extended SIINFEKL

peptides in the Hearn et al. dataset [72].

Michaelis-Menten parameter estimation su�ers from issues with practical identi�a-

bility, particularly in the case of single enzyme and substrate initial concentrations

[38]. To address this, we made the assumption that the Michaelis constant, KM,
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is not substrate-speci�c and �xed it at 100 �M for all substrates falling within the

range of 8 to 16 residues in length (beyond which ERAP1 activity swiftly falls [35]).

This value was chosen because it is a commonly used initial concentration in ERAP1

enzymatic assays.

To assess the identi�ability of this parameter from the time series data, we used a

Bayesian inference framework to generate the posterior distribution of each catalytic

rate, kX, (where X denotes the N-terminus amino acid) using Markov Chain Monte

Carlo (MCMC) sampling. The rate of degradation of each substrate is described by

the di�erential equation

dPX
dt

= �E0kX
PX

KM + PX
; (4.1)

where E0 denotes the initial concentration of ERAP1 and is �xed at 0.0325 �M.

We assumed a multiplicative Gaussian log-likelihood, under the assumption that the

measurement error would likely be proportional to the magnitude of the 
uorescence.

For each sampled value of the catalytic rate, kX, the log-likelihood of this parameter

given the observed data, P obs
X , is equal to

`
(
kX jP

obs
X

)
= �

nt
2
log 2� �

nt∑
i=1

logPX(ti)� �
1

2

nt∑
i=1

(
P obs
X (ti)� PX(ti)

PX(ti)�

)2

; (4.2)

where nt denotes the number of time-points measured by Hearn et al. and ti denotes

the corresponding time at which the measurement was taken. The parameter �

determines the size of the standard deviation relative to the size of the observable.

We considered values for � between 0.02 and 0.1 and restricted it to be the same

across all 16 amino acids measured (under the assumption that the experimental

noise is the result of the apparatus and protocol used, rather than a property of the

substrates).

Using the PINTS package in Python, we constructed 3 Markov chains using the

Haario-Bardenet algorithm [40]. After 100,000 iterations, we ensured that all chains

had converged by con�rming that the convergence criterion, r̂ , was less than 1.05

for all sampled parameters (as recommended in the Stan documentation, which is

often used as a guide for inference [33]).

We also derived a single set of maximum likelihood parameters from this log-likelihood

function using the covariance matrix adaptation evolution strategy (CMA-ES) in the
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optimisation toolkit in PINTS [40].

4.2.4.2 Calibrating MM kinetics and trimming rates

We used the maximum likelihood estimates of kX for the 16 peptides in the Hearn

dataset to construct a calibration curve between inferred Michaelis-Menten catalytic

rates and the average degradation rate reported in the paper. We did this for two

reasons:

1. The average degradation rates were presented as bar plots with error bars

showing the outcomes of two individual experiments. It was unclear which

data point corresponded to the time series data.

2. It was not apparent how the authors had calculated average degradation rate

across the 16 peptides (i.e. which time point had been chosen as the cut-o� to

calculate the rate). Hence, we could not use an analytical approach to convert

between the two.

The resulting calibration plots were used to identify which of the two experiments

corresponded to the time series. The line y = mx was �tted to this dataset and

used to deduce the appropriate scaling factor for converting average degradation

rates predicted by our regressive model to kX.

4.3 Results

4.3.1 E�ect of padding strategy on predictive performance

We compared di�erent strategies for converting our training peptides to a uniform

length across the data set. For each padding strategy, the best ensemble formed

from the trained regressors using that strategy was taken and its accuracy measured

using MSE over a 10-fold cross-validation. A comparison of the di�erent padding

strategies is shown in Figure 4.2.

We found a clear bene�t to commencing padding or trimming after the 5th amino

acid from the N-terminus, although padding after the 3rd amino acid was also seem-

ingly better than other strategies, as shown by the dark colours on the rows corre-

sponding to these two start points. The optimal length strategy was deemed to be

standardising all peptides to 11 amino acids in length. Shorter lengths were found
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Figure 4.2. Comparison of best-performing ensembles for di�erent padding strategies.

Colour corresponds to 10-fold cross-validation MSE (log-scaled for clearer visualisation).

The best performing method is highlighted.

to be signi�cantly worse (paired Wilcoxon test with p <0.05), whereas standardising

peptides to longer lengths caused a non-signi�cant drop in accuracy.

4.3.2 E�ect of encoding on predictive performance

We compared the performance of regressors trained using one of 26 di�erent amino

acid encoding strategies and a choice of two kernel functions. In almost all cases,

the Gaussian kernel (`rbf') resulted in a lower median MSE than using a linear kernel.

The few exceptions to this were all amongst the worst performing encodings (e.g.

sparse or benner6).

Regressors trained using the point accepted mutation (PAM) matrix family showed

a notable di�erence between rbf and linear kernels, suggesting that this encoding in-

troduces more complicated nonlinearities within the data than alternative encodings.

We did not �nd a signi�cant di�erence between the predictive accuracy of most of

the encodings. The best rbf regressor, using the McLachlan substitution matrix, was

compared to the other regressors using a paired Wilcoxon test across the 10-fold

cross validation performance. Only the sparse, risler, physico and rao regressors

(using rbf kernels) were signi�cantly less accurate at a 5% signi�cance level.

4.3.3 Results of ensemble construction

We constructed ensembles up to a maximum size of 5 for each padding strategy from

the best performing regressors using linear and Gaussian kernels. For every padding

strategy, we found that an ensemble of regressors trained using di�erent encodings
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Figure 4.4. E�ect of increasing ensemble size on MSE. Members of best ensemble of

each size are shown by bars with height indicating the accuracy of the individual model, as

determined by MSE across a 10-fold cross-validation. The performance of the ensemble of

methods is shown by the superimposed line plot.

outperformed any individual model. The best ensembles for each size between 1 and

5 are shown in Figure 4.3 for the optimal padding strategy from Figure 4.2.

Although the BLOSUM50 encoding with a Gaussian kernel was the best performing

regressor in isolation, this regressor did not appear in the best ensemble of any size

from 2 to 5. Instead, each ensemble contains a combination of regressors using both

linear and Gaussian kernels (despite the poorer individual performance of the linear

kernels seen in Figure 4.3). The most accurate ensemble was the largest ensemble

tested, containing 5 di�erent encodings. Once again, the largest improvement in

performance came in the jump from 1 to 2 models, just as we found in the TAP

model development.

4.3.4 Final model performance

The predictions of the size 5 ensemble, made during a 10-fold cross-validation, are

shown in Figure 4.5. We found strong correlations between predictions and the

training data, with a mean squared error of 0.1002 and Pearson and Spearman

correlation coe�cients of 0.7947 and 0.7685 respectively. A drop in performance for

peptides with low measured trimming rates can be seen from the loose packing of

points in Figure 4.5.
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Figure 4.5. Comparison of 10-fold model predictions with predictions from ERAMER. Data

points are coloured by the paper they were sourced from.

Figure 4.6. 10-fold mean squared error split by substrate length. Bar colour indicates the

number of examples in our training set of the corresponding length.

4.3.4.1 Length bias

We theorised that the poor performance for ine�ciently trimmed peptides might

be related to a length bias in the model. To test this, we looked at predictive

performance separated by peptide length. Strikingly, mean squared error for 8mers

was 0.28, which was substantially higher than the mean across the training set,

particularly for peptides in the range 9 to 12 residues in length (Figure 4.6). However,

due to the low number of samples, a Mann-Whitney U test indicated that there was

not a signi�cant di�erence between the MSEs of the 8mers and those of the longer

peptides (p = 0:1273).



4.3. RESULTS 79

4.3.4.2 Benchmarking against ERAMER

A systematic benchmarking against other methods in the literature was not possible

because we were only able to �nd a single algorithm for ERAP1 prediction: ERAMER

[8]. This method uses scoring matrices to return a score between -1 and 1 for any

peptide based on its length and amino acids at di�erent sites.

The algorithm was accessed using the provided Github repository on 14/1/24 and

used to form predictions on the training set. The performance on our training set is

shown for comparison in Figure 4.5. It should be noted that ERAMER's scores may

not be linearly proportional to the rate of trimming, so the Spearman coe�cient is a

fairer indication of the model's predictive e�cacy than the Pearson coe�cient.

ERAMER performs well on the Hearn XS-L peptides (Rp = 0.7550, Rs = 0.8696).

However, it should be noted that this study was used by the authors to derive the

matrix coe�cients. Similarly, the model shows predictive capability for a subset of

the Chang dataset corresponding to RYWANATRSX trimming by ERAP1 (Rp =

0.5525, Rs = 0.7702) but not for the remaining data in the paper (Rp = 0.0655, Rs

= 0.1764). The authors mention using the Chang dataset to develop their model

but this disparity in performance would suggest that they only used the C-terminus

study and not the remainder of the data.

Performance on the York dataset is even worse (Rp = 0.0066, Rs = 0.0789). Overall,

this suggests that ERAMER does not generalise well to unseen data and is over�tting

to its training sets.

4.3.5 Michaelis-Menten kinetics for ERAP1

Figure 4.7 shows that Michaelis-Menten kinetics with KM �xed at 100 �M are com-

patible with the in vitro digestion of the 16 SIINFEKL precursors studied by Hearn

et al. The shaded regions denote the range between the 5th and 95th percentile of

predicted substrate remaining at each time after a sample of 5,000 parameters was

drawn from the posterior distributions of each catalytic rate, kX. These show a tight

spread across the posterior, indicating high certainty in the inferred parameters.

4.3.6 Calibration curve for converting scores to catalytic rates

We �tted a simple linear regression with no bias term (to ensure that the resulting line

passed through the origin) between the maximum likelihood catalytic rates from 4.3.6

and the mean trimming rates from the two repeats, as shown in Figure 4.8. We found
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Figure 4.8. Catalytic rate plotted against mean trimming rate for the lower (Assay 1) and

upper (Assay 2) limits of the error bars in the Hearn dataset [72]. Line of best �t from linear

regression with 0 intercept is depicted for each assay, with goodness-of-�t shown by R2.

a much stronger linear correlation between the inferred values of kX and the data

from the second repeat (corresponding to the higher mean trimming rates), implying

that the time series data presented in Hearn et al.'s original paper corresponds to

the data in Assay 2.

The line-of-best-�t between for Assay 2 the catalytic rate and the trimming rate is

the line y = 0:040x . This gives a scaling factor of 0.040 for converting any predicted

trimming rates to catalytic rates to be used with a Michaelis constant of 100�M.

4.4 Discussion

4.4.1 Amino acid encodings are problem-speci�c

In the previous chapter, when training a predictor of TAP binding a�nity, models

trained using the Feng or the Benner family of substitution matrices performed sig-

ni�cantly worse than encodings such as sparse or BLOSUM matrices (Figure 3.5).

When training our predictor of ERAP1 trimming, however, our optimal ensemble con-

tained regressors trained using both the Feng and Benner74 matrices. Conversely,

the sparse and physicochemical encodings were associated with low accuracy in the

training of the ERAP1 model, having been towards the top performing encodings for

the TAP model.

It could be argued that the sparse encoding performs worse on the ERAP1 problem

because sparse encodings su�er from over�tting on smaller training sets. However,

it is less intuitive why the Feng substitution matrix performs so poorly on the TAP

problem relative to the ERAP1 problem. This highlights the di�culties associated
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with selecting an encoding for the amino acids in a model a priori, and further justi�es

the systematic approach we took in our model creation.

4.4.2 Limitations

We found a weaker correlation between our ERAP1 model's predictions and the

available data (Figure 4.5) than for PanTAP in the previous chapter (Figure 3.7). In

this section we discuss possible factors underlying this performance, as well as other

limitations with our model.

4.4.2.1 Small training data set

A clear limitation in this work is the low number and diversity of peptides in the

training set. Of the 85 unique peptides in the training set, 45 contain the sequence

SIINFEKL. With the large combinatorial space of possible substrates (20n for an

n-mer) and the importance of each residue, it would be highly surprising if such a

small training set was su�cient to accurately learn the underlying rules of ERAP1's

substrate speci�city.

4.4.2.2 Possible length bias

Our �nal model appears to form less accurate predictions for 8mers than for longer

peptides, although this di�erence was not statistically signi�cant for the low number

of examples in our training set. It is worth considering, however, that this may be

caused by the underlying mechanism of peptide trimming by ERAP1.

Longer substrates are able to concurrently bind to the enzyme's regulatory site from

their C-termini, causing an allosteric change and essentially self-activating ERAP1

for hydrolysis of the peptide's N-terminus. It has been reported (and can be estab-

lished from crystal structures) that 8mers are below the minimum length required to

stretch between the regulatory and active sites. Hence, the underlying mechanism

of trimming of 8mers is likely to be di�erent. In particular, one would expect the

substrate's C-terminus amino acid to have a signi�cantly reduced e�ect on activity

than for longer peptides. Therefore, it may be more appropriate to train a separate

predictive model for 8mer trimming prediction.
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4.4.2.3 Application of in vitro to in vivo

We have trained a predictive model of ERAP1 activity by using only in vitro enzyme

assays. In using this type of data to train our model, we are making the assumption

that ERAP1's speci�city in vivo can be predicted from in vitro behaviour.

In principle, this assumption appears justi�able: the binding of enzyme and sub-

strate should follow the same physical laws in cells as it does in in vitro. However,

the relative concentrations of ERAP1 and its various substrates will likely di�er in

vivo substantially from the in vitro conditions. This may result in a deviation from

Michaelis-Menten kinetics (for instance, to substrate-inhibition kinetics, which have

been reported anecdotally for certain ERAP1 allotypes [54]).

4.4.2.4 ERAP1 polymorphism

ERAP1 is a polymorphic gene, with 10 major allotypes covering over 94% of the

global population (and >99.9% in the European population) [78]. A further 6 allo-

types are particularly prevalent in the African population, covering over 20%. These

single nucleotide polymorphisms (SNPs) can have signi�cant e�ects on the enzyme's

ability to trim certain substrates [78]. Our predictive model does not currently have

the ability to predict these di�erences, primarily because it was not apparent which

allotype had been used for each of the studies in our training set. To our knowledge,

only one study of speci�c activity across di�erent ERAP1 allotypes exists, examining

the trimming of GLEQLESIINFEKL down to SIINFEKL through quanti�cation of

intermediate products [78]. In isolation, this study highlights the fact that di�er-

ences between common allotypes exists but is insu�cient to fully characterise this

heterogeneity in speci�city.

4.4.3 Future work

To address the issue of limited in vitro assay data, it may be possible to train a

predictor of ERAP1 activity without carrying out time-consuming and expensive in

vitro digestion assays. In the last few years, researchers have compared peptidomes

from ERAP1 knockout (KO) cells to peptidomes of wild-type (WT) cells [164].

Comparing peptidomes from WT cells to ERAP1 KO cells could theoretically be

used to infer the activity of ERAP1 in vivo.

There are some important caveats to this which make this task non-trivial. Firstly,

peptidomic data is only semi-quantitative. The relative abundance of a peptide in one
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peptidome versus another cannot easily be estimated. This could be very problematic

for labelling negative cases (i.e. poor ERAP1 substrates).

To illustrate this, we can imagine an abundantly-presented peptide in the KO pep-

tidome that is a good substrate for ERAP1. We would therefore expect a large drop

in presentation in the WT peptidome, and this may well occur but would not nec-

essarily be detectable through mass spectrometry. Labelling this peptide as a poor

ERAP1 substrate would be a mistake, so we would need to exercise caution in how

we construct our negative cases.

Looking at the problem from the opposite direction, peptides present in the WT

peptidome but not the KO peptidome presumably had a precursor that could not be

trimmed without ERAP1. However, it would be dangerous to assume which of the

possible precursors of this peptide required trimming by ERAP1.

Hence, the only safe conclusion from comparing peptidomes would be that peptides

on the cell surface on the KO cells but not the WT cells are likely to be good

substrates for ERAP1.

4.4.4 Concluding remarks

In this chapter we have developed a regressive model to predict the rate at which

ERAP1 trims peptides of varying length and composition. Although training data

was extremely limited, our model's cross-validation performance gives us reason to

be hopeful that it might generalise to a wider range of potential substrates.

We have demonstrated how the regressor's predictions can be used to derive Michaelis-

Menten kinetic parameters. These parameters can then be used to extend the pre-

dictions of our model into more plausible contexts in vivo, where multiple substrates

compete for binding to ERAP1 via adapted Michaelis-Menten kinetics for compet-

itive inhibitors. This will then be integrated in to a mechanistic model in Chapter

5.



Chapter 5

Modelling of tapasin-assisted MHC-I

loading

In this chapter, we adapt an existing systems biology model of peptide loading in the

endoplasmic reticulum (ER). As well as re-�tting the model to align with justi�ed

assumptions of raw peptide-MHC (pMHC) numbers, we extend the model to incor-

porate the predictions of PanTAP (Chapter 3) and our ERAP1 prediction model

(Chapter 4).

5.1 Introduction

Once an epitope or precursor has been translocated into the endoplasmic reticulum

by TAP, it must be loaded onto MHC-I before it can be presented on the cell surface.

For many alleles, this process would be prohibitively ine�cient if it were not for the

chaperone molecule tapasin [14, 76]. Tapasin stabilises the peptide loading complex

(PLC) by bridging TAP and MHC-I [120, 133] and is known to in
uence the extent

of peptide optimisation by steering the cell surface cargo towards peptides with low

o�-rates [76].

The extent of this enhancement is known to vary across di�erent MHC class I alleles.

Certain alleles (e.g. HLA-B*44:02) are highly dependent on tapasin for the e�cient

loading of peptides, whereas other alleles have been found to load peptide e�ciently

without the assistance of tapasin (e.g. HLA-B*44:05) [12, 14]. We describe this

property as tapasin dependence and formally de�ne it as the ratio of pMHC presented

in the presence of tapasin to the level presented in absence of tapasin.

85
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Bashirova et al. measured this quantity using a tapasin-de�cient (.220) and recon-

stituted (.220tpn) human B-cell line for 97 HLA-A, -B and -C alleles. They found

that tapasin dependence varied over two orders of magnitude and correlated nega-

tively with the breadth of peptides presented [14]. This can have consequences for

immunosurveillance, with tapasin independent alleles being associated with slower

disease progression and lower viral load in HIV and Dengue virus infection. Tapasin

is also often downregulated by tumours, presumably as a means of escaping immuno-

surveillance. Hence, it is essential to know or predict the tapasin dependence of any

MHC-I allele if antigen processing and presentation is to be understood.

Although Bashirova et al.'s protocol can be easily applied to measure tapasin depen-

dence of alternative MHC-I alleles, the highly polymorphic nature of MHC-I means

that screening all possible allotypes will never be a viable strategy. Therefore, we are

left with the task of predicting tapasin dependence for alleles outside of the 97 for

which measurements are available.

In this chapter, we extend Dalchau et al.'s peptide loading model to include ERAP1

and TAP. We attempt to predict tapasin dependence for unknown alleles using the

MHC-I sequence and predicted structure, and discuss why this is currently an elusive

problem.

5.2 Methods

5.2.1 The Dalchau model

5.2.1.1 Model overview

The starting point for our model of peptide loading in the ER is a biological systems

model of tapasin-assisted peptide loading presented by Dalchau et al. (henceforth

referred to as the Dalchau model) [43]. Peptide is loaded onto MHC-I in the ER via

either a tapasin-dependent or tapasin-independent pathway. The tapasin dependent

pathway results in the intermediate formation of a complex consisting of tapasin,

MHC-I and the peptide. Peptide dissociates from this complex at an enhanced rate,

characterised by the scalar parameter q, relative to the tapasin-independent pathway.

This model has been validated on multiple levels using experimental data, including:

1. Quantitative presentation of SIINFEKL and 3 similar sequences [76].
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2. Quantitative presentation of competing peptides, using intracellular measure-

ments of peptide abundance [22].

3. Quantitative pulse-chase measurements of the biogenesis of tapasin dependent

versus independent alleles [12].

For this �nal study, an extended version of the Dalchau model was used to investigate

the molecular mechanism of MHC-I loading greater detail [12]. This helped to identify

structural intermediates of peptide loading and assign their function in the peptide

�ltering process. For our purposes, the core model (shown in a schematic in Figure

5.1) is su�cient, but it should be noted that the peptide{MHC binding rates b and

c are complex and are implicitly capturing a conformational change in MHC-I.

The system in the schematic consists of 10 reactions describing changes in the

number of molecules of MHC class I (M), tapasin (T ), peptide of species i (Pi),

egressed MHC-I (Me), and complexes of these molecules:

?
gM
��*)��
dM

M

M + T
bT

��*)��
uT

TM

TMPi
uT � v
���! T +MPi

Me
dMe
��! ?

?
gT

��*)��
dT

T

TM + Pi
c

��*)���
q � ui

TMPi

MPi
e

��! MePi

?
gi

��*)��
dP

Pi

M + Pi
b

��*)��
ui

MPi

MePi
ui

��! Me

Figure 5.2. Chemical reaction network describing the processes in the original Dalchau

model.

5.2.1.2 Extension of Dalchau model

We adapted the Dalchau model to incorporate the predictions of TAP transloca-

tion and ERAP1 trimming arising from the regressive models in Chapters 3 and 4

respectively.

Firstly, TAP translocation was used to replace the supply rate of each peptide (gi) to

the ER. A new subcellular compartment (the cytosol) was added, in which peptides

are produced and degraded, or translocated to the ER via the formation of an inter-

mediate complex with TAP (S). The binding kinetics of this complex are determined
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Figure 5.1. Schematic of original Dalchau model reproduced from [43]. Each box in the

model represents a reaction, with inbound edges representing reactants and outbound edges

representing products. Boxes are labeled with corresponding reaction rates, where a single

rate denotes an irreversible reaction and two rates denote a reversible reaction. For reversible

reactions, the rate of the forward reaction is indicated on top.



5.2. METHODS 89

by the predicted binding a�nity, KD, returned by PanTAP. We assume that the for-

ward rate, bi , is substrate speci�c, whereas the peptide-TAP compelex dissociation

rate, uS, is assumed to be identical across all potential substrates. These are related

to the predicted binding a�nity through the equation:

KD =
uS
bi
:

The reactions occurring in the new cytosolic compartment can therefore be written

as:

?
gi

��*)��
dC

P C
i P C

i + S
bi

��*)��
uS

SP C
i SP C

i

kS
��! S + P ER

i

where the superscripts, C and ER, are used to distinguish peptide in the cytosol

from peptide in the endoplasmic reticulum respectively.

