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CHAPTER 1

INTRODUCTION

Computational methods used in translational medicine

Translational medicine is an interdisciplinary field in biomedical research that aims to connect basic
science with practical clinical applications. The main objective of translational medicine is to translate
laboratory findings into diagnostic methods, tools, treatments, and preventive measures that enhance
patient care. Disease progression is influenced by the interplay of genetic, epigenetic, environmental,
and lifestyle factors, which require a comprehensive understanding of disease mechanisms.

In recent decades, the advancement of biomedical data has transformed the understanding of disease
processes and treatment strategies. Computational approaches have become essential in translational
medicine, helping in the transition of fundamental scientific discoveries into clinical use. These
approaches serve as a crucial link between laboratory research and patient treatment, enabling
scientists to investigate complex biological systems, predict disease progression, and identify
potential therapeutic targets. The integration of computational methods into medical research has
revolutionised the conventional approaches to disease investigation. Advancements in high-
throughput technologies like next-generation sequencing (NGS) and other omic technologies such as
transcriptomics, proteomics, etc, have led to a generation of vast amounts of data that requires
sophisticated computational and bioinformatic tools for effective analysis, offering unparalleled
opportunities to examine diseases at molecular, cellular, and systemic levels.

This shift towards data-driven research in the field of biomedical sciences has given rise to the use of
various computational and bioinformatic techniques that can process and analyse biological
information to understand the complexities of the progression of disease and help in accelerating the
development of effective therapies.! This chapter consists of an overview of the primary
computational and bioinformatics methods employed in translational medicine and their applications

in investigating disease mechanisms.

Major computational and bioinformatic approaches are used to study disease mechanisms
Machine Learning (ML) and Artificial Intelligence (Al):

Machine learning algorithms are often used in translational research. Supervised learning algorithms
are used for disease classification and to create prediction models. Unsupervised learning techniques
like clustering are used to get insights into the patterns in a dataset. Meanwhile, deep learning

algorithms are also being used in medical image studies.?



Network Biology:

Diseases often involve the interaction of multiple molecular pathways and cellular processes. In
network biology, various methodologies are used to understand interactions between biological
systems as interconnected networks, such as protein-protein interactions, gene regulatory networks,
and metabolic pathways. Network analysis helps to identify key molecules, pathways, and
interactions involved in an underlying condition, as well as in identifying drug targets in a disease
network.?

Omic studies and multi-omics data integration:

Advancements in next-generation sequencing technologies have helped to provide a comprehensive
image of the genetic and molecular basis of diseases. Omics include genomics, transcriptomics,
proteomics, metabolomics, single-cell transcriptomics, single-cell multi-omics, spatial
transcriptomics, and other methods. These technologies provide valuable insights into the biological
pathways and processes that distinguish disease states from healthy controls. Integration of data from
the multi-omics methods helps in establishing a more detailed cause-and-effect relationship.* For
instance, a study published by Iperi et al. combined data from genomics, transcriptomics, proteomics,
and metabolomics to comprehensively analyse B lymphocyte metabolism in systemic lupus
erythematosus (SLE) patients. Multi-omics integration revealed metabolites such as lactate and

glutamine correlated with disease activity and severity.>

Different methods of these key computational approaches are often used together, as per convenience,

to better understand disease mechanisms and treatment response.

Applications in translational medicine
Biomarker Discovery:

Potential biomarkers are identified from various datasets using multi-omics, while ML algorithms are
used to analyse gene expression data to identify signatures associated with a disease state. These
methods could be used to discover biomarkers for the diagnosis and prevention of several rare as well
as common disorders.

Drug Discovery and Development:

High-throughput methods are often used to do virtual screening of compound libraries and for the
prediction of drug-target interactions. These methods reduce the time and cost associated with drug

development.



Precision Medicine:

Predictive models based on patient-specific genetic variant data are used for the prediction of

treatment response and identification of disease subtypes to recommend tailored treatments.

Applications of computational approaches used in the thesis

The studies performed in my thesis used computational and bioinformatic approaches to study
inhibitor development in haemophilia A neonates at an early stage of life. The approaches contribute
to translational medicine by improving disease prediction, biomarker discovery and personalised
treatment strategies. The following are the approaches used in this thesis and their key applications:
e Prediction of inhibitor development in HA

1. Statistical modelling and ML algorithm on Mimotope-variation Assay- The chapter used
Mimotope-variation analysis for statistical modelling and machine-learning algorithms to
develop prediction models for identifying patients at risk of inhibitor development before FVIII
exposure, suggesting early intervention strategies which can help in creating a personalised
treatment plan by tailoring FVIII therapy based on the immune risk profile of the patient.