ERAP1 was permitted to trim only free (unbound) peptide in the ER. Although a

mechanism of action consisting of MHC-I acting as a template for ERAP1 trimming

has been proposed in the past [56], recent evidence suggests that the ERAP1 active

site cannot access the N-terminus of MHC-I bound peptide [110, 111].

We incorporate ERAP1 trimming through the Michaelis-Menten equation with com-

petitive inhibition. For a peptide, Pi , with predicted catalytic rate, ki , the rate of

trimming of the peptide's N-terminus amino acid by ERAP1, r (P ), is given by:

Pi � r (P ) :=
dPi
dt

= �Pi
E0ki

KM +
∑

j Pj
; (5.1)

where P is the state vector of the levels of all peptides resident in the endoplasmic

reticulum and j is a dummy index used to sum over this state vector.

The revised chemical reaction network describing the newly extended Dalchau model

is given in Figure 5.3 below and summarised by the schematic in Figure 5.4. By

applying the Law of Mass Action, we can write this as a system of ODEs (given in

Section A.1).
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Figure 5.3. Chemical reaction network for the Dalchau model with added TAP and ERAP1.

Pi�1 is used to denote the peptide Pi after the removal of a single amino acid from the

N-terminus.
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Figure 5.4. Extended Dalchau model with TAP and ERAP1. Each box in the model repre-

sents a reaction, with inbound edges representing reactants and outbound edges representing

products. Boxes are labelled with corresponding reaction rates, where a single rate denotes

an irreversible reaction and two rates denote a reversible reaction. For reversible reactions,

the rate of the forward reaction is indicated on top. For simplicity, only the movement of

a single species of peptide through the model is shown (denoted by Pi). The removal of a

single amino acid from the N-terminus of this peptide by ERAP1 is shown in the callout box,

yielding the species Pi�1.
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5.2.2 Re�tting the Dalchau model

5.2.2.1 Endogenous peptide

Endogenous supply is included in the model to compete with the target peptide for

availability of the various molecules (e.g. TAP, ERAP1 and MHC-I). In the cytosol,

we treat endogenous peptide as a single species with an associated binding rate,

bself , with TAP. This represents the weighted arithmetic mean of the individual

binding rates of the many di�erent peptides that make up the cytosolic endogenous

peptide supply.

In absence of any target peptide, we can solve the system of equations in the cytosol

given in Figure 5.3 to determine the rate of translocation of endogenous peptide to

the ER at steady state. The rate of translocation is given by kS � SP
C
self , which is

related to the rate through the equation

(uS + kS)SP
C
self =

bself �
(
S0 � SP C

self

) (
gself + uS � SP

C
self

)
dC + bself �

(
S0 � SP C

self

) ;

where S0 is the total number of TAP molecules in the cell. We use John Yewdell's

estimates to assume that S0 is 10,000 molecules, gself is 2 x 10
6 peptides per second,

and the total rate of translocation of endogenous peptide to the ER is 30,000 peptides

per second [169]. We also assume that the turnover rate of TAP, kS, is 5 s�1

[2]. Denoting the rate of translocation of endogenous peptide at equilibrium as


 := kS � SP
C
self , we can solve this equation for bself to give:

bself =
dC � (uS + kS)

(gself � 
) � (kS � S0=
 � 1)
: (5.2)

Hence, bself can be set for any dC and uS to give an endogenous peptide supply to

the ER that is consistent with Yewdell's estimate.

Once translocated to the ER, we separate the endogenous peptide into two species:

strong and weak/non-binders to MHC-I. The proportion of strong binders in the total

supply of peptides translocated by TAP is denoted by �b 2 (0; 1), with the remaining

peptides assumed to be weak/non-binders.

Although many endogenous peptides will be trimmed by ERAP1 in the ER, we as-

sume that the majority of this trimming results in the production of a new endogenous

peptide, hence having no e�ect on the size of the endogenous peptide population.
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This assumption is justi�ed by the length preference of ERAP1 for peptides longer

than 9 amino acids [35]. It is highly likely that weak/non-binders will be trimmed to

form strong binders through the creation of peptides of a more appropriate length

for �tting into the MHC-I binding groove. However, in the interest of developing a

parsimonious model, we assume that this behaviour will be captured in the parametri-

sation of the strong binder proportion, �b. In summary, we only consider endogenous

peptide as a source of competition for binding to ERAP1 through the term in the

denominator of Equation 5.1.

5.2.2.2 Conversion of concentrations

PanTAP is trained to return a predicted binding a�nity in units of nanomolarity,

and the Michaelis constant for ERAP1 was previously set at 100 micromolar. As we

wish to use the extended Dalchau model to predict raw numbers of peptide-MHC

complexes on the cell surface, we must convert between units of molarity and number

of molecules per compartment.

To convert the Michaelis constant, we assume that the volume of the ER is 10%

of the total cell volume [42], and that the typical cell volume is approximately 4,500

�m3 [41]. This results in the following calculation of KM in terms of molecules per

compartment:

KM = 100� 10�6︸ ︷︷ ︸
conversion �M to M

� 0:1︸︷︷︸
10% total volume

� 4:5� 10�12︸ ︷︷ ︸
4,500 �m3 in litres

� 6:022� 1023︸ ︷︷ ︸
Avogadro's constant

:

We also assume that the volume of the cytosol is similar to the measured volume of

the cytosol in a HeLa cell, reported as 940 �m3 [61]. Hence, to convert the predicted

peptide-TAP binding a�nity from nM to molecules per compartment, we multiply

the a�nities by the scaling factor, �, de�ned by

� = 9:4� 10�13︸ ︷︷ ︸
940�m3 in litres

� 10�9︸︷︷︸
conversion nM to M

� 6:022� 1023︸ ︷︷ ︸
Avogadro's constant

:

5.2.2.3 Assumptions of peptide-MHC abundance

The Dalchau model was originally parametrised using observations from various in

vitro assays using H2-Kb transfected .220 cells. Throughout these experiments,
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surface abundance of MHC-I or speci�c peptides was recorded through the mean


uorescence intensity (MFI) observed by the binding of speci�c antibodies to pMHC

complexes.

Fluorescence data only gives us a semi-quantitative measurement of the surface

peptide-MHC abundance. Although an assumption of linearity is made regarding the


uorescence (i.e. an MFI of 2,000 corresponds to twice as many pMHC complexes

as an MFI of 1,000), the raw number of complexes can not be determined without

proper calibration.

A consequence of using semi-quantitative data for parameter estimation is that cer-

tain parameters may not be uniquely identi�able. For example, the supply rate of

peptide to the endoplasmic reticulum can be shown analytically to scale linearly with

the level of surface pMHC, so cannot be accurately determined unless raw numbers

are estimated.

To resolve this and ensure consistency of predictions with immunological understand-

ing, we made three assumptions about the raw number of molecules at di�erent

stages of the model:

1. The cell presents between 100,000 and 200,000 total molecules of each MHC-

I allotype on the surface at steady-state, based on common estimates in the

literature and speci�c mAb measurements for H2-Kb [5, 145].

2. The total supply rate of endogenous peptide to the endoplasmic reticulum

is 30,000 peptides per second (assuming 3 peptides translocated per TAP

molecule per second and 10,000 TAP molecules per cell, as estimated by John

Yewdell) [169].

3. At steady-state, the cells present approximately 65,000 to 85,000 copies of

SIINFEKL. This estimate is based on the 67,072 and 84,664 SIINFEKL-Kb

complexes quanti�ed by Porgador et al. on the surface of a H-2Kb transfected

L929 cells expressing a minigene containing SIINFEKL with a signal sequence

and methionine leader sequence respectively[128].

Although these are rough estimates, based on old experimental data, often from

di�erent cell lines and species (e.g. L929, which is a mouse �broblast cell line), we

theorised that signi�cant error in these estimates would result in us being unable to

�t our mechanistic model to the experimental data.
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5.2.2.4 Parametrisation dataset

To re-parametrise the Dalchau model, we used the same measurements of the pro-

cessing and presentation of 4 variants of SIINFEKL used to parametrise the original

version of the model [43]. The authors studied the H2-Kb transfected human B

cell line .220 (which does not naturally express tapasin) and a tapasin-reconstituted

.220 cell line (.220tpn). Peptides were expressed in the cells as minigenes encoding

the octameric peptide preceded by a methionine, which is expected to be cleaved

by cytosolic aminopeptidase activity [76]. Surface peptide abundance was measured

by 
ow cytometry using the 25.D1 antibody (which binds to SIINFEKL and SIIN-

FEKL variants) and the Y3 antibody (which binds to empty and occupied H2-Kb

complexes).

The data can be broken down into 3 sections, all measured in the tapasin-positive

and tapasin-de�cient cell lines:

1. Cell peptidome stability measured following cell treatment by brefeldin A (BFA).

2. SIINFEKL and SIINFEKL variant (collectively denoted SIINXEKX) presenta-

tion in untreated cells.

3. MHC-I tra�cking e�ciency measured by endoglycosidase-H (EndoH) resis-

tance in a pulse-chase assay.

BFA treatment prevents the fusing of the Golgi-apparatus to the endoplasmic reticu-

lum, cutting o� any additional MHC-I from reaching the cell-surface. This was used

to measure the stability of the repertoire of pMHC complexes on the cell surface by

quantifying with the Y3 antibody for 21 hours post BFA treatment.

SIINXEKX peptides were introduced separately to the two cell lines using minigenes

encoding the sequence MSIINXEKX. After a long period of time (unspeci�ed by

Dalchau et al but assumed to be 48 hours), the level of each peptide on the cell

surface was evaluated using 
ow cytometry with 25.D1 antibodies.

Endoglycosidase-H is an enzyme that cleaves glycosylated proteins. In the ER, MHC-

I contains an N-linked glycan, so is sensitive to EndoH. This glycan is removed when

the MHC-I is tra�cked to the cell surface by the Golgi apparatus. In the pulse-chase

assay, an initial population of MHC-I in the ER was radiolabelled and the rate at

which this population became EndoH resistant (i.e. moved to the cell surface) was

tracked over the course of 7 hours.
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5.2.2.5 Simulation of experimental data

We computationally simulated three di�erent experiments in order to reproduce the

three studies described in the previous section. We used the Law of Mass action

to write the extended Dalchau model as a system of ordinary di�erential equations

(ODEs).

To simulate the BFA assay, we �rst set all initial states to 0 (except for TAP, which

was initialised at S(0) = 1 � 104 molecules) and solved the system of ODEs in

A.1 up to time t = 1 � 108 seconds (chosen to try to get close to the system's

equilibrium point) using the LSODA solver in SciPy's suite of numerical di�erential

equation solvers [160]. We set the supply rate of the target peptide, Pi , to the

cytosol to 0 since no target peptide was supplied for the BFA decay assay. The

system state at the �nal time point was then used as a start point to �nd the exact

equilibrium points of the system by setting all derivatives to 0 and using SciPy's

fsolve function [160]. The equilibrium points of the tapasin de�cient system (.220

cells) were found in exactly the same way by setting the tapasin supply rate, gT ,

to 0. In this way, we obtained the equilibrium solutions, X�TPN and X�KO, where

X =
[
P C
self ; S; SP C

self ; :::; Me
]
is the system state vector and the superscripts

TPN and KO and denote the .220tpn and .220 cell lines respectively.

We used these equilibrium solutions as the startpoint to simulate a system of ODEs

(Equations 5.3-5.5) describing the dissociation of endogenous peptide-MHC com-

plexes and empty MHC from the surface following the inhibition of further egress

from the ER:

dMePb
dt

= �ub �MePb; (5.3)

dMePn
dt

= �un �MePn; (5.4)

dMe

dt
= ub �MePb + un �MePn � dMe �Me: (5.5)

This system of ODEs was solved numerically for times between 0 and 21 hours. The

proportion of total MHC-I remaining was then calculated by:
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fBFA (t) =
MePb(t) +MePn(t) +Me(t)

MePb(0) +MePn(0) +Me(0)
; (5.6)

for t 2 f1h; 3h; 6h; 21hg := tBFA.

To simulate the presentation of the SIINXEKX peptides, the system of ODEs in A.1

was initialised at the equilibrium solutions X�TPN or X�KO, depending on whether the

.220tpn or .220 cell line was being simulated. The target peptide supply rate, gi ,

was then set to non-zero and the system simulated for 48 hours.

The number of target peptide-MHC complexes at 48 hours, MePi , was taken and

re-scaled to convert into units of 
uorescence intensity. As a scaling factor, we used

the proportionality constant, ��, derived by Dalchau et al to minimise the normalised

sum of squares error between the model predictions, MePi , and the observed data,

yi :

�� =

∑
S2fTPN;KOg

∑
i2pepsMeP S

i∑
S2fTPN;KOg

∑
i2peps

(
MeP S

i

)2
=yi

; (5.7)

where i is a dummy index looping over the 4 di�erent experimental measurements

of SIINXEKX abundance and the superscript S di�erentiates the .220tpn cells from

the .220 cells. Hence, all model predictions are converted to predicted MFIs by the

formula fMFI := ��MePi .

Finally, we simulated the EndoH resistance assay. To do so, we adapted the ex-

tended Dalchau model to include two species of MHC-I | one radiolabelled and

one unlabelled. The system was simulated using the equilibrium solutions as initial

conditions. During the �rst 30 minutes of simulation, all MHC-I was added to the

radio-labelled population. After this time, all newly added MHC-I to the system was

added to the unlabelled MHC-I population. The system was simulated up to 7 hours

following the completion of radio-labelling.

The proportion of EndoH resistant radio-labelled MHC-I in the model was then cal-

culated at various times according to the formula:
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fEndoH(t) :=
Meal l(t)

M(t) + TM(t) +MPb(t) +MPn(t) + TMPb(t) + TMPn(t) +Meal l(t)
;

(5.8)

where

Meal l(t) := MePn(t) +MePb(t) +Me(t);

for t 2 f0; 30; 60; 120; 210; 420 minsg := tEndoH.

5.2.2.6 Bayesian inference via MCMC

During the process of parameter determination, we aimed to identify parameters

that could not be uniquely determined using the available data. In order to detect

such non-identi�able parameters, we used a Bayesian inference approach to sample

the inferred probability distributions of the model parameters using a Markov Chain

Monte Carlo (MCMC) method.

As Bayesian inference is a computationally expensive method, we aimed to keep the

number of parameters requiring �tting to a minimum. In order to achieve this, we

�xed 8 parameters in the extended Dalchau model at the values estimated by Dalchau

et al. or derived through their original �tting of the model. These parameters are

listed in Table 5.1 with their associated values. The remaining model parameters

were either not used in the original Dalchau model (e.g. total ERAP1 molecules in

the ER, E0) or were found to be incompatible with the extended model by resulting

in poor �ts to the experimental data.

For each candidate set of parameters, �, the BFA decay, single peptide and En-

doH resistance assays were simulated, yielding predictions fBFA (t; �), fMFI (�) and

fEH (t; �) respectively. In addition to this, we also determined the predicted total

H2-Kb on the cell surface at equilibrium in the .220tpn cell line, fsur f (�), and the

number of molecules of SIINFEKL presented in the .220tpn cell line, fSL (�).

For data corresponding to a measurement of 
uorescence (e.g. the level of SIINX-

EKX measured using 25.D1), we assumed that the observable, y , was Gaussian



5.2. METHODS 99

Symbol Value Units

gT 1505 molecules s�1

bT 1:663� 10�9 molecules�1 s�1

uT 1:185� 10�9 molecules�1 s�1

dP 0:13 s�1

dT 1:726� 10�3 s�1

dM 7:989� 10�5 s�1

v 936:3

q 2:104� 104

Table 5.1. Summary of parameters �xed throughout model inference to original Dalchau

values.

distributed around the model predictions, f , with a standard deviation linearly pro-

portional to the model prediction. We assumed experimental noise of 10% for the

fMFI data and 25% for the fSL and fsur f data | the latter aiming to capture our

uncertainty in the estimation of the raw numbers of pMHC complexes.

For the BFA assay, each data point is calculated by dividing surface pMHC abundance

by initial pMHC abundance. We assumed that the measurement error was Gaussian

distributed, so the error in the percentage of initial pMHC remaining will be approx-

imately Cauchy distributed (since the ratio of two Gaussian distributions is Cauchy

distributed). Similarly for the EndoH assay, each point corresponds to the proportion

of resistant MHC-I, so is again the ratio of two Gaussian distributions. We therefore

assumed that the observable was Cauchy distributed around the model predictions.

For both assays, we assumed that the Cauchy distribution had an associated scale

parameter of 0.1.

Our log-likelihood function can therefore be written:

` (�) =� log 0:1� log� �
∑
S

∑
t2tS

BFA

log(1 +
(
f SBFA � ySBFA

)2
=0:12)

�
∑
S

∑
t2tEndoH

log(1 +
(
f SEndoH � ySEndoH

)2
=0:12)� 5 log 2�

�
∑
S

∑
i2peps

0:1f SMFI � 50
∑
S

∑
i2peps

(ySMFI � f SMFI)
2(

f SMFI

)2 ;

(5.9)
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where the sum over S sums the data corresponding to the .220tpn (TPN) cells and

the .220 cell line (KO).

We used a uniform log prior to initially assign an equal probability of sampling any

value between the established plausible parameter ranges. We initialised 3 Markov

chains at random states sampled from the prior and ran them using the Haario Bar-

denet ACMC algorithm. After 350,000 iterations, we con�rmed that the 3 chains had

converged to their posterior distributions by ensuring that the convergence criterion,

r̂ , was less than 1.05 for all parameters, and by inspection of the trace plots.

5.2.3 Tapasin dependence in the Dalchau model

We de�ne the tapasin dependence of an MHC-I allele as the ratio of total MHC-I

on the cell surface at equilibrium in the presence of tapasin to the total MHC-I on

the cell surface at equilibrium in the absence of tapasin. As tapasin dependence is

a property of individual MHC-I alleles and the Dalchau model was re-parametrised

only for H2-Kb, we wanted to investigate which parameters should be altered when

considering di�erent alleles in order to change the tapasin dependence of the model.

Logically, one could change the tapasin dependence predicted by the Dalchau model

by adjusting one of:

1. The availability of tapasin

2. The enhancement to binding rates associated with tapasin

3. The peptide-MHC binding rate in absence of tapasin

However, highly tapasin dependent alleles are characterised by lower pMHC numbers

in absence of tapasin compared to tapasin independent alleles (rather than higher

pMHC numbers in the presence of tapasin) [14, 167]. Whilst the �rst two parameters

can increase the level of improvement in peptide loading e�ciency created by tapasin,

only changes in the third parameter value can a�ect the MHC-I presentation in the

absence of tapasin.

Additionally, we found that by changing the other parameters the performance ben-

e�t of tapasin eventually saturates (as surface MHC-I eventually becomes limited by

MHC-I supply, restricting the increase in presentation caused by tapasin). This satu-

ration point occurs at an insu�cient level to explain the upward of 200-fold increase

in presentation observed in highly tapasin dependent cells [14].
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Hence, we concluded that the level of tapasin dependence in the Dalchau model

should be tuned through the peptide-MHC binding rate. In other words, this param-

eter should be MHC-I allele-speci�c.

We varied the peptide-MHC binding rate between 10�12 and 10�6 s�1 molecules�1

and simulated the Dalchau model to equilibrium. The equilibrium states were then

used to calculate the tapasin dependence produced by that binding rate, thus em-

pirically deriving the relationship between binding rate and tapasin dependence. This

permits the �xing of the binding rate for any MHC-I allele for which the tapasin

dependence is known.

5.2.4 Prediction of tapasin dependence

Tapasin dependence has been measured and reported for 97 di�erent HLA alleles.

So that the Dalchau model might be applied more generally, we investigated whether

this data set could be used to train a predictive model capable of accurately predicting

tapasin dependence for other HLA and non-human MHC-I alleles.

We postulated that this quantity could be predicted from the sequence of the MHC-I

allele. This assumption was supported by the fact that the MHC-I sequence has been

used to predict pan-allelic di�erences in binding a�nity through the pseudosequence

used by NetMHCpan [114]. We therefore investigated whether we could train a

regressive model using the Bashirova dataset with predictive capabilities.

5.2.4.1 Measurements of tapasin dependence

Bashirova et al. reported measurements of the tapasin dependence of 97 di�erent

HLA alleles [14]. To estimate tapasin dependence, the authors measured HLA class

I surface expression levels in the human B cell line .220 (which does not naturally

express tapasin) and a tapasin-reconstituted .220 cell line (.220tpn) using an anti-

FLAG mAb. The tapasin dependence was reported as the ratio of mean 
uorescence

intensity (MFI) in .220tpn versus .220. Bashirova et al. discovered that tapasin

dependence varied over more than 2 orders of magnitude across common HLA alleles.

High tapasin dependence was associated with lower levels of MHC-I in the tapasin-

de�cient .220 cell line relative to less tapasin de�cient alleles.
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5.2.4.2 MHC-I sequence processing

For each of the 97 alleles, we exported the reference sequence from the IMGT

database. This produced a length 182 sequence of amino acids. Typical encodings

convert each amino acid to a vector of length 20 or more, so using the entirety of

this sequence would make training a downstream model ine�cient. It is also likely

that the majority of the sequence does not contain information that is relevant to

the prediction of tapasin dependence.

We therefore used three di�erent representions of MHC-I sequence to train our

regressive models:

1. Using the whole sequence of 182 amino acids.

2. Using the length 34 pseudosequence proposed by Nielsen et al. [114]

3. Using the 10 residues from the F pocket of MHC-I, since this region has been

observed to be signi�cant in tapasin binding [4, 64, 113].

5.2.4.3 Amino acid encoding

In addition to the substitution matrices, physicochemical features and sparse en-

coding described in previous chapters, we included a latent representation of the

input sequence using ESM-2 [101]. ESM-2 is a transformer protein language model

trained on protein sequences from the UniRef database and has been demonstrated to

capture su�cient information to enable accurate atomic-level predictions of protein

structure.

As tapasin dependence has been noted to correlate with structural properties of

MHC-I such as conformation 
exibility [64], we predicted that ESM-2 's learnt pro-

tein structure information might be bene�cial to the downstream task of tapasin

dependence prediction.

To use ESM-2, we passed each of the 97 allele sequences through the pre-trained

650 million parameter version of the model and concatenated the latent vectors from

the �nal transformer layer to produce an encoding of each allele.

5.2.4.4 MHC-I structure prediction and encoding

We also investigated whether bringing information from the predicted structures of

MHC-I alleles could enhance performance. To do so, we folded each allele using

DeepMind's AlphaFold2 model with the default hyperparameters [28].
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AlphaFold returns predicted protein structures as sets of 3D coordinates of the pro-

tein backbone. These sets of coordinates cannot be passed to a regressor without

further pre-processing, since our regressors expect a 1 dimensional vector of input

features. We therefore pass each structure through Foldseek | a vector quantised

variational autoencoder that uses protein bond and dihedral angles to reduce a 3D

structure into a sequence of tokens corresponding to a `structural vocabulary' of

dimension 20 [158].

The overall e�ect is that the length 182 sequence of amino acids for each allele

is converted to a length 182 sequence of structural tokens, capturing structural

information without increasing the dimensionality of the input features. We then

encoded this sequence by using the substitution matrix provided by Foldseek to

convert the structural tokens to length 20 vectors of integers.

5.2.4.5 Regression training

As our prediction target, we log-scaled the mean tapasin dependence of the 97

alleles in the Bashirova dataset. For each encoding, we trained a support vector

regression model (SVR) using 10-fold cross-validation to estimate performance on

unseen data. Regressor hyperparameters were tuned using scikit-learn`s Random-

izedSearchCV with the same hyperparameter search space used in the training of

PanTAP (Table 3.2).
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5.3 Results

5.3.1 Extended Dalchau model inference

MCMC was used to infer the posterior distributions of the 10 �tted parameters from

the Dalchau experimental data. The convergence of the 3 Markov chains and the

resulting posterior distributions are shown in Figure 5.5.

The trace plots (shown on the right-hand side) show e�cient convergence of the

3 chains from di�erent initial states after approximately 50,000 iterations. Certain

parameters converged much faster than this (e.g. the MHC-I supply rate to the

ER, gM), suggesting that the experimental data placed tighter constraints on these

parameters than others.

The range of the x-axis for the posterior distributions corresponds to the range of the

uniform prior used in the sampling, highlighting the di�erence between the prior and

posterior distributions. For the majority of parameters, the chains converged to a

tightly distributed posterior, indicating identi�ability of the corresponding parameter

from the data. However, three parameters stand out for having broad posterior

distributions. The peptide-MHC egress rate, peptide-TAP dissociation rate and the

total number of ERAP1 molecules in the ER all have associated posteriors spanning

many orders of magnitude, showing that these parameters were not identi�able from

the Dalchau data.
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Figure 5.5
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Figure 5.5. Posterior distributions (left) and trace plots (right) showing result of MCMC

for the 10 inferred parameters in the extended Dalchau model. Posterior distributions were

calculated from the 3 Markov chains after discarding the �rst 75,000 samples (the burn-in

period, deduced from the trace plots) using the Seaborn library kernel density estimate (kde-

plot) with default parameters. The maximum a posteriori (MAP) parameters are indicated

by a dashed line for each posterior parameter distribution.
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Parameter Lower Upper MAP Std. ESS r̂

log ub �6:5 �4:0 �5:23 0:11 6433:32 1:00

log un �5:5 0:0 �2:84 0:03 3072:39 1:00

log �b �7:0 �1:0 �3:23 0:25 6304:38 1:00

log gPex 0:0 3:0 2:34 0:05 3163:57 1:00

log b �10:0 �7:0 �8:34 0:04 1148:60 1:00

log e �5:0 0:0 �1:62 0:58 2036:37 1:00

log c �9:0 �3:0 �5:02 0:10 6320:75 1:00

log gM 0:0 4:0 0:74 0:02 7923:86 1:00

log dMe �6:0 �4:0 �4:21 0:01 8096:70 1:00

log uS �4:0 4:0 2:71 0:83 3585:62 1:00

logE0 1:0 8:0 2:93 1:37 7264:77 1:00

logE0 �6:5 �4:0 �3:42 0:08 4450:89 1:00

Table 5.2. Summary statistics from Bayesian inference. Lower and upper limits of log-scaled

parameters were used to shape uniform log priors. Maximum a posteriori (MAP) parameter

values are shown following 350,000 iterations. Standard deviation (std.) of posterior provided

for each parameter. E�ective sample size (ESS) and convergence criterion, r̂ , also provided

to show convergence of chains.

The summary statistics associated with the MCMC experiment and Figure 5.5 are

shown in Table 5.2, calculated assuming a burn-in period of 75,000 iterations.

To illustrate the consistency of the sampled parameters and extended Dalchau model

with the experimental data, we sampled 1,000 sets of parameters from the posterior

distributions and used these to simulate the experimental data in Figure 5.6. The

model predictions show high consistency with the results of the BFA decay assay, both

with and without tapasin, indicating that the stability di�erences in the peptidomes

of both cell lines could be accurately represented by just two di�erent species of

endogenous peptide. The model is also highly consistent with the EndoH assay,

although the predictions for the .220tpn cell line are more varied across the sampled

parameters. We believe that this is due to the anomalously low data point at 210

minutes.

The mean predicted total surface MHC-I was between 160,000 and 170,000 com-

plexes, whilst the predicted number of presented SIINFEKL peptides was just below

65,000. Both �gures and distributions are consistent with the assumptions made in

5.2.2.3.

The predicted presentation of the SIINXEKX peptides is shown in Figure 5.6b. The
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extended Dalchau model predictions agree closely with the experimental data in the

.220tpn cell line, with the only small discrepancy occurring for the SIINYEKL pep-

tide (which has the highest o�-rate). For the tapasin de�cient .220 cell line, the

model predictions di�er more substantially from the experimental data. In contrast

to the .220tpn cells, in which presentation correlated with MHC-I a�nity, the hier-

archy of peptides in the .220 cell line is not solely determined by a�nity for MHC-I.

The extended Dalchau model provides some explanation for this phenomenon, with

the observed greater presentation of SIINFEKM than the more stable SIINFEKV

predicted by the model due to a higher TAP binding a�nity. However, the model

predicts SIINFEKL to be the most abundantly presented peptide in the .220 cell line,

whereas the experimentalists found SIINFEKM to have the highest presentation.

Overall, the model predictions and experimental observations align closely, with the

only prominent exception being the over prediction of SIINFEKL presentation in the

tapasin-de�cient .220 cell line.

5.3.2 Tapasin dependence in the extended Dalchau model

We investigated the e�ect of changing di�erent parameters on the predicted tapasin

dependence in the extended Dalchau model. 7 parameters were selected due to

their predicted e�ect on tapasin dependence and were varied between 2.5 orders

of magnitude above and below the maximum a posteriori parameter values found

during the parametrisation of the extended Dalchau model. The perturbation of

parameters directly corresponding to the e�ect of tapasin on the peptide loading

process (e.g. the enhancement to peptide-MHC o� rates, q) appeared unable to

increase tapasin dependence by improving peptide presentation in presence of tapasin.

This suggests that the MAP parameter values are already close to optimal for the

system. Increasing the supply of tapasin in the ER leads to an increase in tapasin

dependence but this increase plateaus at a tapasin dependence of only 2.60, indicating

that high tapasin dependencies can only be obtained through low presentation in the

absence of tapasin.

Reducing the peptide-MHC binding rate and increasing the peptide-MHC o�-rate of

the non-binding endogenous cohort both increase tapasin dependence by reducing

presentation in the absence of tapasin. However, tapasin dependence plateaus at

just above 100 when increasing un, which is far lower than the reported tapasin

dependence of HLA-B*44:03, for example. We found that only by changing the

peptide-MHC binding rate, b, could we obtain the full range of tapasin dependencies
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(a) (b)

(c) (d)

(e)

Figure 5.6. Comparison of model predictions (denoted by scatter points, where relevant)

and experimental data. 1,000 sets of parameters were randomly sampled from the posterior

distributions and used to simulate the experiments. Dashed lines indicate the predictions

using the maximum a posteriori (MAP) parameters. Shaded regions indicate 97.5%, 90%

and 50% credible intervals in order of increasing opacity.
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Figure 5.7. The predicted e�ect of changing parameters from the MAP values in the

extended Dalchau model on the tapasin dependence.

reported by Bashirova et al., and hence concluded that this parameter should be used

to tune tapasin dependence in the model.

This is consistent with the study of Bailey et al. into the structural intermediates

of peptide loading using an extended version of the Dalchau model (mentioned in

Section 5.2.1.1) [12]. They found that tapasin independent alleles moved from an

open to a closed conformation at a faster rate than dependent alleles. Our model

does not include multiple conformations of MHC-I, so the binding rate, b, can be

thought of as encapsulating the binding of peptide to MHC-I and the conformational

change of the MHC-I from an open to closed state. Hence, a higher value of b is

consistent with a faster change in conformation, and hence a less tapasin dependent

allele.

5.3.3 Prediction of tapasin dependence

5.3.3.1 Comparison of encodings and MHC-I representations

We tuned hyperparameters for support vector regressor models to predict the log-

scaled tapasin dependence measurements reported by Bashirova et al. and compared

trained model perforamance using a 10-fold cross-validation (Figure 5.8). For all
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encoding strategies, we found that restriction of the MHC-I sequence to the F-pocket

had a detrimental e�ect on predictive performance when compared to the equivalent

model performance using the whole sequence or NetMHCpan pseudosequence. This

suggests that tapasin dependence is not determined by the binding of tapasin at the

F pocket, but by a property of the whole MHC-I (e.g. protein dynamics [12]).

Our attempts to include structural information in the model training had mixed

success. Prediction of MHC-I structure using AlphaFold2, followed by structural en-

coding through Foldseek resulted in a worse-performing predictive model than using

any of the standard amino acid encodings for all 3 representation strategies. How-

ever, using the pre-trained ESM-2 to produce a latent representation of the MHC-I

enhanced performance when using the full sequence. The mean MSE across the 10

folds was 0.138 using ESM-2 | signi�cantly lower than the Benner6 substitution

matrix, which had the next lowest mean MSE of 0.160 (signi�cant at the p < 0:05

threshold using a paired Wilcoxon test).

For the pseudosequence, the ESM-2 encoding resulted in a higher mean MSE (0.186)

than all of the standard amino acid encodings. This is likely because the pseudose-

quence does not correspond to a naturally occurring consecutive sequence of amino

acids in the MHC-I structure. Thus the ESM-2 Transformer encoder, trained on

physical protein sequences, cannot produce a sensible latent representation.

5.3.3.2 Correlation of tapasin dependence and prediction error

The prediction error is dominated by a small subset of 9 HLA alleles, all with a mean

MSE of over 0.5. 3 of these alleles belong to the HLA-B*44 supertype (B*44:02,

B*44:03 and B*44:05) and are commonly studied for having signi�cantly di�erent

tapasin dependencies despite close sequence similarity. The tapasin dependencies of

HLA-B*44:03 and HLA-B*44:05 were measured by Bashirova et al. at 274.16 and

1.82 respectively. The other 6 poorly predicted alleles are all characterised by their

high tapasin dependencies and, besides HLA-A*01:01 and HLA-B*49:01 (which were

predicted with a mean MSE of only 0.045 and 0.363 respectively), were the other

alleles with the highest tapasin dependencies in the training set. Hence, it appears

that the allele prediction error correlates positively with its tapasin dependence.

5.3.3.3 Performance of best model

A scatter plot of the best performing method (full MHC-I sequence with ESM-2

encoding) is shown in Figure 5.9. This plot shows that most error in the �tting

process is the result of the under-prediction of highly tapasin dependent alleles.
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Figure 5.9. Scatter plot showing 10-fold cross-validation predictions for SVR model trained

using ESM-2 encoding of the full MHC-I sequence. Top 9 most inaccurately predicted alleles

are annotated.

5.4 Discussion

5.4.1 Low SIINFEKL presentation in .220 cell line

We found the biggest discrepancy between predictions of the extended Dalchau model

and the experimental data to occur in prediction of the presentation of SIINXEKX

peptides in the tapasin de�cient .220 cell line. In the standard Dalchau model, this

manifested as an under-prediction of SIINFEKM presentation and was suggested to

be caused by enhanced translocation of SIINFEKM by TAP. By integrating TAP

translocation into the extended model, we successfully rationalised increased presen-

tation of SIINFEKM relative to SIINFEKV due to the predicted TAP binding a�nities

of 45:0�M and 77:7�M, respectively, resulting in an ampli�ed translocation rate of

SIINFEKM, as Dalchau et al. had suggested. However, our model failed to predict

the relatively low presentation of SIINFEKL (with a predicted TAP binding a�nity

of 35:6�M) compared to SIINFEKM.

All peptides were predicted to be trimmed slowly by ERAP1 and with only minor

di�erences in e�ciency. SIINFEKL was predicted to be trimmed with a catalytic rate

of 0.167 s�1 | only fractionally higher than SIINFEKM (0.162 s�1) or SIINYEKL

(0.114 s�1), and lower than SIINFEKV (0.176 s�1). Hence, the inclusion of ERAP1

kinetics could not shed any light on the low SIINFEKL levels.

Assuming no signi�cant experimental measurement error, it can therefore be inferred
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Figure 5.10. Dalchau SIINXEKX study simulated with SIINFEKL half-life in cytosol set to

25% of maximum a posteriori (MAP) value. The new predictions are denoted by a black

star.

that an additional element within the antigen processing pathway, not encompassed

by the extended Dalchau model, likely contributes to the diminished presentation of

SIINFEKL. A prospective candidate for this role is ERAP2. Characterized by its pref-

erence for peptides of fewer than 9 amino acids, ERAP2 is anticipated to e�ciently

process all peptides. However, in contrast to ERAP1, ERAP2 does not exhibit bind-

ing a�nity to the C-terminus of its substrate. Consequently, a notable discrepancy in

peptide trimming between two peptides di�ering solely by a single amino acid at the

C-terminus would not be anticipated. Nonetheless, the precise speci�city of ERAP2

remains under thorough investigation in existing literature. Hence, it is plausible that

ERAP2 may enhance the trimming rate of SIINFEKL relative to other peptides for

reasons presently unknown. In particular, it should be noted that mice do not express

ERAP2 so, although SIINFEKL is a canonical murine epitope, it is possible that a

high level of destruction occurs when the epitope is introduced to the .220 human

B-cell line.

Alternatively, it is possible that SIINFEKL might have a shorter half-life in the cytosol

than SIINFEKM. Cytosolic half-life has been observed to vary across many orders

of magnitude and appears to depend on the entirety of the peptide sequence. To

test this hypothesis, we re-simulated the experiments with a cytosolic half-life of for

SIINFEKL that was 1/4 that of the other 3 peptides. We found much closer agree-

ment with the observed data (albeit with a slightly negative impact on the .220tpn

prediction), indicating that this could be a possible explanation for the discrepancy

with our original predictions (shown in Figure 5.10).
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5.4.2 MHC-I on rate determines tapasin dependence in the ex-

tended Dalchau model

By varying di�erent parameters in the extended Dalchau model, we found that the

peptide-MHC binding rate was the only parameter capable of tuning tapasin depen-

dence between the full range of values reported by Bashirova et al. in their study

[14].

Intuitively, this means that tapasin independent alleles are characterised by e�cient

MHC-I binding without the assistance of tapasin, so logically the bene�t of tapasin

inclusion is reduced when compared with an allele for which MHC-I binding is much

slower.

Physically, a higher binding rate can be thought of as the peptide-MHC complex

moving from the open to closed conformation at a faster rate. This is then consistent

with the observation that tapasin independent alleles, such as HLA-B*44:05, move

to a closed state faster than tapasin dependent alleles [12].

5.4.3 Tapasin dependence cannot be accurately predicted by

MHC-I sequence

Our attempts to predict tapasin dependence from MHC-I sequence were unsuccessful

for highly tapasin dependent alleles, as shown by Figure 5.9. This was an anticipated

outcome because alleles di�ering by only a single amino acid (e.g. B*44:02 and

B*44:05) can have tapasin dependencies di�ering by almost 2 orders of magnitude,

suggesting that MHC-I sequence similarity does not imply tapasin dependence simi-

larity.

We see from Bailey et al.'s molecular dynamics simulations that this single amino

acid substitution can cause changes in the plasticity of the tertiary structure that

can explain the di�erences in tapasin dependence. More recent investigation of

the protein dynamics of alleles with low tapasin dependency (Turner, Essex and

Elliott, unpublished) has shown that these molecules edit peptide cargo by utilising

an intramolecular hydrogen-bonding relay that is not deployed for tapasin dependent

peptide editing.

Since prediction of protein structure from sequence remains an unsolved problem in

the �eld (at least at the multiple conformation level), it is unsurprising that a model
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trained only on protein sequence is unable to accurately predict a property that so

closely corresponds to structure.

5.4.4 Single structure predictions do not improve model perfor-

mance

We attempted to include structural information by predicting the structures of the

97 di�erent HLA alleles using AlphaFold2 followed by Foldseek to replace the MHC-I

amino acid sequence with a sequence of structural tokens. However, performance us-

ing this method was signi�cantly worse than using the MHC-I sequence with standard

substitution matrices (Figure 5.8). This failure could be caused by either:

1. Inaccurate structure prediction of MHC-I by AlphaFold.

2. Inaccurate structure representation using Foldseek.

AlphaFold2 has been shown to accurately predict certain protein structures and has

received a lot of attention for this accomplishment. However, AlphaFold has only

solved structural prediction in a single structure universe [91]. Substantial research

e�ort is currently being invested into generating ensembles of protein structures,

either by tweaking AlphaFold 's multiple sequence alignment stage or through the

development of novel predictive models, but for now we can only derive single struc-

tures from AlphaFold.

MHC-I tapasin dependence has been shown to correlate inversely with predicted pro-

tein plasticity using molecular dynamics simulations of B*44:02 and B*44:05 in their

ligand-free states [12]. The B*44:02 molecule populated a single F-pocket confor-

mation, whereas the tapasin independent B*44:05 allele populated several F-pocket

conformations. Figure 5.11 shows the two structures predicted by AlphaFold2 fol-

lowing structural alignment. The two structures are extremely closely similar with an

RMSD of 0.22 �A. Although the two alleles di�er by a single residue at site 116, even

this region of the two predicted structures shows close alignment, despite being re-

sponsible for the two alleles occupying opposite ends of the tapasin dependence spec-

trum. The other conformations of B*44:05 are unknown because AlphaFold2 has

only returned a single structure. Hence, it is unsurprising that using these structures

in our downstream prediction task led to to similar predictions of tapasin dependence

for both B*44:02 and B*44:05.

AlphaFold2 returns the same structures because the ligand-bound structure of HLA-

B*44:02 and HLA-B*44:05 are identical, as seen through alignment of the structures
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Figure 5.11. Structural alignment of the predicted structures of HLA-B*44:02 (orange) and

HLA-B*44:05 (chain) using the jFATCAT algorithm through the RCSB web server. The two

aligned molecules have a root mean squared distance of 0.22, a TM-score of 1.00 and a

sequence identity of over 99% (single amino acid di�erence). The single residue di�erence

at site 116 is highlighted using a ball-and-stick representation.

3L3K and 3KPP on PDB [107, 149]. As a conformational intermediate, the peptide

free-structure would be expected to exist in a higher energy state, so we would

not expect it to be returned by AlphaFold2 (since the model has been trained on

low energy states from PDB). As protein structural ensemble prediction continues

to improve, it may soon be possible to predict these alternative conformations using

machine learning. This could enable us to estimate protein plasticity without the need

for molecular dynamics, thus facilitating the fast prediction of tapasin dependence

for alleles not in the Bashirova data set.

5.4.5 Concluding remarks

In this chapter we have parametrised an extended version of the Dalchau model

the addition of TAP and ERAP1, and have added conditions to ensure prediction

of physically plausible numbers of pMHC complexes. We have shown how although

the model is trained on H2-Kb it might be applied to any potential MHC-I allele by

treating the peptide-MHC binding rate, b, as an allele-speci�c parameter.

This parameter can be estimated if the tapasin dependence is known. Although

97 measured levels of tapasin dependence have been reported in the literature, this

only represents a small subset of the 26,610 HLA Class I alleles included in the
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IPD-IMGT/HLA Database as of December 2023 [13]. Furthermore, the Bashirova

dataset does not include any non-human MHC-I alleles (e.g. H2-Kb, which was used

to parametrise the Dalchau model).

We therefore investigated how we might predict the tapasin dependence of alleles

for which this �gure has not been reported. We found that attempts to train a

regressor to predict this quantity were largely unsuccessful. The best performance

came from encoding the full MHC-I sequence using the protein language model,

ESM-2, suggesting that consideration of MHC-I structure is key in the prediction of

this quantity. However, we found that attempts to use the predicted structures from

AlphaFold2 did not enhance prediction, likely due to the fact that single structures

only represent a snapshot of the protein's structure and do not permit the inference

of protein plasticity | a key property in determining tapasin dependence.

Hence, accurate tapasin dependence prediction will require either the prediction of

conformational ensembles of MHC-I structures or the dynamic simulation of protein

structure through molecular dynamics simulations. The former is an area of active

research currently and is computationally preferable due to the high computational

cost of molecular dynamics simulation. As the next generation of protein structure

prediction algorithms emerges in the wake of AlphaFold2, we anticipate that this

might facilitate the accurate prediction of tapasin dependence for a far wider range

of MHC-I alleles.



Chapter 6

A mechanistic model of the antigen

processing pathway

6.1 Introduction

In Chapter 5, we extended an existing systems biology model of antigen processing

to include the e�ects of TAP and ERAP1. Our analysis was limited by the data

set used to re-parametrise the extended model. The data used had been collected

by Dalchau et al. to facilitate the study of the MHC-I loading pathways in the

endoplasmic reticulum [43]. The comparison of the tapasin de�cient .220 cell line

with the .220tpn transfected cell line permitted the parameters associated with the

tapasin-dependent or independent peptide loading pathways to be identi�ed (shown

by tight posterior distributions in Figure 5.5), but not the e�ects of TAP or ERAP1.

We also neglected to consider the e�ects of cytosolic aminopeptidases under the

assumption that none of the associated parameters would be identi�able from the

data, and because all 4 SIINXEKX peptides had identical N-termini so would likely

have similar aminopeptidase activity.

In this chapter, we use a more comprehensive study of the e�ect of precursor N-

terminus on antigen processing e�ciency to determine the remaining parameters in

our mechanistic model and validate its e�cacy on a larger range of peptides [71].

We use data from two experimental assays reported in this study:

1. Antigen processing e�ciency of ubiquitinated N-terminally extended SIINFEKL

peptides (ub-XXSL) in wild type (WT) HeLa cells (Figure 6.1a).