2. Epitope Mapping for therapeutic target identification- Mimotope-variation assay using random
peptide phage display library has been used to find epitopes on the FVIII protein associated
with inhibitor development. It identified epitopes on FVIII domains that produce a stronger
antibody response. This observation supports the design of less immunogenic FVIII variants
and tolerogenic therapies that reduce the risk of inhibitor development in HA patients.

e Investigating molecular mimicry
Sequence similarity- This chapter used sequence similarity analysis using the pathogen epitope
database (IEDB) to test whether pathogen-derived epitopes mimic FVIII, which could
contribute to inhibitor formation. No evidence of such mimicry in the study refined our
understanding of immune-modulation.

e DNA methylation for biomarker discovery
Next-generation sequencing using Methyl-seq- This chapter dealt with DNA methyl-seq for
the identification of differentially methylated CpG sites in patients developing inhibitors,

suggesting potential for epigenetic biomarkers to stratify patients based on inhibitor risk.

The integration of bioinformatics, NGS and machine learning in this thesis illustrates how
computational approaches used in translational medicine could help in improving disease

understanding, risk prediction, as well as treatment optimisation.
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Haemophilia A and Inhibitor development

Haemophilia A (HA) is a hereditary bleeding disorder caused by a deficiency or dysfunction of Factor
VIII (FVIID), which is a critical protein involved in the blood coagulation cascade. HA is an X-linked
recessive disorder which affects nearly 1:5,000 male births.® HA is characterised by spontaneous
bleeding, prolonged bleeding after an injury and an increased risk of soft tissue and joint bleeding.
HA is categorised into three levels of severity based on the remaining FVIII activity in plasma: severe
(less than 1% FVIII activity), moderate (1-5%), and mild (6-40%). The risk of formation of
alloantibodies (inhibitors) against FVIII in patients with severe HA is higher, and about one-third of
the patients develop inhibitors during the FVIII infusion treatment. This section offers a broad

overview of Haemophilia A, the role of FVIII and the inhibitor development against FVIII.

Haemophilia A: Genetic, Molecular and Clinical Background

Haemophilia A is caused by mutations in the F§ gene coding for FVIII protein, located on the X
chromosome (Xq28).” This gene is approximately 186kb, containing 26 exons. The gene encodes a
protein of 2,351 amino acids, which undergoes extensive post-translational modifications. The mature
FVIII protein consists of domains arranged as A1-A2-B-A3-C1-C2, B domain is removed for
coagulation activity. Mutations in the 8 gene have been identified, including point mutations,
insertions, deletions, and inversions. The most common mutation, accounting for approximately 45%
of severe Haemophilia A cases, is an intron 22 inversion. These genetic alterations lead to reduced or
absent FVIII activity, impairing the blood coagulation process.

Clinically, Haemophilia A manifests as spontaneous bleeding into joints (hemarthrosis), muscles, and
soft tissues, as well as prolonged bleeding after trauma or surgery. Repeated bleeding episodes can
lead to chronic joint damage, arthropathy, and disability. The diagnosis of Haemophilia A is based
on clinical history, family history, and laboratory tests, including FVIII activity assays and genetic
testing. Early diagnosis and prophylactic treatment with FVIII replacement therapy have significantly

improved the quality of life for patients with Haemophilia A.

Factor VIII: Structure and Function

FVIII is synthesised as a single-chain protein that undergoes processing:
Signal peptide removal

Heavy chain formation (A1-A2-B domains)

Light chain formation (A3-C1-C2 domains)

Metal ion binding (primarily copper and calcium)



FVIII is a key cofactor in the intrinsic pathway of the blood coagulation cascade. It circulates in the
blood as an inactive precursor bound to von Willebrand factor (VWF), which stabilises and protects
FVIII from degradation. Upon vascular injury, FVIII is activated by thrombin or factor Xa, leading

to its dissociation from VWF.

Treatment therapies

Haemophilia A treatment strategies include

FVIII replacement therapy- infusion of recombinant or plasma-derived FVIII

Extended half-life FVIII products- genetically modified FVIII with a longer half-life, therefore

reducing the infusion frequency for prophylaxis.

Non-factor therapies - includes FVIII independent approaches for prophylaxis.

1. FVIII mimetic antibody- Emicizumab is a bispecific antibody therapy using two monoclonal
antibodies that mimics FVIII function by bridging factor IXa and factor X. Mim8, which is under
trials, is a bispecific humanised IgG4 antibody that bridges FX and FIXa.

2. Anticoagulant quenchers- Anti-TFPI treatment uses a humanised monoclonal antibody against
tissue factor pathway inhibitor (TFPI). TFPI, which is a natural anticoagulant, inhibits FXa and
the tissue factor-FVIla complex crucial for clot formation.

Another RNAi therapy under clinical trials is Fitusiran, which targets the transcription of

antithrombin by decreasing hepatic synthesis and plasma levels to rebalance coagulation.

Gene therapy- uses viral vectors to deliver a functional FVIII gene to enable long-term endogenous

FVIII production (AAV-based therapy). Roctavian is an adeno-associated virus 5 (AAVS5) vector-

based gene therapy designed to carry a functional copy of FVIII targeting liver cells for long-term

expression of FVIIIL.

Extended half-life FVIII products reduce infusion frequency, improving adherence. Non-factor
therapies like Emicizumab offer convenient subcutaneous prophylaxis and are effective for both
inhibitor-positive and inhibitor-negative patients. Gene therapy, such as AAV-based approaches, has
the potential to provide long-term endogenous FVIII production, reducing or eliminating the need for
regular infusions, though challenges like durability and accessibility remain. Despite advancements,
FVIII replacement therapy remains the standard for managing acute bleeds, surgical procedures,
immune tolerance induction (ITI) in inhibitor-positive patients, and inhibitor management, ensuring

its continued relevance in haemophilia A treatment.



Factor VIII Replacement Therapy

The management and prevention of bleeding in HA patients mainly involve FVIII replacement
therapy, which includes the administration of exogenous FVIII to restore normal coagulation [8].
FVIII products are derived from plasma or produced using recombinant DNA technology.

Prophylactic FVIII replacement therapy, administered regularly to prevent bleeding episodes, has
become the standard of care for patients with severe Haemophilia A. This approach has been shown
to reduce the frequency of bleeding episodes, prevent joint damage, and improve overall quality of
life. However, the development of inhibitors, which are neutralising antibodies against FVIII, remains

a significant challenge in the management of Haemophilia A.

Inhibitor Development in Haemophilia A

Inhibitors are a major complication of FVIII replacement therapy, occurring in approximately one-
third of patients with severe Haemophilia A. Inhibitors are polyclonal IgG antibodies that bind to
FVIII, neutralising its coagulant activity and rendering replacement therapy ineffective. The
development of inhibitors is influenced by both genetic and environmental factors. Genetic risk
factors include the type of /'§ mutation, family history of inhibitors, and polymorphisms in immune
regulatory genes. Environmental factors, such as the intensity of FVIII exposure and the presence of
inflammation or infection, also play a role. One of the most important risk factors remains the type
of FVIII used for the treatment.

The immune response to FVIII involves the recognition of FVIII as a foreign antigen by antigen-
presenting cells (APCs), which present FVIII peptides to T cells. This triggers the activation of B
cells and the production of anti-FVIII antibodies. The epitopes targeted by inhibitors are primarily
located in the A2, A3, and C2 domains of FVIII, which are critical for its interaction with FIXa,
phospholipids, and VWF.

The presence of inhibitors complicates the management of Haemophilia A, as patients no longer
respond to standard FVIII replacement therapy. For patients with inhibitors experiencing bleeding
episodes, alternative treatments known as bypassing agents are employed. These include recombinant
activated factor VII (rFVIla) and activated prothrombin complex concentrate (aPCC), which
stimulate thrombin production without relying on FVIII. Immune tolerance induction (ITI), a
treatment strategy aimed at eradicating inhibitors. This method involves administering high FVIII
doses regularly over an extended period, ranging from months to years. Emicizumab facilitates
significantly the prophylaxis in children with fewer infusions and allowing for subcutaneous
administration. Therefore, during the emicizumab therapy, particularly in children, the incidence of

spontaneous bleeding is minimised, leading to reduced exposure to FVIII. However, during
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emicizumab therapy, prophylaxis primarily relies on this approach, with FVIII reserved only for

managing acute bleeding episodes.

Although ITT proves successful in roughly 70% of cases, it is expensive and demands substantial

dedication from both patients and their caregivers.
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CHAPTER 2

AIMS

This PhD thesis aimed to gain insights into the inhibitor development against FVIII in Haemophilia
A patients as well as illustrate the use of bioinformatics and computational approaches in the field of
translational medicine and biomedical sciences. The thesis seeks:

To use a novel immunoglobulin G epitope mapping method to explore the factor VIII (FVIII)-
specific epitope profile in the SIPPET cohort population and to develop an epitope mapping—based
inhibitor prediction model.