119
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(a)

(b)

Figure 6.1. (a) Mean 
uorescence intensity (MFI) from speci�c binding of 25.D1 antibody

to H2-Kb bound SIINFEKL after 48h following transfection with ubiquitinated XXSIINFEKL

(ub-XXSL), where X denotes one of 19 di�erent amino acids. (b) Dependence on ERAP1

calculated by treatment of HeLa cells with siRNA against ERAP1 and evaluating di�erence

against wild type. Error bars represent the results of two independent experiments. All data

are reproduced from [71]

2. Antigen processing e�ciency of ubiquitinated N-terminally extended SIINFEKL

peptides (ub-XXSL) in HeLa cells treated with ERAP1-speci�c siRNA (Figure

6.1b).

Because of the diversity of N-termini across the XXSL peptides, we anticipated that

cytosolic aminopeptidases would likely be partially responsible, along with ERAP1,

for the trimming of these precursors in an N-terminus dependent manner [6, 139].

We therefore decided to include the data from the ERAP1-de�cient siRNA treated

HeLa cell line, hypothesising that this would enable us to separate peptide trimming

in the cytosol from peptide trimming in the ER.

Hence, in this chapter we are able to �ll in the gaps in our model of the antigen

processing pathway remaining from the extendedDalchau model presented in Chapter
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5. This leaves us with a fully parametrised model, theoretically capable of accurately

predicting raw numbers of pMHC complexes on the cell surface. We �nish the chapter

with a sensitivity analysis of this model, along with a discussion of its limitations.

6.2 Methods

6.2.1 Mechanistic model �tting

6.2.1.1 Hearn data set

To validate our mechanistic model and infer the role of cytosolic aminopeptidases,

we utilised a study by Hearn et al. into the e�ect of the N-terminus extension on the

e�ciency of generation and presentation of SIINFEKL [71]. The authors constructed

plasmids consisting of ubiquitin (Ub) at the N-terminus of XXSIINFEKL (XXS-L),

where X represents one of 19 amino acids (all canonical amino acids, excluding

proline). H2-Kb transfected HeLa cell lines were then transiently transfected with

the plasmid and incubated for 24-48 h, at which point H-2Kb-SIINFEKL complexes

were quanti�ed on the cell surface using the 25.D1.16 monoclonal antibody (mAb).

Hearn et al. then repeated this study using a HeLa cell line that had been treated

with small interfering RNA (siRNA) for ERAP1, knocking down levels of the enzyme

to below 10% of WT levels. They used the di�erence in presentation of SIINFEKL in

this ERAP1 knockdown cell line to calculate the dependence of the di�erent XXS-L

peptides on ERAP1 for the generation of the epitope according to the formula:

% ERAP1 dependence = 100%�
ERAP1 knockdown SIINFEKL

WT SIINFEKL
: (6.1)

All data were extracted from the original �gures using the Web Plot Digitizer tool

[132].

6.2.1.2 Cytosolic aminopeptidases

We adapted the extended Dalchau model presented in Chapter 5 to incorporate

substrate-speci�c N-terminus trimming by cytosolic aminopeptidases. Many di�erent

cytosolic aminopeptidases have been identi�ed and are implicated in epitope produc-

tion, including puromycin-sensitive aminopeptidase (PSA), leucine aminopeptidase
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(LAP), and bleomycin hydrolase (BH). These aminopeptidases have been noted to

have considerable redundancy in their speci�cities, and there may still aminopep-

tidases which are yet to be identi�ed in the cytosol. It would therefore be highly

complicated for modelling purposes to consider these aminopeptidases as indepen-

dent enzymes. Instead, we made the parsimonious decision to treat them as a single

collective species of cytosolic aminopeptidases, the speci�city of which we attempted

to infer from trimming in the ERAP1-depleted HeLa cell line.

We modelled the rate of substrate trimming by cytosolic aminopeptidases through a

simple trimming rate, rX (where X denotes the N-terminus amino acid), under the

assumption that this rate depends only on the N-terminus of the substrate. This term

was added to the equations describing free peptide in the cytosol in the extended

Dalchau model, resulting in a new system of ordinary di�erential equations given in

Section A.2.

6.2.1.3 O�-rate measurement

Previous analysis had indicated that the Dalchau model was very sensitive to the

peptide-MHC o�-rate parameter. This can be seen through the di�erences in pre-

sentation of the 4 SIINXEKX peptides in the .220tpn cell line (shown in Figure 5.6e).

O�-rates can be predicted by various publicly available algorithms, but this introduces

high uncertainty into this parameter [114, 118]. To limit uncertainty and hence en-

hance our con�dence in the identi�cation of the remaining unknown parameters, we

decided to experimentally measure the o�-rates of the 19 XXS-L peptides, as well

as the 19 intermediate products of N-terminus processing (XS-L), and the o�-rate

of SIINFEKL itself.

Peptides were ordered from GenScript, with purity of over 98%. O�-rates were mea-

sured using a brefeldin A decay assay with an RMA-S cell line. For each peptide,

between 3 and 5 replicates were taken. An exponential decay was �tted to the result-

ing time series using Bayesian inference with MCMC to capture the noise observed

through the experimental repeats. The maximum a posteriori o�-rate values were

chosen for use in further simulation. The lab reported problems in obtaining a high

purity of IISIINFEKL, so calculation of the o�-rate for this peptide was not possible.

6.2.1.4 Parameterisation

We �xed most parameters in the model in Section A.2 to the maximum a posteriori

(MAP) parameter values determined through the inference of the extended Dalchau
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model in Chapter 5, with only 4 exceptions. Of these, the peptide-MHC egress

rate (e), peptide-TAP dissociation rate (uS) and concentration of ERAP1 (E0) were

deemed to be non-identi�able from the data used to parametrise the model due to

their broad posterior distributions. We also chose to re�t the degradation rate of

peptide in the cytosol (dC) as we had chosen to separate cytosolic aminopeptidase

activity from degradation by other resident peptidases. The o�-rate of IISIINFEKL

(uII) required �tting as it was not possible to measure experimentally.

The addition of trimming by cytosolic aminopeptidases introduced a new parameter,

rX, to be determined for all 19 amino acids studied in the Hearn dataset. We assumed

that the generation of each XXS-L peptide in the cytosol following the removal of

ubiquitin was approximately homogeneous across the 19 amino acids, with rate gi .

Hearn et al. measured surface pMHC levels using 
uorescence due to binding of the

25.D1.16 mAb. We assumed that the observed 
uorescence was linearly proportional

to the level of pMHC on the cell surface, so could be related through a scaling factor.

With the addition of this scaling factor, we were left with 26 parameters requiring

estimation.

6.2.1.5 Model simulation

For each proposed set of values of the 26 unknown parameters, �, we simulated the

model described by the system of ordinary di�erential equations in Section A.2 for

each of the 19 di�erent XXS-L peptides. The system was initialised to its equilibrium

point in the absence of exogenous peptide (i.e. gXXSL = 0 in Equation A.22). The

exogenous peptide supply term was then set to gP and the system simulated until

a time of 36 hours (chosen because the original paper only speci�ed that cells were

incubated for 24-48 hours). At this time, the level of SIINFEKL on the cell surface

was taken and scaled by the scaling factor:

f WT
X = � �MePSL; (6.2)

where X denotes the N-terminus extension amino acids, now removed from the

SIINFEKL.

To simulate the ERAP1 knockdown cell line, we set ERAP1 levels to 10% of the

levels in the wild type cell line and re-simulated the ODE system until a time of 48

hours (as the authors measured presentation for this cell line on day 3). At this time,
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the level of SIINFEKL on the cell surface was taken and scaled, and used to calculate

the ERAP1 dependence by:

f KO
X =

(
1�

� �MePSL

f WT
X

)
� 100%:

6.2.1.6 Bayesian inference via MCMC

In order to detect any non-identi�able parameters, we used a Bayesian inference ap-

proach to sample the inferred posterior probability distributions of the 26 parameters

using a Markov Chain Monte Carlo (MCMC) method. We normalised the observed


uorescence in the WT cells to be between 0 and 100 so that it was on the same

scale as the observed ERAP1 dependence percentage.

Hearn et al. took 2 repeats for each measurement, giving some indication of the

level of experimental noise. We decided that 2 points was not su�cient to determine

the distribution of errors, so made the commonly used naive assumption that the

observed data (yWT
X and yKO

X ) were Gaussian distributed about the model predictions.

We included both repeated measurements in the calculation of our log-likelihood

function, given by:

` (�) = �2N log (2�)�4N log (�)�
1

2�2

2∑
i=1

N∑
j=1

[(
yWT
Xj ;i

� f WT
Xj

)2
+
(
yKO
Xj ;i

� f KO
Xj

)2]
;

(6.3)

where N = 19 is the number of amino acids, the dummy index i is used to sum over

both repeats, and the dummy index j is used to sum over the di�erent amino acids,

given by Xj .

We �xed the standard deviation of the noise, �, to be 10 (i.e. approximately 10% of

the maximum observation), although the set of parameter values, �MLE, minimising

` (�) is independent of the selected value of �, so we did not place much importance

on this parameter assignation.

Due to the high computational requirements of MCMC and the large number of

parameters requiring estimation, we decided against using a uniform log prior (as we

had done in Chapter 5). Instead, we ran an initial parameter optimisation, start-

ing at a position chosen uniformly at random in 26 dimensional space between the

assumed upper and lower bounds for each parameter. We maximised the Gaussian

log-likelihood given in Equation 6.3 by using the CMA-ES algorithm through the

optimisation toolkit in PINTS [40]. We then used this set of maximum likelihood
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parameters, �MLE, as the mean of truncated Gaussian log prior distributions with

standard deviation equal to the di�erence between the upper and lower bounds, di-

vided by 8 (this was chosen as a compromise between computational e�ciency and

permitting the sampling of a broad range of parameter space).

We initialised 3 Markov chains at random states sampled from the prior and ran them

using the Haario Bardenet ACMC algorithm in the PINTS toolkit. After 350,000 iter-

ations, we con�rmed that the 3 chains had converged to their posterior distributions

by ensuring that the convergence criterion, r̂ , was less than 1.05 for all parameters,

and by inspection of the trace plots.

6.2.2 Global sensitivity analysis

To determine the epitope- and precursor-speci�c parameters with the most in
uence

on the presentation of the epitope, we conducted a global sensitivity analysis on the

mechanistic model. We used extended Fourier amplitude sensitivity testing (eFAST).

This method yields two indices for each parameter: (i) the �rst-order sensitivity index,

Si , denoting the proportion of the output's variance due only to the given parameter,

and (ii) the total-order sensitivity index, STi , capturing higher order e�ects due to

interactions between the di�erent parameters.

The �rst-order sensitivity index is calculated by varying each parameter at unique

frequencies. The variance in the model output at the parameter's unique frequency

then indicates the e�ect of the given parameter on the model output. The total-

order sensitivity index is a result of an extension proposed by Saltelli and Bolado

to the basic Fourier amplitude sensitivity testing, in which the complement set of

parameters is varied at low, not necessarily unique frequencies while the parameter

of interest is being varied at a high, unique frequency [135]. The sensitivity indices

of the complementary set of parameters are summed to give their total contribution,

SCi
, and the remaining variance is then obtained as STi = 1� SCi

.

We used the SALib package in Python to implement eFAST on our mechanistic

model. We adapted the model used to simulate the Hearn study by considering

the production of an 8mer epitope and its N-terminally extended precursors up to a

length of 16 amino acids by the proteasome. For each set of parameter values, we

simulated the model to equilibrium and recorded the presentation of the 8mer. In our

analysis, we investigated the e�ect of 5 types of parameter on the presentation of

the 8mer: (i) production rate by the proteasome (gi), (ii) cytosolic aminopeptidase

trimming rate (ri), (iii) peptide{TAP binding a�nity (uS=bSi ), (iv) ERAP1 trimming

rate (kERi ), and (v) peptide{MHC-I o�-rate (ui). Thus, we considered 5 di�erent
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Parameter Lower Upper Units

gi 0:0 3:0 peptides s�1

ri �5:0 �0:5 s�1

uS=bSi 0:0 8:0 nM

kERi �2:0 1:5 s�1

ui �6:0 �3:0 s�1

Table 6.1. Parameter symbols and ranges of log10 values used for eFAST sensitivity analysis.

parameters for each of the 9 peptide lengths, giving us 45 parameter values in total.

We log-scaled parameter values and sampled them uniformly from the ranges shown

in Table 6.1.

We also included a dummy parameter which had no e�ect on the mechanistic model

output. This was considered to provide a baseline for statistical comparison, as

has been proposed previously in the literature [108]. We conducted the sensitivity

analysis 5 times (for random seeds = 0, 1, ... , 4) and conducted a one-tailed t-

test to compare the sensitivity indices of each parameter with those of the dummy

parameter and check for a signi�cant increase. This gave us a p-value for each

sensitivity index, indicating the probability that the increase in that parameter could

be due to random chance.

For each parameter, 1,000 samples were generated during each running of the sen-

sitivity analysis. Hence, we simulated the mechanistic model for 46,000 di�erent

combinations of parameter values for each of the 5 random seeds. We had originally

assumed that the tapasin dependence of the restricting MHC-I allele would a�ect the

sensitivity to di�erent parameters. Therefore, we conducted the sensitivity analysis

for 3 di�erent hypothetical alleles, with low, medium and high tapasin dependencies

of 1.25, 10 and 100 respectively. However, we found no notable di�erences between

the 3, so only present our �ndings for the low tapasin dependence allele in the results

in Section 6.3.3.
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6.3 Results

6.3.1 Hearn �tting results

Figure 6.2
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Figure 6.2
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Figure 6.2
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Figure 6.2
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Figure 6.2. Posterior distributions (left) and trace plots (right) showing result of MCMC for

the 26 inferred parameters. Posterior distributions were calculated from the 3 Markov chains

after discarding the �rst 150,000 samples (the burn-in period, deduced from the trace plots)

using the Seaborn library kernel density estimate (kdeplot) with default parameters. The

maximum a posteriori (MAP) parameters are indicated by a dashed line for each posterior

parameter distribution.

The results of the Bayesian inference of unknown parameters in the mechanistic

model are shown in Figure 6.2. All three chains had converged after approximately

150,000 iterations. Kernel density estimate plots for the 150,000 iterations following

this point show that the maximum a posteriori (MAP) parameter values are close to

the maximum likelihood estimate (MLE) parameter values used as the mean of the

prior distributions.

The comparison between the posterior distributions and the prior distributions sug-

gests that most parameters were practically identi�able from the available data, since

alternative parameter values in the local vicinity of parameter space were rejected

during the sampling.

We sampled 1,000 sets of parameters from these posterior distributions and simulated

the mechanistic model for each set. A comparison between the distribution of model

predictions and the observed data by Hearn et al. is shown in Figure 6.3. A high

degree of consistency between the mechanistic predictions and observations can be

seen for both the WT presentation and the ERAP1 dependence. There are a couple

of peptides for which we were not able to obtain consistency between our predictions

and the observations. These are annotated in the plots to show the full XXSL

sequence.
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(a)

(b)

Figure 6.3. Comparison between mechanistic predictions using maximum a posteriori (MAP)

parameters and the observations of Hearn et al. for (a) SIINFEKL presentation in WT HeLa

cells, and (b) ERAP1 dependence in siRNA treated HeLa cells. Error bars for x-axis indicate

95% credible interval following sample of 1,000 parameters from posterior distributions. Error

bars on y -axis indicate results of two independent experiments.
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6.3.2 Comparison with Schatz study

Having obtained tight posterior distributions for the predicted trimming rates of 19

amino acids by cytosolic aminopeptidases, we wanted to investigate whether this was

consistent with the limited experimental data in the literature studying the activity

of this collection of enzymes.

We used a study by Schatz et al. in which the authors extracted and puri�ed cytosol

from human cell lines before studying the in vitro trimming of the 9mer XRGYVYQGL

(where X denotes E, P, S, Q, I, R, L, F, M, or W) by the puri�ed extract.

6.3.2.1 Schatz parameter inference

We �tted an exponential decay curve to the Schatz data, assuming that the trimming

rate was dependent on the N-terminus of the substrate. Posterior distributions for

the trimming rates of 10 peptides were sampled using a Bayesian inference approach

with MCMC. 3 Markov chains were generated using the Haario-Bardenet algorithm

through the PINTS toolkit [40]. We assumed multiplicative Gaussian noise for the

log likelihood function so that error in the observed substrate concentration was

proportional to the magnitude of the measurement. The summary statistics for the

posterior distributions of the trimming rates are given in Table 6.2. The convergence

criterion, r̂ , being less than 1.05 for all parameters indicates successful convergence

of the 3 chains [33].

To investigate the consistency of the proposed model and resulting parameter distri-

butions with the experimental data, we randomly sampled 1,000 sets of parameters

from the posterior distributions. The plots in Figure 6.4 show close agreement be-

tween the 50%, 90%, and 95% credible intervals and the measurements of Schatz

et al. across all 10 peptides. This demonstrates that the collective activities of the

enzymes can be accurately represented by a single parameter.

6.3.2.2 Comparison of Hearn and Schatz parameters

We found a strong correlation between the posterior distributions of cytosolic aminopep-

tidase trimming rates determined in the parametrisation of our mechanistic model

using Hearn et al.'s study and those determined using Schatz et al's in vitro degra-

dation assay (shown in Figure 6.5). We �tted a linear regression between the me-

dian log-scaled mean parameter values from each method, determining Pearson and

Spearman correlation coe�cients of Rp = 0:812 and Rs = 0:783 respectively, and a

line of best �t given by the equation y = 1:16x + 2:60.
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Figure 6.4. Results of �tting exponential decay to data from the in vitro trimming study

of Schatz et al. [139] (shown by red points). 1,000 trimming rates for each peptide were

sampled from the posterior distributions. Their credible intervals are denoted by blue shading.
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N-terminus Mean Std. ESS r̂

E �4:45 0:17 8141:56 1:00

P �4:12 0:08 8469:52 1:00

S �3:99 0:06 8825:65 1:00

Q �3:78 0:04 8515:18 1:00

I �3:68 0:03 8250:84 1:00

L �3:38 0:02 8396:68 1:00

M �3:29 0:02 8644:78 1:00

F �3:39 0:02 8628:94 1:00

W �3:25 0:02 8564:35 1:00

R �3:37 0:02 9000:31 1:00

Table 6.2. Summary statistics from Bayesian inference of trimming rates of peptides in the

Schatz et al. data set. The mean and standard deviation (std.) of the posterior distribution

is shown for each parameter. E�ective sample size (ESS) and the convergence criterion, r̂ ,

are also provided to show convergence of chains.

The raw values of the rates determined in the Schatz study di�er from those de-

termined using the Hearn study. However, we assume that this is the result of the

di�erence in enzyme concentration between the puri�ed cytosolic extract and the in

vivo cytosolic conditions in Hearn et al.'s HeLa cell line.

Hearn et al. did not study peptides with proline N-termini because of complications

with the removal of ubiquitin when bound to proline in vivo. In order to therefore

determine a corresponding trimming rate for proline to be used for our mechanistic

model, we used the line of best �t to calculate the rate from the mean of the trimming

rate determined through the �tting of the Schatz et al. data. This is denoted by a

red point in Figure 6.5.
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Figure 6.5. Comparison of trimming rates resulting from the Schatz study inference (shown

on the x-axis) and the inference using the Hearn study (y -axis). Error bars span the 95%

credible interval from the posterior distributions of the Bayesian inferences. The line of

best �t from an ordinary least squares regression between the medians of each posterior

distribution is shown by the dotted line, with Pearson correlation coe�cient, Rp = 0:666.

Proline was not inferred using the Hearn data set but is annotated on the line of best �t for

reference.

6.3.3 Sensitivity analysis

6.3.3.1 Antigen presentation is most sensitive to epitope parameters

A variance-based global sensitivity analysis, eFAST, was performed to identify the

parameters most signi�cantly a�ecting the presentation of a hypothetical epitope of

length 8 residues (Figure 6.6). As expected, the presentation of the epitope was most

sensitive to the o�-rate of the corresponding peptide{MHC-I complex, particularly

when measured through the primary sensitivity indices, Si . The other parameters

with notable sensitivity were the proteasomal supply rate, ERAP1 trimming rate,

and the peptide{TAP binding rate of the epitope (signi�cant at p < 0:001).

6.3.3.2 Aminopeptidases may play a destructive role in epitope generation

As well as the signi�cant sensitivity to the epitope trimming by ERAP1, cytoso-

lic aminopeptidase trimming of the 8mer was also predicted to have a signi�cant

(p < 0:01) e�ect on the 8mer presentation, albeit far less than the other epitope-

associated parameters. This suggests that, for the parameter ranges considered,

aminopeptidases may play a signi�cant destructive role in over trimming epitopes.
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6.3.3.3 Precursors signi�cantly contribute to epitope presentation

A reduced e�ect on epitope presentation was predicted by our model for parameters

corresponding to the N-terminally extended precursors (9mers to 16mers) through

the primary sensitivity indices. The most notable of these parameters were the pro-

teasomal production rate and the ERAP1 trimming rate of the 9mer. This suggests

that the the trimming of this precursor in the ER can contribute to signi�cant pro-

duction of the epitope.

Further sensitivity to precursors was noted from the total sensitivity indices, ST . In

comparison to the primary indices, a much greater proportion of the sensitivity was

seen to the proteasomal production and cytosolic aminopeptidase trimming rates of

precursors, implying that N-terminus processing in the cytosol can also contribute to

the generation of the epitope.

6.3.3.4 Longer precursors have little e�ect on presentation

The presentation of the epitope appeared to not be very sensitive to parameters

associated with peptides longer than 11 amino acids. We found more generally

that the presentation of 8mers to 12mers is predominantly only sensitive to the

parameters associated with peptides between the epitope length and precursors of at

most 3 amino acids from the N-terminus (Figure 6.7). This can be seen particularly

clearly for the presentation of the 12mer, which showed very little sensitivity to any

parameters associated with its 16mer precursor. Interestingly, the 12mer presentation

was more sensitive to parameters associated with shorter peptides, suggesting that

these peptides create competition for trimming by ERAP1, translocation by TAP,

and loading to MHC-I.
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Figure 6.6. eFAST sensitivity indices compared across the 5 groups of parameter values.

Shading intensity indicates the length of the peptide with which the parameter is associated.