To assess if FVIII-specific B-cell epitopes share sequence similarity with pathogen-derived linear B-
cell epitopes.

To understand whether CpG sites that are differentially methylated in peripheral blood mononuclear
cells (PBMCs) of HA patients could have a role in inhibitor development, to better understand the

biological pathways that lead to inhibitor development.
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Abstract:

Inhibitor development is the most severe complication of haemophilia A (HA) care and is associated
with increased morbidity and mortality. This study aimed to use a novel immunoglobulin G epitope
mapping method to explore the factor VIII (FVIII)—specific epitope profile in the SIPPET cohort
population and to develop an epitope mapping—based inhibitor prediction model. The population
consisted of 122 previously untreated patients with severe HA who were followed up for 50 days of
exposure to FVIII or 3 years, whichever occurred first. Sampling was performed before FVIII
treatment and at the end of the follow-up. The outcome was inhibitor development. The FVIII epitope
repertoire was assessed by means of a novel random peptide phage-display assay. A least absolute
shrinkage and selection operator (LASSO) regression model and a random forest model were fitted
on posttreatment sample data and validated in pretreatment sample data. The predictive performance
of these models was assessed by the C-statistic and a calibration plot. We identified 27 775 peptides
putatively directed against FVIII, which were used as input for the statistical models. The C-statistic
of the LASSO and random forest models were good at 0.78 (95% confidence interval [CI], 0.69-0.86)
and 0.80 (95% CI, 0.72-0.89). Model calibration of both models was moderately good. Two statistical
models, developed on data from a novel random peptide phage display assay, were used to predict
inhibitor development before exposure to exogenous FVIII. These models can be used to set up

diagnostic tests that predict the risk of inhibitor development before starting treatment with FVIII.
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Introduction:

Recent advances in the treatment of patients with haemophilia A (HA) have greatly improved clinical
outcomes and quality of life. Nevertheless, one of the greatest treatment complications in severe HA
is still the development of anti—factor VIII (anti-FVIII) alloantibodies that neutralise FVIII (also
called inhibitors). At least one-third of patients treated with FVIII replacement therapy develop an
inhibitor during the first 20 to 30 days of exposure to FVIII (also called exposure days or EDs),?
making treatment with FVIII ineffective. This in turn leads to increased morbidity and mortality
among these patients.®

This complication is the result of a multicausal immune response involving both patient- and
treatment-related factors.® The type of FVIII product is one of the most important risk factors for
inhibitor development, with the SIPPET randomised clinical trial showing that patients treated with
recombinant FVIII (rFVIII) have an almost twofold higher risk of developing an inhibitor than those
treated with plasma-derived FVIII (pdFVIII) products.’ The pathophysiological mechanisms behind
this increased immunogenicity remain unknown. Some plausible biological explanations have been
postulated, such as the different posttranslational modifications caused by the use of different cell
lines during the manufacturing process of rFVIII products and the protective role played by von
Willebrand factor (VWF) in pdFVIII products.!”

Mature FVIII consists of 6 major domains (A1, A2, B, A3, C1, and C2) and 3 acidic linking regions
(al, a2, and a3); Al-al-A2-a2-B-a3-A3-C1-C2. The VWF-FVIII complex forms through a high-
affinity interaction between the FVIII light chain and the VWF D'D3 domains.!! FVIII is activated
by limited proteolysis through thrombin cleavage of 3 peptide bonds at Arg391 (al-A2 junction),
Arg759 (a2-B junction), and Argl708 (a3-A3 junction).'? After thrombin cleavage, activated FVIII
(without the B domain) is released from VWF and binds to phosphatidylserine on the extracellular
surface of activated platelets.!>!4

The anti-FVIII humoral immune response is highly polyclonal and consists primarily of
immunoglobulin G (IgG) antibodies recognizing variable multiple epitopes among patients and even
in the same patient over time.!> Several studies have examined the immunogenicity of FVIII and the
mechanisms underlying inhibitor development during treatment with FVIIL!%!%17 The role of FVIII
B-cell epitopes in inhibitor development has been previously investigated using different techniques.
Specific regions in the A2 (region encompassing Arg484-11e508'%), A3 (GIn1778-Asp1840"), C1
(Lys2065-Trp2212% and residues 2063-20712!), and C2 (residues Glu2181-Val22432% as well as
other residues?*2°) FVIII domains were shown to be target domains for FVIII alloantibodies

interaction using several methods including low resolution immunoprecipitation, western blotting,

15



15,26

and antibody neutralization assays, as well as high resolution methods such as hydrogen-

5 27

deuterium exchange mass spectrometry,? crystallographic studies,?’ surface plasmon resonance—

based methods,?* and phage display.?8!