The outer doughnut graph shows the primary sensitivity indices, Si , whilst the inner graph

shows the total sensitivity indices, STi . Sector width corresponds to the mean index value

across the 5 repeats. Annotated p-values are the result of a one-tailed t-test between the

parameter's indices and those of a dummy parameter.

6.4 Discussion

6.4.1 Possible reasons for discrepancies

6.4.1.1 Errors in parameter prediction

Although most of Hearn et al.'s observations were reproduced accurately by the

mechanistic model, we found a small number of peptides for which a larger discrep-

ancy existed between our predictions and the data. One explanation for this is that

our predictive models for TAP and ERAP1 made inaccurate predictions for parame-

ters corresponding to these peptides. However, the low sensitivity of the presentation

of the 8mer to ERAP1 and TAP parameters for 9mers and 10mers seen in Figure

6.6, coupled with the accurate predictive model performances found through cross-
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Figure 6.7. Total eFAST sensitivity indices for presentation of 8 to 13mers, grouped by

parameter peptide length.

validation in Chapters 3 and 4, would imply that errors in these parameters alone

would be unlikely to account for the discrepancies in our predictions.

6.4.1.2 Errors in parameter prediction

Alternatively, it is possible that the processing e�ciency of these peptides is depen-

dent on some other process that we have not included in our mechanistic model.

One strong candidate for this is retrotranslocation from the ER to the cytosol | a

pathway that is not currently included in our model. We chose to omit this pathway

in order to create a more parsimonious model and because we did not anticipate that

the retrotranslocation rate would be a practically identi�able parameter from the data

available. Hearn et al. compared ER-targeted XXSL peptides in ICP47-treated HeLa

cells (a competitive inhibitor for TAP, thus greatly reducing translocation e�ciency)

and in WT HeLa cells, concluding that certain peptides were likely to be retrotranslo-

cated from the ER to the cytosol for trimming, before being re-translocated [71, 72].

Further research is required to understand the signi�cance, if any, of this pathway in

the generation of epitopes.
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6.4.1.3 Ubiquitin removal in cytosol

Another possible explanation for discrepancies could be that ubiquitin is not cleaved

uniformly e�ciently from the N-termini of the di�erent peptides. To test whether

ubiqutin was removed equally e�ciently across all N-termini, Hearn et al. repeated

their study with methionine and alanine (MA) between the ubiqutin and the N-

terminus extension. Although they found strong concordance between this data

and the Ub XXSL data, valine was processed substantially more e�ciently in the

MAXXSL constructs than the XXSL, suggesting that VVSL supply in the cytosol

may be limited due to ine�cient ubiquitin removal. Hence, this could explain why

our mechanistic model overestimated the presentation of SIINFEKL following the

removal of valine from the N-terminus (VVSL).

6.4.2 Limitations of analysis

6.4.2.1 Peptide diversity

The similarity of the XXSL peptides is a potential limitation of the analysis in this

chapter for the following reasons:

1. Many intermediate products (XSL) were in the training set for our ERAP1

predictive model.

2. The high sequence similarity might cause us to overlook substrate depen-

dence of cytosolic aminopeptidases on the peptide sequence away from the

N-terminus.

3. The peptides have similar MHC-I a�nity/stability, so we are unable to validate

predictions for better or worse binders.

4. The high sequence similarity means that we are only testing our TAP model

predictions on a similar subset of potential substrates.

However, there are many reasons to believe that these drawbacks should not prove

too restrictive to the validation and parametrisation of the mechanistic model. Firstly,

although many of the XSL peptides were in the ERAP1 training set, no measurements

for XXSL peptides were present in the literature. Hence, the mechanistic model's

accuracy suggests that the ERAP1 model forms accurate predictions for these unseen

peptides.

Furthermore, all peptides were unseen by the TAP model, which seems to have
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largely formed accurate predictions of the binding a�nities. This is supported by the

observation that the predicted binding a�nities correlate (Rp = �0:674) with the

di�erences between the presentation of the ub XXSL peptides and the presentation of

XXSL peptides targeted to the cytosol by fusing a signal sequence to the N-terminus

[71] (Figure 6.8).

Figure 6.8. Predicted TAP binding a�nities of XXSL plotted against fold di�erence in SIIN-

FEKL presentation following cytosol- (ub) and ER-targeted (ss) XXSL processing. Outliers

are labelled to show N-termini.

The similarity of the o�-rates measured in our BFA decay assay restricts this parame-

ter in our model validation to a narrow range of the possible values it could physically

take. However, the peptide-loading stage of the model has already been validated on

the Dalchau data set, with the role of tapasin well-characterised. Hence, this should

not be a large concern. Furthermore, our sensitivity analysis shows that presentation

of SIINFEKL should not be sensitive to the o�-rates of its precursors.

Finally, the N-terminus dependence of trimming by cytosolic aminopeptidases in-

ferred from XXSL trimming appears to correlate with Schatz et al.'s study of 9mer

trimming by puri�ed cytosol (Figure 6.5). This suggests that our parameters can

be applied more generally to peptides of di�erent sequences, despite having been

inferred through the highly similar XXSL peptide set.
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6.4.2.2 The role of ERAP2

Hearn et al. reported that the HeLa cell line used for the study did not express ERAP2

| the other aminopeptidase in the endoplasmic reticulum. The role of ERAP2 in

the generation of epitopes is an area of ongoing research, so it is unclear how much

its presence would be expected to in
uence the processing of the XXSL peptides.

However, in a previous study, Hearn et al. had compared antigen processing in this

HeLa cell line to a second cell line (H2-Kb transfected COS 7) that expressed both

ERAP1 and ERAP2 [72]. They found a strong correlation between the processing of

SIINFEKL precursors across the two cell lines (R2 = 0:7403), with the only notable

di�erences being a reduced e�ciency removal of isoleucine and leucine in COS and

a slightly more e�cient removal of alanine. However, it should be noted that COS

7 is a cell line derived from African green monkeys (AGMs). The use of a di�erent

species will likely have introduced other confounding variables through inter-species

heterogeneity in antigen processing machinery (e.g. cytosolic aminopeptidases or

tapasin expression). Hence, it is di�cult to interpret the extent to which the di�er-

ences between the HeLa and COS 7 observations were caused by the presence of

ERAP2 or another factor.

Nonetheless, the strong correlation suggests that the majority of N-terminus pro-

cessing is carried out by ERAP1, and that there is consistency across multiple cell

lines. High concordance in cytosolic aminopeptidase speci�city across 7 di�erent cell

lines has also previously been reported, further strengthening our con�dence that our

mechanistic model should lead to accurate predictions across multiple cell lines [6].

6.4.2.3 Proteasomal predictions

The Hearn et al. study did not enable us to test the predictions of our proteasomal

cleavage model. This is because we assumed a homogeneous supply rate of each

peptide in the cytosol as we did not expect the short peptides (XXSL) to be processed

signi�cantly di�erently by the proteasome. Hence, the Hearn study gives us no way

of validating the predictions of the probabilistic model developed in Chapter 2.

6.4.2.4 Lack of MHC-I diversity

In parametrising the extended Dalchau model, we used data from assays using an

H2-Kb transfected .220 cell line [43]. Similarly, Hearn et al. studied an H2-Kb

transfected HeLa cell line [71]. This meant that we could use the Dalchau parameters

for modelling the Hearn study without any concerns about di�erences in tapasin
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dependence or MHC-I supply. However, it also means that our mechanistic model

has only been tested on a single HLA allele.

This might be a signi�cant limitation in the modelling of highly tapasin dependent

alleles. These alleles have an increased turnover rate of peptides in the endoplasmic

reticulum. This might a�ect the availability of peptides for trimming by ERAP1,

which could have a substantial e�ect on the predictions of precursor processing.

It would therefore be prudent to validate the mechanistic model on a more tapasin

dependent allele. To our knowledge no such data set currently exists in the literature.

6.4.2.5 Semi-quantitative data

Finally, Hearn et al. used 
uorescence with a targeted monoclonal antibody to provide

a readout for the level of SIINFEKL in H2-Kb on the HeLa cell surfaces. This

shows us relative di�erences in abundance following the processing of di�erent XXSL

peptides but does not tell us the raw number of pMHC complexes on the cell surface.

This uncertainty can be seen in the similarity of the posterior distributions of the scale

factor (�) and the peptide supply rate in the cytosol (gP ) in Figure 6.2: without

knowledge of the exact number of complexes, we can explain the observed data

using a higher peptide supply with a smaller scaling factor, and vice-versa.

This restricts our ability to assess whether the mechanistic model can accurately

predict raw pMHC numbers or whether it can merely identify relative changes in

presentation across di�erent peptides.

6.4.3 Concluding remarks

In this chapter we have successfully inferred non-identi�able parameters from the

extended Dalchau model presented in Chapter 5 and demonstrated the model's ability

to accurately predict the processing of an epitope and di�erent precursors by the

class I antigen processing pathway. Moreover, we have inferred parameter values for

epitope precursor trimming by cytosolic aminopeptidases. The resulting parameter

values seem to be consistent with a relevant in vitro assay in the literature, giving us

con�dence that these parameters hold more generally [139].

Although our analysis is limited by the similarity of the XXSL peptides, many parts

of our model have already been tested for their ability to form accurate predictions

for a wide range of peptide sequences. Furthermore, despite the absence of ERAP2

in the HeLa cell line, Hearn et al.'s earlier comparison with an ERAP2-expressing cell
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line (COS 7) suggests that the impact of omission of ERAP2 should not be very

detrimental to the accuracy of our predictions of antigen processing and presentation.

From our sensitivity analysis, we concluded that the presentation of a peptide is pre-

dominantly sensitive to the production, processing and loading of itself, but also has

some sensitivity to the production and processing of N-terminally extended precur-

sors up to an extension length of approximately 3 amino acids. As we are interested

in using the mechanistic model to study MHC class I epitopes, which are typically of

lengths between 8 and 12 amino acids, we use a version of the presented mechanistic

model including peptides between only 8 and 16 amino acids for the remainder of

this thesis.

Because of the drawbacks mentioned in Section 6.4.2, we would ideally test our

mechanistic model on a much larger and more diverse set of reported pMHC numbers.

However, this type of data appears to be extremely limited in the literature, with only

a handful of studies found reporting semi-quantitative (
uorescence) data for class I

presentation, and even fewer reporting raw numbers of pMHC complexes. We instead

consider in the next chapter whether the inclusion of our mechanistic model can

enhance predictions of immunogenic CD8+ T-cell epitopes, under the assumption

that e�cacy on this task would be suggestive of accuracy its predictions of pMHC

abundance. The use of such data should provide an indication of the mechanistic

model's accuracy on a wider range of HLA types, peptide sequences, peptide lengths

and cell lines.



Chapter 7

Prediction of immunogenic CD8+

epitopes through mechanism

7.1 Introduction

Upon developing and validating our mechanistic model of antigen processing in Chap-

ter 6, the natural progression would be to evaluate the model's predictive accuracy

using quanti�ed peptide-MHC (pMHC) complex data from diverse cell lines and HLA

allotypes. Regrettably, due to the technical complexity of the assays required, the

literature is scant with datasets that provide quantitative measurements of class I

epitopes. This scarcity signi�cantly hampers our ability to robustly test the model's

predictions.

Class I antigen presentation is a vital condition for the activation of naive CD8+

T-cells and the initiation of a cellular immune response. The degree of antigen

presentation has been shown to have a positive correlation with the intensity of the

subsequent T-cell response, as depicted in Figure 7.1 [168]. This observation aligns

with the hypothesis that a certain threshold of T-cell receptor (TCR) stimulation is

necessary to activate naive T-cells | an idea that is supported by in silico analysis

of the causes of clinical failure of a cancer immunotherapy [24, 46].

145
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Figure 7.1. Correlation between direct presentation of in
uenza A epitopes and observed

CD8+ T-cell response. Reproduced from Wu et al. [168].

In light of this, we were compelled to further assess our model's precision in fore-

casting the presentation of pMHC complexes by using its output to predict the

activation of a CD8+ T-cell response. Machine learning predictions of class I pre-

sentation have already been used successfully to predict CD8+ T-cell immunogenic-

ity in two prominent models in the literature: PRIME-2.0 (previously PRIME) and

BigMHC [10, 66, 140]. However, both of the presentation predictors in these mod-

els (MixMHCpred-2.2 and BigMHC EL respectively) were trained using eluted ligand

data from mass spectrometry. These immunopeptidomics datasets are binary la-

belled: a pMHC complex is either present amongst the eluted ligands (i.e. positive)

or not (negative). Consequently, it should logically follow that antigen presentation

predictors trained using these datasets are really learning to predict pMHC presence,

rather than pMHC abundance. In the context of the relationship shown in Figure

7.1, this may lead to erroneous conclusions regarding immunogenicity, since pMHC

may be presented in quantities of just one to tens-of-thousands of complexes [128].

We reasoned that, if our mechanistic model was indeed capable of forming accurate

predictions of raw pMHC complex abundance, an immunogenicity predictor including

the mechanistic output in its input features should be able to generate predictions

of comparable or superior quality to the methods trained using only pMHC presence

predictions. We call the resulting model and approach `Prediction Of immunogenic

Epitopes using Mechanistic modelling', or POEM for short.

In this chapter, we present the research behind the development of POEM. Our in-

spiration for the model's design and training largely came from PRIME-2.0, which

is often considered to be state-of-the-art by the community. However, in addition
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Figure 7.2. Schematic showing the 4 categories of POEM input feature. Logistic regressor

feature weights are denoted by wi . It should be noted that for the �nal version of POEM we

apply principal component analysis to the input features, reducing the dimensionality (not

shown).

to replacing the MixMHCpred-2.2 output with our mechanistic prediction, we aug-

mented and altered some of PRIME-2.0 's input features to try and further enhance

performance. We conclude the chapter by benchmarking the resulting model against

other prominent models from the literature and exploring the contribution of POEM's

various input features to its e�cacy.

7.2 Methods

7.2.1 POEM input features

The input layer to POEM consists of 4 categories of feature (shown in the schematic

in Figure 7.2):

1. MHC-I allele representation

2. Peptide length encoding

3. Non-anchor peptide residue encoding

4. Mechanistic prediction of pMHC abundance

The choice of these features was inspired by the e�cacy of PRIME-2.0 and NetTepi

in benchmarking studies from the literature [29]. The development of POEM and

the nature of these input features are described further in the following subsections.
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7.2.1.1 MHC-I pseudosequence

Although other immunogenicity predictors in the literature have usually omitted the

restricting MHC-I allele from their input features, we surmised that the inclusion

of a representation of the allele might enhance immunogenicity prediction due to

contextualisation of predicted pMHC abundance and the interaction of key residues

with the TCR.

We considered 3 di�erent methods of representing the MHC-I allele sequence:

1. Using the pseudosequences proposed in NetMHCpan [114].

2. Using alternative pseudosequences proposed in BigMHC [10].

3. Using the full MHC-I sequence.

For each representation, we further compared the e�ect of encoding the sequence

using the BLOSUM50 substitution matrix (as proposed in NetMHCpan) against using

a sparse (one-hot) encoding of the sequence.

7.2.1.2 Peptide length encoding

To encode the peptide length, we used the same sparse encoding strategy as that

used by Gfeller et al. in the development of PRIME-2.0. Speci�cally, the peptide

length was encoded by a length 9 vector, representing a one-hot encoding of lengths

8 to 16 amino acids.

7.2.1.3 TCR contact sites

A lot of the peptide sequence information is already implicitly captured in the mecha-

nistic model prediction through the sequence-speci�c processes of proteasomal cleav-

age, TAP translocation, cytosolic and ER aminopeptidase trimming, and MHC-I

binding. In particular, the peptide residues at sites 1 to 3 from the N-terminus, along

with the C-terminus, dominate most of these speci�cities. However, once presented,

the peptide sequence must be recognised by a T-cell receptor (TCR), so a repre-

sentation of the peptide sequence at these contact sites should be included in our

input features to enable the prediction of the probability of this event occurring. We

investigated three unique methods from the literature for this purpose.

1) PRIME-2.0 encoding
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Figure 7.3. Schematic showing process of peptide encoding using (a) Gfeller et al.'s approach

in PRIME and PRIME-2.0 [66, 140], and (b) an approach inspired by NetTepi [153].

In the development of PRIME (versions 1.0 and 2.0), Gfeller et al. used a set of

HLA-I binding motifs to identify residues with a minimal impact on HLA-I a�nity

(MIA positions) by using a threshold information content of lower than 0.3 [66, 140].

This led to 6 groupings of alleles with unique MIA positions. For their immunogenicity

predictor, Gfeller et al. then used a 20-dimensional vector containing the amino acid

frequencies at these MIA positions as part of the input features. This process is

summarised in the schematic in Figure 7.3.

2) NetTepi encoding

In the NetTepi algorithm, Trolle et al. included a T-cell propensity score in their

T-cell epitope prediction [153], adapting earlier work by Calis et al. [32]. Calis et

al. used a set of dataset of 9mers with validated immunogenicity status to calculate

the enrichment of each amino acid at sites P1 to P9. The authors then used these

enrichment scores to calculate an immunogenicity score for any 9mer by summing

the log enrichment scores at all non-anchor sites in the peptide, weighted by the

importance of each position (established by looking at the Kullback-Lieber divergence

of the immunogenic and non-immunogenic distributions).

Trolle et al. then extended this analysis to accommodate peptides of lengths 8 to

14 amino acids by padding 8mers with an unknown amino acid (X) and using the

approximation method of Lundegaard et al. to represent an N-mer with 6 di�erent

9mers by removing sequences of length N � 9 between sites P4 and PN-1 [104].

We adapted Trolle et al.'s propensity score to construct a length 5 representation of

the TCR contact sites containing log enrichment scores of the amino acids at P4 to

P8 for a 9mer. We decided not to include the positional weightings used in NetTepi

under the assumption that these weightings should be learned in the downstream

classi�cation task. For 8mers, we included a padding token at P4, whilst for longer
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peptides, we took the arithmetic mean of the representations of 6 di�erent 9mers

generated using Lundegaard et al.'s method. This is summarised for an example of

a 9mer in Figure 7.3.

3) ESM-2 embedding

Finally, we considered an embedding of the peptide sequence using representations

from pre-trained protein language models. For this purpose, we used Meta's Evolu-

tionary Scale Modelling (ESM-2) pre-trained model with 8 million parameters [101].

Each peptide was converted to a 320-dimensional numerical representation by tak-

ing the mean of the �nal transformer layer (as recommended by Meta). We also

investigated the e�ect of masking the non-MIA positions (as de�ned by Gfeller et

al.) using masking tokens from the ESM-2 vocabulary before embedding.

For each of the peptide encoding strategies, we re-trained POEM and tuned the num-

ber of principal components from scratch before statistically comparing the models'

10-fold cross validation performances through a paired Wilcoxon signed rank test.

7.2.1.4 Mechanistic prediction of antigen presentation

The �nal feature in POEM's input is the product of the research presented in previous

chapters in this thesis. We extended the system of ordinary di�erential equations

used to simulate the Hearn et al. study in Chapter 6 to model the movement of

16mers to 8mers through the antigen processing pathway, where the studied epitope

is one of these peptides.

The supply of each of these peptides in the cytosol was replaced by the output of the

probabilistic model of proteasomal cleavage presented in Chapter 2. We assumed an

approximate supply of 1 copy of the source protein per second to the proteasome

and took the product of this with the predicted proteasomal production probabilities

to determine the cytosolic supply of each peptide per second. This estimate was

based upon estimated transcription and translation rates in HeLa cells from Hausser

et al., suggesting a typical protein synthesis rate on the order of 103 proteins per

hour [70]. We assumed that the synthesis rate would likely be higher in cancerous or

pathogen-infected cells, so settled upon an estimated rate of 1 protein per second.

Cytosolic aminopeptidase activity was estimated for each peptide using the trimming

rates determined in Chapter 6. TAP translocation of each peptide was predicted

using PanTAP (Chapter 3) and subsequent N-terminus processing by ERAP1 was

estimated using the predictive model in Chapter 4.
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Remaining parameters were all �xed at the values in Table A.1 (in Section A.3.2),

with the exception of the peptide-MHC binding rate, b. This parameter was adjusted

from its H2-Kb value for each MHC-I allele using the tapasin dependence scores

reported by Bashirova et al. and the calibration curve derived in Figure 5.7. Where

tapasin dependence scores were not reported by Bashirova et al., the arithmetic

mean of reported tapasin dependence of alleles of the same supertype was taken as

an estimate of the unknown tapasin dependence.

Peptide{MHC o�-rates were predicted using NetMHC-4.0 (or NetMHCpan-4.1 on

alleles for which NetMHC-4.0 could not make predictions). These models return

a predicted binding a�nity in units of nanomolarity. We converted these binding

a�nities into units of cellular concentration (molecules per cell) using the method in

Section 5.2.2.2. The resulting binding a�nity (KD) was then related to the o�-rate

and binding rate via the formula for the dissociation constant: KD = ui=b, enabling

the calculation of the o�-rate (ui).

Other immunogenicity prediction models (e.g. PRIME, and HLAthena), scaled their

predictions of antigen presentation by ranking presentation scores for each allele

against random natural peptides sampled from the human proteome. This was done

to facilitate comparison between di�erent alleles. We decided against such an ap-

proach, reasoning that higher levels of antigen presentation should enable the antigen

presenting cell to bind to more TCRs, thus increasing the chance of CD8+ T-cell

activation, regardless of the allelic distribution of pMHC abundance. Instead, we

used the log-scaled quantity of presented pMHC complexes predicted by simulating

the mechanistic model to equilibrium.

7.2.2 POEM training

7.2.2.1 PRIME-2.0 training set

To train POEM, we used the dataset of 6,680 neoantigens compiled by Gfeller et

al. to train PRIME-2.0 [66]. This dataset was formed by consolidating data from

several neo-antigen studies with neo-epitope data from IEDB, removing overlap. This

resulted in 596 experimentally veri�ed immunogenic neo-epitopes and 6,084 veri�ed

non-immunogenic peptides, covering lengths of 8 to 14 amino acids, and 66 di�erent

HLA alleles.

Gfeller et al. included randomly sampled natural peptides from the human proteome

to act as negative decoys in the model training. We decided against this approach,

reasoning that the 6,680 non-random peptides had been identi�ed in their various
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studies due to their predicted MHC-I binding a�nity, so should be distinguishable

from the decoy peptides based on binding a�nity alone. We did not want to train

POEM to predict binding a�nity but instead to predict pMHC complex recognition

by na��ve T-cells.

7.2.2.2 Data pre-processing

The PRIME-2.0 training dataset contains a list of mutant peptides paired with their

restricting HLA allotype, their source protein, and their immunogenicity status. We

downloaded FASTA �les containing sequence data for the source proteins from the

reference human proteome on UniProt (UP000005640) and replaced the wild-type

peptides with the mutants [148]. These mutated FASTA �les were then passed

to the proteasomal cleavage prediction algorithms, forming the start point for the

mechanistic modelling pipeline. From these FASTA �les, we were also able to extract

N-terminally extended precursor peptide sequences for each peptide up to length 16

amino acids for prediction of parameter values in the mechanistic model.

7.2.2.3 Model training

We employed two widely recognised models to train our classi�er: logistic regression

and a multi-layer perceptron (MLP). Logistic regression serves as a linear classi�er

and is frequently utilised as a benchmark in machine learning due to its simplicity

and e�ectiveness in binary classi�cation tasks. On the other hand, the MLP, a basic

form of neural network that incorporates a single hidden layer, extends our capability

to identify complex, non-linear relationships among the input features. This added

complexity has the potential to enhance model performance by capturing intricate

patterns in the data. However, it also introduces the possibility of over�tting to the

training dataset, a scenario where the model learns the noise in the data rather than

the underlying pattern, a�ecting its ability to generalise to unseen data.

We trained each of the classi�cation models on the PRIME-2.0 training set, ap-

plying input feature scaling through the use of scikit-learn's StandardScaler [125].

Additionally, we incorporated principal component analysis (PCA) into the logistic

regression model's preprocessing steps, a decision informed by its positive impact on

performance as evidenced in a cross-validation study. The optimal number of princi-

pal components was dynamically determined for each POEM model iteration, based

on the con�guration that achieved maximal accuracy in a 10-fold cross-validation.

In contrast, the application of PCA did not yield a performance advantage for the

MLP model, leading to its exclusion from the MLP's training process.
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We trained the MLP with a single hidden layer containing 32 nodes, which was found

to be the best-performing architecture of an initial set of candidate models with 8,

16, 32, 64, 128 and 256 hidden nodes. To avoid over-�tting, we randomly held out

15% of the training set to use as a validation set for early-stopping of the MLP

training. All MLP training was carried out using the Tensor
ow library in Python [1],

whereas logistic regressor training was implemented through the scikit-learn package

[125].

7.2.3 POEM testing

Having trained POEM on the entirety of the the PRIME-2.0 training set, we then

sought to compare its performance to other prominent algorithms in the literature

across a range of di�erent challenges.

7.2.3.1 GBM dataset

To test POEM's ability to form accurate predictions on a single study and can-

cer, we used a previously presented dataset of 124 glioblastoma multiforme (GBM)

peptides with experimentally validated immunogenicity [98]. This dataset was con-

structed using sequencing and expression data from the tumours of four HLA-A2

glioblastoma patients. A version of the MuPeXI pipeline was used to predict 153

HLA-A2-restricted neoantigens, of which 29 were predicted to be poor binders to

HLA-A*02:01 so were dropped. Of the remaining peptides, 25 were characterised

as immunogenic and 99 as non-immunogenic by functional T-cell assays [106].

In the same way as with the PRIME-2.0 dataset, we downloaded FASTA �les for

the source genes provided in the original study from UniProt and replaced the wild-

type peptides with the mutants [148]. These modi�ed FASTA �les served as the

input for proteasomal cleavage prediction algorithms, marking the initial step in our

mechanistic modeling approach.

The restriction to a single study of origin and a single HLA allele (A0201) mimics a

plausible clinical situation in which POEM might feasibly be used to rank a shortlist

of identi�ed mutations in terms of predicted immunogenicity (e.g. for a personalised

cancer immunotherapy). The use of a single cancer also alleviates the issue of

di�erences in protein expression known to exist in di�erent cancers [67], although it

should be noted that there can be considerable heterogeneity in antigen expression

across a single tumour.
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7.2.3.2 BigMHC IEDB dataset

To assess POEM's capability in precisely forecasting the immunogenicity of pathogen-

derived epitopes, we employed a dataset previously compiled by Albert et al. for

evaluating the BigMHC tool [10], henceforth referred to as the `IEDB pathogen

dataset'. This comprehensive dataset spans an array of 96 pathogens and includes

86 distinct HLA allotypes, featuring 2,345 peptides of which 1,701 are classi�ed as

immunogenic and 644 as non-immunogenic.

To simulate POEM's mechanistic module, we downloaded reference protein se-

quences for the various pathogens from UniProt and located the peptides within

these FASTA �les [148]. The corresponding FASTA �les were then used for protea-

somal cleavage prediction. N-terminally extended precursors up to 16mers were also

extracted from the source protein sequence for use in the mechanistic model.

7.2.3.3 SARS-CoV-2 dataset

To enhance our exploration of POEM's capacity to pinpoint immunogenic epitopes

of pathogens and to mitigate the impact of confounding factors, we concentrated

our e�orts on a singular disease. The choice of SARS-CoV-2 as our focus was driven

by the extensive availability of data shared during the COVID-19 pandemic.

We extracted all MHC-I restricted epitopes documented with T-cell response data

(either positive or negative) in the Immune Epitope Database (IEDB) up to 15

August 2023. We categorised each epitope as immunogenic if it had at least one

positive assay result, with the rest deemed non-immunogenic. This process yielded a

dataset comprising 2,526 unique peptide-HLA combinations, including 1,908 epitopes

identi�ed as immunogenic and 618 as non-immunogenic, derived from a total of 5,964

assay reports. The dataset encompasses 42 distinct HLA allotypes and spans 13

di�erent proteins within the SARS-CoV-2 proteome. However, we chose to focus on

6 speci�c alleles, comprising 67.9% of the dataset, in order to draw more statistically

robust conclusions of e�cacy and test POEM's ability to accurately rank epitopes

within single HLA allotypes.

Across these 6 alleles, we found considerable heterogeneity in the proportion of

immunogenic peptides. Only 34.8% of the peptides associated with HLA-A*03:01

were labelled as immunogenic, whereas 85.4% of HLA-A*01:01 restricted peptides

had at least one positive assay result. We also found moderate heterogeneity in the

source proteins of the peptides in these 6 groups. For instance, 70.4% of peptides

in the HLA-A*03:01 group were from the replicase polyprotein 1ab ORF, whereas

only 45.9% of peptides in the HLA-A*24:02 group were from this ORF. However,
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betweeen 70% and 80% of peptides in each group were from replicase polyprotein

1ab or the spike protein.

7.2.4 POEM benchmarking

To contextualise the performance of our model on these training and test sets, we

compared POEM's predictions with those of other prominent models in the literature.

For direct comparison, we chose the subset of models used by the authors of BigMHC

to benchmark their model.

These methods were trained using combinations of measured in vitro MHC-I binding

a�nity (BA), mass spectrometry identi�ed eluted ligands (EL), and reported CD8+

immunogenicity (IM). All methods except for PRIME2.0 predict the probability of

a peptide being a naturally presented MHC-I ligand (EL score). BigMHC uses its

EL score (BigMHC EL) for a separate predictor of immunogenicity (BigMHC IM),

whereas PRIME-2.0 uses the EL score of MixMHCpred-2.2 to form its immuno-

genicity predictions. The methods and their main features are summarised in Table

7.1.

Table 7.1. Predictive Models of CD8+ Epitope Immunogenicity

Model Description

MixMHCpred-2.2

[15]

Uses positional weighted matrices (PWMs) trained on EL

data to predict MHC-I ligands.

NetMHCpan-4.1

[130]

An arti�cial neural network trained on mass spectrometry

eluted ligands and in vitro binding a�nity assays. Returns

a presentation score corresponding to the probability of a

peptide being presented by any given MHC-I allele.
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Table 7.1 { continued from previous page

Model Description

MHC
urry-2.0

[118]

A novel predictor of binding a�nity (neural network, trained

with BA and EL data) and antigen processing e�ciency (neu-

ral network, trained on EL data and output of binding a�nity

predictor). These two scores are then combined via logistic

regression to predict EL probability.

MHCnuggets-

2.4.0 [143]

A long short-term memory (LSTM) neural network trained

MHC class I and class II peptide bindings, facilitating com-

prehensive epitope mapping for CD8+ T cell responses.

TransPHLA [39] A transformer-based model that predicts peptide-HLA bind-

ing and uses attention scores to optimally design mutated

peptides. Trained using BA and EL data. Final softmax layer

removed for this study, as recommended by Albert et al. [10],

to enable AUROC and AUPR calculation.

HLAthena [136] Uses 3 single-layer neural networks trained on MS data to

predict presentation.

PRIME-2.0 [66] A multi-layer perceptron (MLP) using MixMHCpred-2.2

rank, peptide length, and non-anchor peptide residues to pre-

dict CD8+ immunogenicity. Trained on IM data to infer the

mechanisms of TCR recognition of pMHC complexes.
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Table 7.1 { continued from previous page

Model Description

BigMHC [10] Uses EL data to train presentation predictor (BigMHC EL)

before transfer learning on IM data to predict immunogenic

CD8+ T cell epitopes (BigMHC IM).

7.2.5 Performance evaluation

To assess the predictive e�cacy of the POEM model alongside other established

models within the literature, our evaluation employed two widely recognised metrics:

the area under the receiver operating characteristic curve (AUROC) and the area

under the precision-recall curve (AUPR).

The AUROC metric quanti�es the likelihood that a model correctly ranks a ran-

domly selected positive instance higher than a negative one, serving as a commonly

understood benchmark in the �eld. Despite its prevalence, AUROC's reliability as

a performance indicator may diminish in situations characterised by signi�cant class

imbalance, potentially misleading the assessment of model e�ectiveness. Under such

circumstances, the AUPR metric emerges as a preferable alternative, owing to its

focus on the precise identi�cation of positive instances within the minority class.

Given the pronounced class imbalance in the neoantigen datasets (PRIME-2.0 and

GBM), AUPR emerges as the more �tting metric, while the pathogenic datasets,

predominantly comprising positive instances, align more closely with the application

of AUROC for performance evaluation. The ensuing analysis in our results section

explores the performance of POEM and comparable classi�ers through both metrics,

o�ering a comprehensive overview of their predictive capabilities.

Furthermore, where cross-validation has been implemented, we assess the compar-

ative performance of the classi�ers via the paired Wilcoxon signed-rank test. This

non-parametric statistical method calculates a p-value, re
ecting the likelihood that

the observed di�erences between the two groups of results are attributable to random

variance, thereby providing a robust statistical basis for performance comparison.
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7.3 Results

7.3.1 POEM model development

7.3.1.1 Comparison of proteasomal prediction algorithms

We simulated the mechanistic model using all 6 of the proteasomal prediction algo-

rithms considered in Chapter 2 and evaluated performance on the PRIME-2.0 training

set, assuming that an increase in prediction accuracy of antigen presentation would

result in an improvement in classi�cation performance.

Across the 6 algorithms, we found only modest di�erences in AUROC and AUPR,

shown in Table 7.2. The epitope version of the Pepsickle algorithm resulted in

predicted pMHC abundances with the highest AUROC and AUPR with the PRIME-

2.0 dataset.

We then trained a logistic regressor using the mechanistic model outputs with each

of the proteasome algorithms, along with a BLOSUM50-encoded NetMHCpan pseu-

dosequence, a sparse length encoding, and a NetTepi peptide encoding. We did not

�nd a signi�cant di�erence between the performance of any pair of these classi�ers on

a 10-fold cross-validation, but again found that the epitope version of the Pepsickle

algorithm resulted in the highest mean AUROC and AUPR (Figure 7.4)..

We concluded that the choice of proteasomal cleavage prediction algorithm has only

a minor e�ect on the mechanistic model output and downstream classi�cation task.

In absence of any evidence to suggest otherwise, and because of its e�cacy on

the prediction of ovalbumin digestion products in Chapter 2, we decided to use the

epitope version of the Pepsickle algorithm for the remainder of our analysis in this

chapter.

Algorithm AUROC AUPR

Pepsickle (epitope) 0.601 0.115

Pepsickle (in vitro) 0.600 0.114

Pepsickle (in vitro 2) 0.598 0.114

NetChop 0.601 0.114

NetChop 20s 0.599 0.113

BiLSTM 0.598 0.114

Table 7.2. Comparison of mechanistic model performance on on PRIME-2.0 training set.
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Figure 7.4. Classi�cation performance of 6 POEM models trained using di�erent protea-

somal cleavage algorithms compared by 10-fold cross-validation on PRIME-2.0 dataset. No

signi�cant di�erence was found between any pair of models by a two-tailed paired Wilcoxon

signed rank test (at p = 0:10 threshold).

7.3.1.2 Comparison of MHC-I sequence representations

For the input features to our predictor, we compared 3 di�erent representations of

the restricting MHC-I allele and 2 methods of encoding the amino acid sequence

with a numerical vector. For each representation and encoding, we trained a logistic

regressor using the PRIME-2.0 training set and evaluated performance via a 10-

fold cross-validation. In addition to the MHC-I representation, we included a sparse

length encoding, mechanistic model prediction, and NetTepi peptide encoding in the

input features.

We did not �nd a signi�cant di�erence between the AUROC of the BLOSUM50

encoded NetMHCpan pseudosequence and any of the other 5 methods (Figure A.1).

We did, however, �nd that the AUPR of this method was signi�cantly higher than the

sparse encoding version of the NetMHCpan pseudosequence, or either encoding of

the BigMHC pseudosequence (Figure 7.5). The BLOSUM50 encoded full MHC-I se-

quence led to a slightly higher AUPR on the cross-validation performance. However,

this was neither a a signi�cant increase on the NetMHCpan pseudosequence, nor did

we �nd any signi�cant di�erence in predictions on the test datasets. Hence, we de-

cided to use the BLOSUM50 encoded NetMHCpan pseudosequence in order to keep

our input feature dimensionality low, thus improving model training and prediction

speed.
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Figure 7.5. MHC-I representations and associated amino acid encoding strategies compared

by 10-fold cross-validation on PRIME-2.0 dataset. Annotated p-values indicate the result of

a two-tailed paired Wilcoxon signed-rank test between AUPR scores.

7.3.1.3 Comparison of peptide sequence representations

We compared 4 di�erent approaches to include epitope sequence information in our

model input features: encodings inspired by NetTepi and PRIME-2.0, and embed-

dings using ESM-2, with or without masking of anchor residues.

For each method, we trained a logistic regressor using the PRIME-2.0 training set

and evaluated performance by means of a 10-fold cross-validation (shown in Figure

7.6). We did not �nd a signi�cant di�erence in AUROC or AUPR between NetTepi

and any of the other 3 representations (at p = 0:05 level), although the ESM-2

embedding with no masking yielded the highest median AUROC and AUPR, and

the PRIME-2.0 was close to having a signi�cantly higher AUPR than the NetTepi

encoding (p = 0:06).

However, when running the GBM, IEDB and COVID test sets through the resulting

models, we found notable di�erences in performance across the 4 peptide represen-

tations, particularly on the COVID set (shown in Figure A.2). Whilst no one method

performed best across the 6 alleles of focus, we concluded that the model resulting

from the NetTepi encoding was the most consistently accurate across each allele.

Hence, we decided to use this peptide encoding in our �nal model.
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(a) (b)

Figure 7.6. Peptide encoding methods compared by 10-fold cross-validation on PRIME-2.0

dataset. p-values indicate the result of a two-tailed paired Wilcoxon signed-rank test.

7.3.1.4 Logistic regression vs. multi-layer perceptron

With high accuracy already established using a logistic regressor, we investigated

whether a further enhancement in e�cacy could be obtained through the use of an

MLP, enabling the incorporation of non-linearities in the input features.

Although we observed a di�erence in performance between the logistic regressor

and the MLP, with the MLP seemingly having a higher median AUROC and AUPR

across the 10 folds, these di�erences were not found to be signi�cant using a paired

Wilcoxon signed rank test (p = 0:43 and p = 0:85 respectively, two-tailed test).

Due to the lower computational overheads and greater interpretability of the logistic

regressor, we therefore resolved to use the logistic regressor version of POEM for

the remainder of our analysis. However, the performance of the trained MLP version

of the model is shown in the analysis of the test sets for comparison.



7.3. RESULTS 162

(a) (b)

Figure 7.7. Multi-layer perceptron performance compared to logistic regressor performance

through 10-fold cross-validation on PRIME-2.0 training dataset. Predictive performance is

given in terms of (a) AUROC, and (b) AUPR. A paired Wilcoxon signed-rank test was used

to test for signi�cance in the di�erences between the models and the resulting p-values are

indicated on each plot.

7.3.2 POEM performance

Having established appropriate choices of input feature, we trained POEM using

the NetMHCpan pseudosequence, NetTepi-inspired peptide sequence representation,

sparse length encoding, and mechanistic pMHC abundance prediction.

7.3.2.1 POEM improves prediction accuracy on PRIME-2.0 training set

We used a strati�ed 10-fold cross-validation to compare the performance of POEM to

the other models in Table 7.1. To obtain an unbiased measure of model performance,

we re-trained PRIME-2.0 and BigMHC for each fold, removing any overlap between

the respective models' training sets and the current test set. BigMHC could be

re-trained using its source code. For PRIME-2.0, we re-trained the model using a

logistic regressor rather than an MLP to avoid tuning hyperparameters and potentially

using a di�erent approach to the authors. This was shown by Gfeller et al. to have
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no signi�cant impact on PRIME-2.0 's e�cacy when predicting without the presence

of random decoys [66].

We found that POEM had a signi�cantly higher AUROC and AUPR (shown in Fig-

ure A.3) than all other models considered (p � 0:01 threshold). The next best

performing methods were the two models trained to speci�cally predict CD8+ im-

munogenicity: BigMHC IM and PRIME-2.0. However, many of the methods trained

to predict eluted ligands also scored highly, particularly the MHC
urry-2.0 algorithm.

This demonstrates a strong correlation between antigen presentation and immuno-

genicity.

Figure 7.8. Performance of POEM compared with the models in Table 7.1 via a 10-fold

cross-validation and using the AUROC metric. A one-tailed paired Wilcoxon signed-rank test

was used to test whether the AUROC of the other models was signi�cantly lower than that

of POEM. The resulting p-values are shown above the plot.
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7.3.2.2 POEM accurately identi�es immunogenic GBM neoepitopes

Having found that POEM classi�es immunogenic neoantigens across a combina-

tion of cancers, studies and HLA allotypes with greater accuracy than comparable

methods, we tested its accuracy on a set of experimentally validated neoantigens

from a single cancer type (GBM), study, and HLA allotype (HLA-A*02:01). The

predictive e�cacy of POEM was marked by a higher AUROC of 0.776 and AUPR

of 0.501 than the next best-performing methods, BigMHC (AUROC = 0.749) and

TransPHLA (AUPR = 0.472) respectively (shown in Figure 7.9). Notably, the MLP

variant of POEM demonstrated enhanced accuracy over the logistic regression ver-

sion, attaining an AUROC of 0.801 and an AUPR of 0.579.

Figure 7.9. POEM predictive performance benchmarked against other prominent immuno-

genicity predictors for a set of 124 HLA-A*02:01 restricted epitopes derived from glioblas-

toma multiforme (GBM) and reported in the literature [97].

7.3.2.3 POEM predicts pathogenic epitopes

We then tested the model's ability to accurately identify immunogenic pathogen-

derived epitopes by using BigMHC 's IEDB dataset. Again, POEM was the best-

performing of the methods considered, with an AUROC of 0.662 and an AUPR of

0.821 far exceeding the accuracy of PRIME-2.0 (AUROC = 0.595, AUPR = 0.789)

and BigMHC (AUROC = 0.587, AUPR = 0.787). The MLP variant of POEM

demonstrated similar performance to the logistic regression version, attaining an

AUROC of 0.668 and an AUPR of 0.821.
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Figure 7.10. POEM predictive performance benchmarked against other prominent immuno-

genicity predictors for the set of pathogenic peptides consolidated from IEDB and reported

in BigMHC [10].

7.3.2.4 POEM accurately identi�es SARS-CoV-2 epitopes across a range of

HLA types

In order to focus on a single infectious disease, we constructed our own dataset

of SARS-CoV-2 epitopes from IEDB and benchmarked POEM's predictions. We

chose to concentrate our analysis on the 6 HLA alleles with the greatest number

of associated peptides in the dataset: A0101, A0202, A0301, A1101, A2402, and

B0702. The AUROC for each method across these alleles is shown in Figure 7.11

and the AUPR in Figure A.4.

We found that POEM had the highest AUROC and AUPR of any method on A0101,

A0201, A1101, A2402 and B0702, whilst on A0301, PRIME-2.0 was the best-

scoring method and was the most consistently accurate of the other methods across

the 6 alleles. As the other model trained to speci�cally predict immunogenicity,

BigMHC performed inconsistently across the alleles and was worse than random

chance (AUROC = 0.5) for A2402 and B0702.

All models performed better on A0201 than any other allele. The MLP version of

POEM displayed similar accuracy for 4 of the 6 alleles but was substantially worse

on A2402 and B0702.
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Figure 7.11. POEM AUROC compared against other prominent immunogenicity predictors

for a dataset of SARS-CoV-2 epitopes with experimentally validated immunogenicity status

across the 6 most abundant alleles in IEDB.

7.3.2.5 Source protein expression can further enhance POEM predictions

As described in Section 7.2.1.4, we assumed a homogeneous supply of 1 copy of the

source protein per second for each candidate epitope. However, this assumption of

homogeneity is likely to be inaccurate in many situations because proteins are not

equally expressed.

In the case of SARS-CoV-2, vastly di�erent ribosomal densities have been reported

across the various open reading frames (ORFs), suggesting di�erences in the supply

of these proteins available for processing by the proteasome [58]. We used these

reported ribosomal densities to further scale the predicted protein supply, retaining

a supply of 1 protein per second for the ORF with the highest ribosomal density
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(nucleocapsid) but re-scaling the supply of other ORFs by their ribosomal density

relative to nucleocapsid.

We found that the inclusion of this ribosomal density data had a positive e�ect on

the AUROC for 4 of the 6 alleles (denoted by the striped bars in Figure 7.11). In

particular, for A0301, the inclusion of ribosomal density data increased the AUROC

from 0.59 to 0.66, improving performance to beyond that of PRIME-2.0. However,

the inclusion of ribosomal density data also led to a drop in AUROC for HLA-A*01:01

and HLA-A*02:01, although only to a level around or above the next best-performing

methods.

7.3.3 Sources of POEM e�cacy

We conclude the results section of this chapter by attempting to better understand

the sources of POEM's e�cacy. The most direct comparison can be made to PRIME-

2.0, which is trained on the same dataset and has a similar composition of input

features but appears to have signi�cantly lower accuracy than POEM across the

majority of test cases considered. Hence, our aim was to understand which of the

di�erences between POEM and PRIME were the source of this e�cacy.

7.3.3.1 Mechanistic model predictions

To test the extent to which the mechanistic model of antigen processing and pre-

sentation developed in this thesis represents an improvement over existing machine

learning algorithms predicting antigen presentation, we re-trained POEM, replacing

the mechanistic prediction with predicted scores or ranks from prominent predictors

of antigen presentation from the literature.

For the PRIME-2.0 training data, we did not �nd a signi�cant di�erence between the

AUROC using mechanism and the AUROC using any of the machine learning algo-

rithms (Figure 7.12a). When considering precision-recall in Figure 7.12b, we found a

signi�cant drop in AUPR when mechanism was replaced with the MixMHCpred-2.2

score or the MHC
urry-2.0 score (although not when using the ranks returned by

these models).

We then tested the performance of these models on the other test sets and were able

to observe more substantial di�erences in model behaviour (Figure 7.12). On the

GBM dataset, the mechanistic implementation resulted in a far superior performance

than its machine learning counterparts when assessed using AUROC or AUPR. On

the IEDB dataset (shown in Figure A.5), we did not �nd much di�erence across
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the models, with the NetMHCpan methods and MixMHCpred-2.2 scores performing

slightly better than the rest of the methods.

Across the SARS-CoV-2 dataset, the di�erences between the mechanistic model

and the alternatives were less pronounced. However, the use of our mechanistic

model led to the best performance in terms of AUROC on 4 of the 6 alleles (A0101,

A0201, A1101 and A2402), albeit only by a slim margin. The mechanistic version

of POEM performed better than both NetMHCpan-4.1 versions across all 6 alleles,

both MHC
urry-2.0 versions on 5 of the 6 alleles, and BigMHC EL on 4 of the

6 alleles. When compared to the MixMHCpred-2.2 ranks (used by PRIME-2.0),

the mechanistic approach was superior on 4 of the 6 alleles. Similar relative perfor-

mance was seen when comparing AUPR (in Figure A.5). We concluded from this

that the mechanistic input has a signi�cant (generally positive) impact on POEM's

predictions, but is not solely responsible for the increase in e�cacy seen relative to

PRIME-2.0 and other methods.

(a) (b)

Figure 7.12. Comparison of POEM performance on PRIME-2.0 dataset with POEM re-

trained replacing mechanistic model prediction with machine learning algorithm predictions

of pMHC abundance. No signi�cant di�erence was found between the AUROC (a) of POEM

and the other methods. The p-values on the AUPR boxplot in (b) indicate the result of a

one-tailed paired Wilcoxon signed rank test between POEM and the other methods, with

only signi�cant results shown.
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Figure 7.13. Comparison of POEM performance on test datasets with POEM re-trained

replacing mechanistic model prediction with machine learning algorithm predictions of pMHC

abundance.

7.3.3.2 POEM ablations

To understand the relative contribution of the 4 types of input to POEM, we per-

formed an ablation study. We retrained the model from scratch without the inclusion

of di�erent features and measured the e�ect on performance via the 10-fold cross-

validation on the training set.

We found that only the removal of the MHC-I allele and the mechanistic prediction

resulted in a signi�cant drop in performance at the p � 0:01 level (Figure 7.14),
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Figure 7.14. Comparison of cross-validation performance of POEM following ablation of

features/combinations of features. p-values correspond to the results of a two-tailed paired

Wilcoxon signed rank test.

although the removal of the length encoding was also signi�cantly detrimental at

the 0.05 threshold. The TCR encoding appeared to have the smallest e�ect on

POEM's performance. Exclusion of this input feature alone resulted in a modest

increase in AUROC, although not signi�cant (p = 0:49). Furthermore, exclusion

of TCR in combination with other features did not generally result in a signi�cant

drop in AUROC beyond what was observed with the exclusion of the other features

alone. The only exception to this was the exclusion of the TCR encoding in addition

to the MHC-I allele and mechanistic prediction which resulted in a signi�cant fall in

AUROC beyond what was observed with only the MHC-I and mechanistic ablation

alone (p � 0:01).

7.3.3.3 Feature importance

Finally, to directly see the importance being placed by POEM upon each input feature,

we examined the feature importance of the logistic regressor by means of comparison

of the magnitudes of the coe�cients (shown in Figure 7.15). We found that the fea-

ture with the highest contribution to the immunogenicity score was the BLOSUM50

representation of position 97 in the MHC-I allele (weight -3.40). This was closely

followed by the mechanistic model output (3.31), and MHC-I residues 62 and 114

(-2.58 and -2.37 respectively). The TCR-interacting peptide residues and the length

encoding were found to have a substantially lower feature importance, with only the
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Figure 7.15. Comparison of logistic regression coe�cients corresponding to input features.

Only features with an absolute coe�cient weight of 0.5 or more are shown. Colour denotes

the category of input feature.

encoding corresponding to site 5 in the peptide (P5) having a coe�cient above 0.50.

This is broadly consistent with the trend seen in the ablation study.



7.4. DISCUSSION 172

7.4 Discussion

7.4.1 E�cacy of POEM

Across the training data and the test sets considered, POEM appears to perform

extremely competitively with state-of-the-art methods. This could be suggestive

of improved accuracy in the prediction of antigen presentation resulting from the

use of the mechanistic model developed in this thesis. This notion is supported by

the �nding that replacing the mechanistic prediction with other machine learning

algorithms led to a sizeable drop in performance on the GBM dataset and certain

alleles in the SARS-CoV-2 dataset.

We found that training an MLP did not lead to a signi�cant increase in accuracy

on the training set (a result also observed by Gfeller et al. in their development of

PRIME-2.0) but did appear to enhance performance on the GBM dataset relative to

the logistic regressor. However, the MLP's performance on A2402 and B0702 in the

SARS-CoV-2 dataset was notably worse than the logistic regressor. This is suggestive

of possible over�tting occurring, since the GBM dataset is all associated with A0201

| the most prevalent allele in the training dataset by far. This serves as a reminder

that higher dimensional models may generalise poorly to unseen data, which may

explain why POEM | a simple logistic regressor | is able to perform better than

more complex machine learning techniques (e.g. long short-term memory networks)

on some of these test datasets. The strong performance of all models observed in

the prediction of A0201 restricted COVID epitopes further supports this assessment,

since this is the most common allele in publicly available training data.

Despite being trained on exclusively neoantigen data, POEM appears to be able to

accurately identify immunogenic epitopes in a pathogenic context. This suggests that

similar rules exist underpinning immunogenicity for both neoantigens and pathogenic

antigens, which is consistent with our immunological understanding of how a cellular

immune response is initiated.

7.4.2 Limitations

7.4.2.1 TCR frequency

The development of POEM was focused upon characterising antigen presentation

and recognition by a TCR. We include no prediction of cognate TCR supply in our

model inputs, so are currently implicitly assuming that a homogeneous supply of
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cognate TCR for any presented pMHC complex will be available. This is likely to be

highly inaccurate, particularly for the purpose of neoantigen prediction.

The repertoire of TCRs is the product of thymic selection, during which TCRs binding

to self antigens are removed. As a result, antigens with high sequence similarity to

endogenous peptides are less likely to have a cognate TCR present after this process.

Certain predictors of CD8+ epitope immunogenicity include a measure of antigen

similarity to self peptides in their scoring function, thus penalising these self-similar

peptides. This was beyond the scope of this thesis but the inclusion of such a score

may well augment our predictions, especially for neoantigens, which typically have a

higher sequence similarity to the endogenous peptide cargo.

7.4.2.2 Binding a�nity prediction

In order to use our mechanistic model, we require o�-rates to be predicted for the

epitope and its precursors. To do so, we rely on NetMHC-4.0 (and, in some cases,

NetMHCpan-4.1). Our analysis in Chapter 6 revealed the high sensitivity of the

mechanistic model to these o�-rate parameters, thus highlighting the importance of

accurate predictions. However, comparative tests of these algorithms against ex-

perimentally measured binding a�nities have revealed weak correlations for strong

binders [173]. Hence, the use of these algorithms is currently introducing an un-

certainty into highly important parameters, a�ecting the reliability of its predictions.

Where feasible, o�-rates could be measured accurately using techniques like BFA

decay assays. However, this would greatly reduce the throughput of POEM and

restrict its value as an in silico screening tool.

7.4.2.3 Rare HLA alleles

For rarer HLA alleles, Bashirova et al. did not measure tapasin dependence scores.

We have already shown in Chapter 5 that this is a challenging property to predict

for new alleles but has a signi�cant e�ect on the composition and quantity of pMHC

complexes on the presenting cell surface. Hence, this is currently a limitation in our

model that may lead to inaccurate predictions for rarer alleles.

7.4.2.4 Computation time

To run POEM takes on the order of 1 second on a standard laptop. This means that

many thousands of predictions can be formed per hour and hundreds of thousands

per day. However, many of the methods presented in Table 7.1 can form predictions
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in under 10% of this time, providing a small advantage in their use as high throughput

screening tools.

7.4.3 Future directions

We found that the incorporation of an estimate of source protein translation rate

using ribosomal density was able to enhance POEM performance for certain alleles on

the SARS-CoV-2 dataset. This observation is consistent with other recent advances

in the �eld, in which several studies have noted that the incorporation of protein

expression data, or even transcriptomics data, appears to enhance epitope discovery

[63, 87, 162]. Accordingly, we intend to develop this into future versions of POEM.

We would expect the ribosomal density data to give us a more accurate estimate

than transcriptomics data of the supply of protein for degradation by the proteasome,

under the assumption that the supply of newly translated proteins will be o�set

by degradation in order to maintain a steady-state abundance. However, public

transcriptomics datasets are much more prevalent in the literature, so it may be

necessary to use these in order to maximise our training dataset.

We also currently only simulate the processing and presentation of a peptide by a

single HLA allotype at a time. In reality, humans express 2 di�erent HLA-A, -B, and

-C alleles, simultaneously loading and presenting peptides on the cell surface. For

alleles with overlapping binding motifs, this competition may have a detrimental e�ect

on the presentation and immunogenicity of certain peptides. Hence, we intend to

adapt our model to simultaneously include di�erent MHC-I alleles and more faithfully

represent the underlying immunology.

7.4.4 Concluding remarks

In this chapter we have used the mechanistic model of antigen processing and pre-

sentation developed in thesis to train a novel predictor of CD8+ immunogenicity.

We call the resulting model POEM and have demonstrated impressive e�cacy that

appears to be superior in many places to the current state-of-the-art. Although not

entirely, the use of mechanistic rather than machine learning predictions of pMHC

presentation appears to contribute to POEM's e�cacy. The other main source of

improved e�cacy is the inclusion of the MHC-I pseudosequence.

We intend to continue to develop POEM and add addditional features, which we an-

ticipate should contribute further to its e�cacy. This should hopefully render POEM
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a valuable tool which can support the epitope prediction process for (personalised)

cancer immunotherapy development, amongst other purposes.



Chapter 8

Discussion

8.1 Research goals

Having presented the research conducted over the course of this DPhil, I shall con-

clude by evaluating the extent to which we achieved our research goals. The objec-

tives of this DPhil set out in Chapter 1 were twofold:

1. To develop and validate a mechanistic model of the antigen processing pathway,

integrating predictions of novel and existing machine learning models.

2. To use predicted pMHC abundance from the resulting model to train a new

predictor of CD8+ immunogenicity.

I will now summarise chapter-by-chapter the main �ndings of our work and link them

to these two goals. I will also highlight current areas of weakness in our work and

present future research plans, both to mitigate the impact of these weaknesses and

to extend the impact of the work in this thesis.

176
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8.2 Research summary

Figure 8.1. The schematic of the antigen processing pathway presented in Chapter 1 (Figure

1.3), with numbers indicating the chapter most applicable to that component.

In Chapter 2, we presented an adaptable framework for converting existing protea-

somal cleavage algorithm predictions into predicted probabilities of speci�c products

being formed by the proteasome. To align the model with proteasomal product

length distributions reported in the literature, we found it necessary for the cleav-

age probability of each protein bond to depend on the cleavage status of preceding

bonds. This introduces a directional dependence on how the protein is processed

by the proteasome, with substantial di�erences in product formation probabilities,

depending on whether the substrate enters from its N- or C-terminus. This result is

consistent with observations in the literature of di�erent proteasomal products iden-

ti�ed when proteins were induced to enter the proteasome from either terminus [18].

We parametrised various scaling factors in our model for three families of cleavage

algorithm in the literature: NetChop, Pepsickle and BiLSTM. We then evaluated the

accuracy of our predictions of ovalbumin products using these algorithms, �nding the

strongest performance for members of the Pepsickle family of prediction algorithms.

In Chapter 3, we developed a new model of TAP binding a�nity prediction called

PanTAP, named for its use of training datasets from other mammals and its ability to

form predictions for di�erent species. In order to integrate data from binding a�nity

assays using mouse and rat TAP, we introduced a pseudosequence for TAP by using

residues implicated in peptide binding from cryo-EM structures [99]. The notion of

a pseudosequence to permit the training of a single binding model was inspired by
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the same strategy's success in the NetMHCpan binding a�nity predictor [114]. We

employed a systematic approach to determine the optimal method of encoding amino

acids and standardising peptide lengths for this problem, �nding that an ensemble of

di�erent encodings resulted in a more predictive model. When compared to previous

methods in the literature, PanTAP returned more accurate predictions of human

TAP binding a�nity. We concluded from this that the growth in training data

from incorporating mouse and rat TAP assays had contributed additional information

about the general rules of TAP{peptide binding. We anticipate that PanTAP will be

a particularly useful tool for anyone wishing to predict binding a�nities for non-human

TAP (e.g. for studying pre-clinical class I antigen presentation).

In Chapter 4, we employed a similar approach to Chapter 3, this time to train a

predictive model of ERAP1 trimming. We consolidated data from a particular type

of enzymatic assay that was prevalent in the literature and trained a support vector

regression (SVR) model to predict what the outcome would have been for other pep-

tides, not studied in these assays. We then calibrated the output of these assays to

Michaelis-Menten kinetics, thus enabling our SVR predictions to be used for enzyme

kinetic parameter predictions for incorporation into mechanistic models.

We brought together the models of Chapters 2 to 4 and used them to extend Dalchau

et al.'s systems biology model of peptide loading to MHC-I in Chapter 5. We re-

parametrised the systems model using data from an H2-Kb transfected .220 cell

line and considered how the resulting parameters might di�er for di�erent MHC-I

alleles. We concluded that the peptide-MHC binding rate should allele-speci�c so

that the model's predictions are consistent with the tapasin dependence of that allele.

Although a large database of measured tapasin dependencies has been published

[14], we wished to generalise this approach to all possible alleles, so in the remainder

of Chapter 5 we investigated whether tapasin dependence could be predicted from

MHC-I sequence. We concluded that tapasin dependence is a complicated property

of the MHC-I allele that cannot be accurately predicted from sequence alone and

likely requires molecular dynamics simulations to predict.

Our extended systems model from Chapter 5 was used to predict the antigen process-

ing of N-terminally extended SIINFEKL in Chapter 6, further validating its predic-

tions. The use of an equivalent dataset in an ERAP1 knockdown cell line also enabled

us to parametrise the N-terminus trimming carried our by cytosolic aminopeptidases.

The resulting parameter values appear to be consistent with a relevant in vitro as-

say in the literature, giving us con�dence that these parameters hold more generally

[139]. In Chapter 6 we also conduct a sensitivity analysis of our mechanistic model,
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concluding that pMHC presentation sensitivity is dominated by peptide{MHC binding

a�nity and inferring a minor role for N-terminally extended precursors.

We were �nally able to address the second of our objectives in Chapter 7, developing

a predictor of CD8+ immunogenicity called POEM. The development of POEM

was inspired by the design of PRIME-2.0 and we used the same dataset to train

our model [66]. In addition to using our mechanistic model's predictions, we found

that including the restricting MHC-I allele's pseudosequence in the training features

resulted in a signi�cant improvement in predictive e�cacy. We benchmarked POEM

against prominent immunogenicity predictors from the literature, using a dataset of

GBM neoantigens with validated immunogenicity, and �nding that POEM performed

substantially better than any of the other models.

We then tested POEM's performance in a pathogenic context, �nding superior per-

formance on a dataset of pathogenic epitopes from IEDB, published by the authors

of BigMHC [10]. To study a single pathogen in greater detail, we produced our own

dataset of SARS-CoV-2 peptides from IEDB and used it to compare model predic-

tions on the 6 most prevalent HLA alleles. Again, POEM showed impressive e�cacy

when compared to the other algorithms. We also found that using measured riboso-

mal density to scale source protein availability in our proteasome model resulted in a

dramatic increase in performance on certain alleles.

8.3 Limitations

On the whole, we were able to address both of our original research goals across

these chapters. However, in some areas our ability to do this was limited by various

constraints.

8.3.1 Training data availability

A common limitation in mathematical modelling is the availability of appropriate data

for model training. This was problematic for us in a few areas of the mechanistic

model development, particularly in the training of the ERAP1 predictive model.

Our predictor of ERAP1 speci�city was trained using only 85 unique peptides, of

which 45 contain the sequence SIINFEKL. With the large combinatorial space of

possible substrates (20n for an n-mer) and ERAP1's speci�city dependence on most

residues in its substrate, this dataset is likely to be far too small to train an accu-

rate predictor of ERAP1 trimming. Furthermore, our cross-validation assessment of
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model performance is likely to be in
ated by the high sequence similarity of the pep-

tides in the training set, giving an in
ated impression of model generalisation ability.

I discuss an approach for inferring ERAP1 activity from immunopeptidomics data in

Section 8.4.2 which could provide a means of training a new predictor without the

need to carry out additional in vitro ERAP1 digestion assays.

8.3.2 Tapasin dependence

In order to extend our mechanistic model to the full breadth of possible HLA allotypes,

we must either predict or measure the tapasin dependence of any alleles not included

in the Bashirova dataset [14]. This is required to determine the appropriate peptide{

MHC binding rate parameter to use. Prediction of this property appears to be non-

trivial, as we found in Chapter 5, so this will likely require further experimental data

to be generated using the same protocol as Bashirova et al..

8.3.3 ERAP2 omission

In my description of the antigen processing pathway from Chapter 1, I discussed

ERAP2 and its role in the generation of class I epitopes, which is still in the process

of being fully understood. We were unable to include ERAP2 in our model because

of a lack of data available to train a predictor of its speci�city. Furthermore, the

experiment from Hearn et al. used to validate our mechanistic model was carried out

in a HeLa cell line which did not express ERAP2 [71], so our mechanistic model did

not need to include it to generate predictions consistent with their �ndings.

However, in a previous study, Hearn et al. compared the processing of ER-targeted

SIINFEKL precursors in the same cell line with processing in an ERAP2-expressing cell

line (COS 7) [72]. Although they found a strong correlation between the two (R2 =

0:7403), certain residues, including leucine, were seemingly removed less e�ciently in

the presence of ERAP2, showing qualitative agreement with other reports of ERAP2

activity [137]. These di�erences could be more pronounced for di�erent peptide

sequences and lengths, and association of ERAP2 with various diseases has been

reported, further implying an important role in antigen processing. Hence, we may

wish to revise our omission of ERAP2 as its role in the pathway is better understood.
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8.3.4 Homogeneous validation datasets

In many areas of our mechanistic model development, we used training or validation

datasets containing peptides with high sequence similarity. In particular, the canonical

epitope SIINFEKL and variants of this peptide were used in:

� Validation of the proteasome model's predictions (Chapter 2).

� Training of the ERAP1 predictive model (Chapter 4).

� Parametrisation of the extended Dalchau model (Chapter 5).

� Validation of the mechanistic model using the Hearn et al. study (Chapter 6).

Our mechanistic model has therefore been carefully designed for its ability to accu-

rately predict parameters associated with this peptide at each stage of its develop-

ment. Furthermore, the same MHC-I allele (H2-Kb) was used in both the Dalchau et

al. study and the Hearn et al. study, albeit in di�erent transfected cell lines (.220 and

HeLa cells). This is concerning because our parameter prediction may be over�tting

on SIINFEKL and the mechanistic parameters (e.g. MHC-I supply rate) may not be

applicable to other MHC-I alleles. To investigate whether this is a problem, we would

ideally use a similar study to Hearn et al.'s study, carried out using a peptides with

highly dissimilar sequences to SIINFEKL. However, no such study could be found in

the literature, restricting our ability to test the mechanistic model's generalisation

performance.

8.3.5 POEM performance

Finally, despite better performance, POEM is slower to run than its machine learning

counterparts. Many stages are involved in predicting the immunogenicity of a single

9mer:

1. Identify source protein (e.g. using pBLAST on reference proteome).

2. Run Pepsickle on the source protein sequence and use output to calculate

probability of formation of 9mer and associated peptides (9mer to 16mer).

3. Run NetMHCpan-4.1, PanTAP, and ERAP1 prediction on these peptides.

4. Lookup cytosolic aminopeptidase trimming rates for these peptides and esti-

mate the peptide{MHC binding rate from the tapasin dependence.

5. Simulate the mechanistic model to equilibrium.
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6. Use the mechanistic model output to run POEM.

Although this pipeline is fully automated and can be parallelised if multiple peptides

are queried simultaneously, the time per query is typically on the order of a few

seconds. This is at least an order of magnitude slower than the majority of machine

learning algorithms for predicting immunogenicity, so limits e�ciency with which large

databases of peptides can be queried.

We would therefore advocate for an initial �lter to be applied if using POEM to

systematically search an entire proteome (e.g. the SARS-CoV-2 proteome) for im-

munogenic peptides. A threshold predicted binding a�nity would be a sensible means

of reducing the size of the search space without requiring signi�cant computation. A

sensible value for this threshold could be estimated from predicted binding a�nities

of known immunogenic epitopes in order to keep the false negative (i.e. number of

discarded immunogenic peptides) acceptably low.

8.4 Future work

8.4.1 Integration of protein expression data

When testing POEM's predictions on the SARS-CoV-2 dataset, we found that

the use of ribosomal density data to scale source protein supply to the protea-

some seemed to improve predictive e�cacy. This �nding echoes recent observa-

tions in the literature, in which protein expression data has been used in tandem

with MHC-I binding a�nity predictions, leading to improved immunogenicity predic-

tion [16, 30, 63, 87, 136, 162]. One of the easiest ways in which POEM could be

improved would therefore be to incorporate this data into its training. The easiest

way to do this would be to use the Peptide eXpression annotator (PepX) | a pub-

licly available tool, using RNAseq data to estimate expression of a peptide's source

protein [60]. It should be noted that RNAseq is not necessarily the most appro-

priate measurement for our mechanistic model, since the translational e�ciency of

the mRNA ultimately determines the protein availability. Ribosomal density data, on

the other hand, directly measures translation, providing a more accurate measure of

gene expression at the protein level. However, RNAseq data is far more prevalent,

so for the next iteration of POEM it would be the most tractable way to incorporate

a measure of protein expression into our analysis.
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8.4.2 Reducing bias in machine learning

We have discussed how using epitope data to train a proteasomal cleavage predic-

tor is confounded by the in
uence of other components of the antigen processing

pathway (e.g. TAP and MHC-I binding a�nities). However, we could use our mech-

anistic model to predict the impact of these stages on antigen presentation and thus

potentially train a less biased cleavage predictor.

How this might work is shown in Figure 8.2. Because the system of ODEs is slow

to simulate thousands of times, we should �rst train a simple neural network to

emulate the predictions of our mechanistic model in a fraction of the time. To train

this model proxy, we would need to simulate the mechanistic model a large number

of times and for a wide range of randomly sampled parameter values, spanning the

domain of possible parameters. We could then train a neural network to learn the

mappings from each set of parameters to the mechanistic model outputs (pMHC

abundance). With this model proxy trained, we could then e�ciently train a cleavage

predictor, using a similar approach to NetChop or Pepsickle. At each iteration of

neural network �tting, we would predict the cleavage probabilities for the source

proteins of the epitopes in our training set. These would then be fed into the model

proxy, rapidly predicting the pMHC abundance of the epitopes and random negative

decoy peptides, given these predicted cleavage probabilities. The predicted pMHC

abundances would then be used to evaluate the loss function along with the training

dataset labels.

Figure 8.2. Schematic representation of the proposed method. Arrows represent 
ow of

information. Dashed lines indicate quantities used for loss calculation. Neural networks are

represented by orange trapezia, the mechanistic model by a blue rectangle. a) Training of

a predictor of proteasomal cleavage using pre-trained proxy model to emulate mechanistic

model predictions. b) Training of a proxy model to emulate mechanistic model predictions

for di�erent proteasomal cleavage inputs. Diagram inspired by [21].



8.4. FUTURE WORK 184

A similar framework could be employed to train a predictor of ERAP1 trimming.

Instead of using a dataset of epitopes, we could compare the (immuno-)peptidomes

of wild-type cells with (immuno-)peptidomes of ERAP1 knockout/knockdown cell,

potentially using datasets from Grey Wolf Therapeutics [164].

Hence, our mechanistic model may be used to train machine learning models to pre-

dict parameters for di�erent stages of the antigen processing pathway by predicting

the e�ect on the observed pMHC presence or abundance.

8.4.3 Tumour evolution and immune escape

Our mechanistic model could be applied to existing longitudinal studies of tumour

evolution to simulate how changes in antigen presentation due to tumour evolution

can contribute to immune escape. This leverages one of the main advantages of

mechanistic modelling over machine learning discussed in Chapter 1: the ability to

simulate changes in intracellular conditions by changing speci�c parameter values.

For example, we could simulate the e�ect of loss of heterozygosity in the MHC-I

genes by removing the corresponding MHC-I molecules from the ER compartment in

our systems model. This would not be possible to do using existing machine learning

methods. One could not change the weights in a pre-trained neural network (e.g.

MHC
urry-2.0) because the weights do not correspond to physical entities in the

underlying immunology (e.g. MHC-I supply).

A suitable dataset for this type of experiment would be the TracerX study [7]. Al Bakir

et al. report a longitudinal analysis of 126 non-small cell lung cancer tumours from

patients who developed metastatic disease, compared with a control cohort of 144

non-metastatic tumours. By comparing simulations of antigen presentation between

the two cohorts, we would hope to explain the di�erences in disease progression in

the context of tumour escape of immunosurveillance.

8.4.4 Future pandemics

Finally, POEM may be used to accelerate and derisk vaccine development for the

next pandemic. There are many potential candidates for what this might be, and

COVID-19 served as a warning shot, highlighting the ease with which a virus can

spread in a globalised and heavily populated world. Vaccine development for SARS-

CoV-2 was assisted by the spike protein containing many immunogenic epitopes, with

reasonable coverage across HLA allotypes. However, we may not be so fortunate

with the next pandemic and may need to rapidly predict immunogenic epitopes from
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Predictor H2-Kb H2-Db

Rp Rs Rp Rs

BigMHC EL [10] -0.148 0.479 -0.194 -0.327

NetMHCpan-4.1 [130] 0.249 0.297 0.542 0.009

MHC
urry-2.0 [118] 0.367 0.527 0.220 -0.227

Mechanistic model 0.613 0.564 0.668 0.445

Table 8.1. Correlation between outputs machine learning and mechanistic predictors of

antigen presentation, and the absolute quanti�cation of direct presentation from the Wu et

al. dataset. Performance is separated by restricting MHC-I allele. Correlation is given in

terms of the Pearson correlation coe�cient, Rp, and the Spearman correlation coe�cient,

Rs .

the pathogen's sequencing data. POEM could be an invaluable tool for this process

as our study into SARS-CoV-2 showed that POEM is better performing than existing

immunogenicity predictors, particularly on the less common HLA allotypes.

8.5 Closing remarks

In Chapter 1, to illustrate the problem with treating antigen presentation as a binary

classi�cation problem, I used a dataset of quanti�ed pMHC abundance of identi�ed

in
uenza A peptides in a dendritic cell line [168]. I demonstrated the poor perfor-

mance of well-known predictors of antigen presentation on this dataset, and proposed

that this was likely to be the result of using these binary eluted ligand training sets.

Having developed our mechanistic model of antigen presentation to address this, it

feels appropriate to conclude this thesis by testing whether our mechanistic approach

results in improved predictive accuracy across this dataset. I used NetMHCpan-4.1

to predict the binding a�nities of the epitopes and their precursors and simulated

our mechanistic model to steady state. Since a tapasin dependence measurement

for H2-Db could not be found in the literature, I set the peptide{MHC binding rate

for H2-Db to the same as for H2-Kb. The mechanistic model led to an improvement

over the machine learning approaches, both in terms of ranking of epitopes (using

Spearman's correlation coe�cient, Rs) and in terms of linear correlation between

predicted and observed presentation (using Pearson's correlation coe�cient, Rp), as

shown in Table 8.1.

Although the Wu et al. dataset is too small and homogeneous to draw signi�cant

conclusions from, it is encouraging to see that our mechanistic model appears to
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go some way towards solving the motivating problem from Chapter 1. With this

type of direct evidence of more accurate pMHC abundance prediction, along with

improved immunogenicity prediction through POEM, we can make a strong case

for the future of mechanistic modelling in a world and �eld currently dominated by

machine learning.



Appendix A

Appendix

A.1 Extended Dalchau model

The set of ordinary di�erential equations de�ning the extended Dalchau model pre-

sented in Chapter 5 are given by:
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i

dt
= bSi � P

C
i � S �

(
kS + uS

)
� SP C

i (A.4)

dSP C
self

dt
= bSself � P

C
self � S �

(
kS + uS

)
� SP C

self (A.5)
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dP ER
b

dt
= kS � SP C

self � �b + ub �MP ER
b + q � ub �MP ER

b (A.6)

� (c � TM + b �M + dP ) � P
ER
b

dP ER
n

dt
= kS � SP C

self � �n + un �MP ER
n + q � ub �MP ER

n (A.7)

� (c � TM + b �M + dP ) � P
ER
n

dP ER
i

dt
= kS � SP C

i + uiMP ER
i + q � ui �MP ER

i (A.8)

�

[
c � TM + b �M + dP +

ki � E0(
KM + P ER

i + P ER
n + P ER

b

)] � P ER
i

dM

dt
= gM + un �MPn + ub �MPb + ui �MPi + uT � TM (A.9)

� [b � (Pb + Pn + Pi) + dM + bT � T ] �M

dT

dt
= gT + uT � TM + uT � v � (TMPb + TMPn + TMPi) (A.10)

� (bT �M + dT ) � T

dTM

dt
= bT � T �M + q � (un � TMPn + ub � TMPb + uiTMPi) (A.11)

� [uT + c � (Pb + Pn + Pi)] � TM

dMPb
dt

= b �M � Pb + uT � v � TMPb � (ub + e)MPb (A.12)

dMPn
dt

= b �M � Pn + uT � v � TMPn � (un + e)MPn (A.13)
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dMPi
dt

= b �M � Pi + uT � vTMPi � (ui + e)MPi (A.14)

dTMPn
dt

= c � TM � Pn � (q � un + uT � v) � TMPn (A.15)

dTMPb
dt

= c � TM � Pb � (q � ub + uT � v) � TMPb (A.16)

dTMPi
dt

= c � TM � Pi � (q � ui + uT � v) � TMPi (A.17)

dMePn
dt

= e �MPn � un �MePn (A.18)

dMePn
dt

= e �MPb � ub �MePb (A.19)

dMePi
dt

= e �MPi � ui �MePi (A.20)

dMe

dt
= ub �MePb + un �MePn + ui �MePi � dMe

Me (A.21)

where the subscript, i , is used to distinguish an exogenous peptide from the endoge-

nous peptides, so denotes the SIINXEKX peptides in the context of the extended

Dalchau model �tting.

A.2 Hearn et al. model

The set of ordinary di�erential equations used to simulate the Hearn et al. study in

Chapter 6 is given by:

dP C
XXSL

dt
= gXXSL + uS � SP C

XXSL �
(
dC + bSXXSL � S + rX

)
� P C

XXSL (A.22)
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dP C
XSL

dt
= rX � PXXSL + uS � SP C

XSL �
(
dC + bSXSL � S + rX

)
� P C

XSL (A.23)

dP C
SL

dt
= rX � PXSL + uS � SP C

SL �
(
dC + bSSL � S + rS

)
� P C

SL (A.24)

dP C
self

dt
= gself + uS � SP C

self �
(
dC + bSself � S

)
� P C

self (A.25)

dS

dt
=

(
kS + uS

) (
SP C

i + SP C
self

)
(A.26)

� S �
(
bSXXSL � P

C
XXSL + bSXSL � P

C
XSL + bSSL � P

C
SL + bSself � P

C
self

)
dSP C

XXSL

dt
= bSXXSL � P

C
XXSL � S �

(
kS + uS

)
� SP C

XXSL (A.27)

dSP C
XSL

dt
= bSXSL � P

C
XSL � S �

(
kS + uS

)
� SP C

XSL (A.28)

dSP C
SL

dt
= bSSL � P

C
SL � S �

(
kS + uS

)
� SP C

SL (A.29)

dSP C
self

dt
= bSself � P

C
self � S �

(
kS + uS

)
� SP C

self (A.30)

dP ER
b

dt
= kS � SP C

self � �b + ub �MP ER
b + q � ub �MP ER

b (A.31)

� (c � TM + b �M + dP ) � P
ER
b

dP ER
n

dt
= kS � SP C

self � �n + un �MP ER
n + q � ub �MP ER

n (A.32)

� (c � TM + b �M + dP ) � P
ER
n

dP ER
XXSL

dt
= kS � SP C

XXSL + uXXSLMP ER
XXSL + q � uXXSL �MP ER

XXSL (A.33)

� c � TM � P ER
XXSL + b �M � P ER

XXSL + dP � P
ER
XXSL
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�
E0 � kXXSL � P

ER
XXSL(

KM + P ER
XXSL + P ER

XSL + P ER
SL + P ER

n + P ER
b

)
dP ER

XSL

dt
= kS � SP C

XSL + uXSLMP ER
XSL + q � uXSL �MP ER

XSL (A.34)

� c � TM � P ER
XSL + b �M � P ER

XSL + dP � P
ER
XSL

+
E0 �

(
kXXSL � P

ER
XXSL � kXSL � P

ER
XSL

)(
KM + P ER

XXSL + P ER
XSL + P ER

SL + P ER
n + P ER

b

)
dP ER

SL

dt
= kS � SP C

SL + uSLMP ER
SL + q � uSL �MP ER

SL (A.35)

� c � TM � P ER
SL + b �M � P ER

SL + dP � P
ER
SL

+
E0 �

(
kXSL � P

ER
XSL � kSL � P

ER
SL

)(
KM + P ER

XXSL + P ER
XSL + P ER

SL + P ER
n + P ER

b

)
dM

dt
= gM + un �MPn + ub �MPb + uXXSL �MPXXSL (A.36)

+ uXSL �MPXSL + uSL �MPSL + uT � TM

� [b � (Pb + Pn + PXXSL + PXSL + PSL) + dM + bT � T ] �M

dT

dt
= gT + uT � TM + uT � v � (TMPb + TMPn (A.37)

+ TMPXXSL + TMPXSL + TMPSL)� (bT �M + dT ) � T

dTM

dt
= bT � T �M + q � (un � TMPn + ub � TMPb + uXXSLTMPXXSL

(A.38)

+ uXSLTMPXSL + uSLTMPSL)

� [uT + c � (Pb + Pn + PXXSL + PXSL + PSL)] � TM
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dMPb
dt

= b �M � Pb + uT � v � TMPb � (ub + e)MPb (A.39)

dMPn
dt

= b �M � Pn + uT � v � TMPn � (un + e)MPn (A.40)

dMPXXSL
dt

= b �M � PXXSL + uT � vTMPXXSL � (uXXSL + e)MPXXSL

(A.41)

dMPXSL
dt

= b �M � PXSL + uT � vTMPXSL � (uXSL + e)MPXSL (A.42)

dMPSL
dt

= b �M � PSL + uT � vTMPSL � (uSL + e)MPSL (A.43)

dTMPn
dt

= c � TM � Pn � (q � un + uT � v) � TMPn (A.44)

dTMPb
dt

= c � TM � Pb � (q � ub + uT � v) � TMPb (A.45)

dTMPXXSL
dt

= c � TM � PXXSL � (q � uXXSL + uT � v) � TMPXXSL (A.46)

dTMPXSL
dt

= c � TM � PSL � (q � uXSL + uT � v) � TMPXSL (A.47)

dTMPSL
dt

= c � TM � PSL � (q � uSL + uT � v) � TMPSL (A.48)

dMePn
dt

= e �MPn � un �MePn (A.49)
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dMePn
dt

= e �MPb � ub �MePb (A.50)

dMePXXSL
dt

= e �MPXXSL � uXXSL �MePXXSL (A.51)

dMePXSL
dt

= e �MPXSL � uXSL �MePXSL (A.52)

dMePSL
dt

= e �MPSL � uSL �MePSL (A.53)

dMe

dt
= ub �MePb + un �MePn + uXXSL �MePXXSL (A.54)

+ uXSL �MePXSL + uSL �MePSL � dMe
Me

where the subscripts XXSL, XSL and SL correspond to XXSIINFEKL, XSIINFEKL

and SIINFEKL (and X represents an amino acid).

A.3 POEM mechanistic model

A.3.1 System of di�erential equations

The set of ordinary di�erential equations used to simulate the passage of epitopes

and their precursors through the antigen processing pathway is given below.

dP C
i

dt
= ri+1 � P

C
i+1 + gi + uS � SP C

i �
(
dC + ri + bSi � S

)
� P C

i (A.55)

dP C
self

dt
= gself + uS � SP C

self �
(
dC + bSself � S

)
� P C

self (A.56)

dS

dt
=

(
kS + uS

) ∑
i ;self

SP C
j �

∑
i ;self

bSi � P
C
i � SC (A.57)
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dSP C
i

dt
= bSi � P

C
i � SC �

(
kS + uS

)
� SP C

i (A.58)

dSP C
self

dt
= bSself � P

C
self � S

C �
(
kS + uS

)
� SP C

self (A.59)

dP ER
b

dt
= kS � SP C

self � �b + ub �MP ER
b + q � ub �MP ER

b (A.60)

� (c � TM + b �M + dP ) � P
ER
b

dP ER
n

dt
= kS � SP C

self � �n + un �MP ER
n + q � ub �MP ER

n (A.61)

� (c � TM + b �M + dP ) � P
ER
n

dP ER
i

dt
= kS � SP C

i + uiMP ER
i + q � ui �MP ER

i � (c � TM + b �M + dP ) � P
ER
i

(A.62)

+ E0 � (ki+1 � Pi+1 � ki � Pi) =

(
KM +

∑
i

P ER
i + P ER

n + P ER
b

)

dM

dt
= gM + un �MPn + ub �MPb +

∑
i

ui �MPi + uT � TM (A.63)

�

[
b �

(
Pb + Pn +

∑
i

Pi

)
+ dM + bT � T

]
�M

dT

dt
= gT + uT � TM + uT � v �

(
TMPb + TMPn +

∑
i

TMPi

)
(A.64)

� (bT �M + dT ) � T

dTM

dt
= bT � T �M + q �

(
un � TMPn + ub � TMPb +

∑
i

uiTMPi

)
(A.65)
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�

[
uT + c �

(
Pb + Pn +

∑
i

Pi

)]
� TM

dMPb
dt

= b �M � Pb + uT � v � TMPb � (ub + e)MPb (A.66)

dMPn
dt

= b �M � Pn + uT � v � TMPn � (un + e)MPn (A.67)

dMPi
dt

= b �M � Pi + uT � vTMPi � (ui + e)MPi (A.68)

dTMPn
dt

= c � TM � Pn � (q � un + uT � v) � TMPn (A.69)

dTMPb
dt

= c � TM � Pb � (q � ub + uT � v) � TMPb (A.70)

dTMPi
dt

= c � TM � Pi � (q � ui + uT � v) � TMPi (A.71)

dMePn
dt

= e �MPn � un �MePn (A.72)

dMePn
dt

= e �MPb � ub �MePb (A.73)

dMePi
dt

= e �MPi � ui �MePi (A.74)

dMe

dt
= ub �MePb + un �MePn +

∑
i

ui �MePi � dMe
Me (A.75)

Note, the index i denotes the length of the exogenous peptide, so Pi+1 is the peptide

Pi with one amino acid extended from the N-terminus.
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A.3.2 Model parameters

Table A.1. Parameters and values used for simulation of the mechanistic model.

Param Description Value Used Units Source

gself Supply rate of endogenous peptide 2� 106 m.p.s. [169]

gi Supply rate of exogenous peptide i peptide speci�c m.p.s. �

dC Degradation rate of peptide 1:572� 10�3 s�1 ~

ri Cytosolic aminopeptidase trimming rate peptide speci�c s�1 ~

uS Peptide-TAP o� rate 4:681 s�1 ~

kS Peptide-TAP turnover rate 5 s�1 [109]

bS
self

Endogenous peptide{TAP binding rate 1:159� 10�8 m.p.s.

bS
i

Peptide i TAP binding rate peptide speci�c m.p.s. }

E0 Total ERAP1 molecules 1:536� 107 - �

ki Peptide i turnover rate by ERAP1 peptide-speci�c s�1 ~

KM ERAP1 Michaelis term 100 �M z

gM MHC class I production rate 5.592 m.p.s. ~

gT Tapasin production rate 1505 m.p.s. [43]

�n Proportion of non-binding self peptide 9:994� 10�1 - ~

�b Proportion of binding self peptide 5:860� 10�4 - 1� �n

dM MHC class I degradation rate 7:989� 10�5 s�1 [43]

dT Tapasin degradation rate 1:726� 10�3 s�1 [43]

dP Peptide degradation rate in ER 0.13 s�1 [43]

bT MHC-Tapasin binding rate 1:099� 10�9 p.m.p.s. [43]

b Peptide-MHC binding rate allele speci�c p.m.p.s. |

c Peptide-TM binding rate 9:630� 10�6 m.p.s. ~

uT MHC-Tapasin o� rate 1:185� 10�6 s�1 [43]

ui Exogenous peptide i o� rate in MHC-I peptide-speci�c s�1 z

un Low a�nity endogenous peptide o� rate 1:433� 10�3 s�1 ~

ub High a�nity endogenous peptide o� rate 5:844� 10�6 s�1 ~

q Tapasin enhancement to peptide-MHC o� rate 21,035 - [43]

v Tapasin o� rate increase factor with MP 936.3 - [43]

e Peptide-MHC egress rate 7:359� 10�3 s�1 |

dMe Empty surface MHC degradation rate 6:152� 10�5 s�1 ~

Key: ~ �tted to Hearn data; | �tted to Dalchau data; � proteasome model predictions; } PanTAP model prediction;

y ERAP1 model predictions; z NetMHC-4.0 predictions. Abbreviation: (p.)m.p.s = (per) molecules per second.
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A.4 POEM supplementary �gures

A.4.1 MHC-I representations

Figure A.1. MHC-I representations and associated amino acid encoding strategies compared

by 10-fold cross-validation on PRIME-2.0 dataset. Annotated p-values indicate the result of

a two-tailed paired Wilcoxon signed-rank test between AUROC scores.
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A.4.2 Peptide representations

Figure A.2. Comparison of POEM performance when trained using 4 di�erent encodings of

the peptide sequence and tested on (a)-(b) GBM dataset, (c)-(d) IEDB pathogen dataset,

and (e)-(j) SARS-CoV-2 dataset.
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A.4.3 PRIME-2.0 dataset AUPR

Figure A.3. Performance of POEM compared with the models in Table 7.1 via a 10-fold

cross-validation and using the AUPR metric. A one-tailed paired Wilcoxon signed-rank test

was used to test whether the AUPR of the other models was signi�cantly lower than that of

POEM. The resulting p-values are shown above the plot.



A.4. POEM SUPPLEMENTARY FIGURES 200

A.4.4 SARS-CoV-2 dataset AUPR

Figure A.4. POEM AUPR compared against other prominent immunogenicity predictors

for a dataset of SARS-CoV-2 epitopes with experimentally validated immunogenicity status

across the 6 most abundant alleles in IEDB.
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A.4.5 POEM pMHC predictions comparison

Figure A.5. Comparison of POEM performance after re-training, replacing mechanistic

model prediction with machine learning algorithm predictions of pMHC abundance.
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