In recent years, quantitative immunoproteomics has developed rapidly, offering high-throughput
analyses at relatively low cost. The aim of this study was to use a novel high-throughput epitope
mapping technique based on a random peptide phage-display method to explore the overall FVIII

epitope profile and to develop an epitope—based inhibitor prediction model.
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Methods:

Patient population

Study samples were obtained from patients enrolled in the SIPPET trial, which was designed to
investigate the immunogenicity of different FVIII products in patients with severe HA who were
previously untreated with any FVIII concentrates (PUPs) or minimally treated with blood
components.” Samples from 122 patients were used for this study. These patients were treated with 8
different FVIII products (4 pdFVIII products and 4 rFVIII products). Inhibitor development was
measured using the Bethesda assay with Nijmegen modification.’? Thirty-nine of 122 individuals
developed an inhibitor.

One sample of citrated plasma was collected at baseline before exposure to FVIII (pretreatment) and
on sample at the end of the study (posttreatment). As previously described,’ in inhibitor-positive
patients, the end of the study was the time of inhibitor development. In inhibitor-negative patients,
the study ended when the patient reached 50 EDs or after 3 years of follow-up, whichever occurred
first.

Approval for this study was obtained from the medical ethics committee at each study center, and

informed consent was obtained from all parents/guardians of patients.

Mimotipe Variation Analysis

Assay set-up

The total IgG epitope repertoire was assessed using mimotope-variation analysis (MVA), a phage
display-based method (Protobios, Tallinn, Estonia) as described previously.>> A combinatorial
library of randomized linear 12-mer peptides fused to the pIIl minor coat protein of M13 phages
(Ph.D.-12, New England Biolabs, Ipswich, MA) was used according to the manufacturer’s protocol.
Two pL of plasma was incubated with 5 puL of phage library (~5 x 10'° phage particles; overnight at
4°C). The human IgG—captured phages were pulled down by protein G-coated magnetic beads (NEB,
S1506S). Phage DNA was extracted, enriched and samples were barcoded by polymerase chain
reaction amplification. Pooled samples were analyzed by Illumina sequencing (50-bp single end read,
Genohub). The resulting DNA sequences were in silico translated to 12 amino acid (aa) long peptide
sequences. To correct for differences in sequencing depth among the samples, the total count of each
unique peptide per sample was normalized in its counts per 3 million. The resulting output consisted
of a database of 12-mer peptides with varying degrees of apparent affinity for IgG antibodies. In the
context of the assay, apparent affinity was defined as the frequency with which a 12-mer peptide was
detected (ie, the peptide count). These peptides are often referred to in the literature as “mimotopes,”

due to the fact that they may mimic the structure of an epitope.
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Two versions of the assay were performed, the standard MVA assay (described above) and a
competition assay. In the MVA competition assay, the same FVIII products that were used to treat
the patient (Alphanate [Grifols], Fanhdi [Grifols], Emoclot [Kedrion Biopharma], Factane [LFB],
Advate [Baxalta], Kogenate FS [Bayer AG], ReFacto AF [Pfizer], or Recombinate [Baxalta]) were
also used to precondition study samples before competition analyses. In detail, respective FVIII
products (final concentration, 3 uM) were incubated with 2 pL of plasma for 2 hours at room

temperature before proceeding with the MV A assay as described above.

Removal of TUPs

One issue in conducting phage display experiments is the presence of so-called target-unrelated

peptides (TUPs). These are false-positive results caused by selection-related TUPs, which are
peptides binding to materials and reagents used in the assay (for example, plastic surfaces and
albumin), or propagation-related TUPs, caused by faster propagation of some phage clones, resulting
in a higher peptide count for some peptides. To minimize the effect of these TUPs, we removed all
peptides that were predicted to be TUPs using the SAROTUP software tool.** Using this tool, known
TUPs were filtered out exploiting the TUPscan and the mimosearch algorithms. Peptides with a high
likelihood (P > .8) to bind to polystyrene, as assessed by the PSBinder algorithm, were also filtered

out.

Quality control using intra-assay and inter-assay replicates

To improve the assay signal to noise ratio, we focused on the most abundant peptides in the data set.
To establish an optimal abundance threshold, we relied on technical replicates of a control sample
within the same MVA plate (intra-assay) and across the different assay plates (inter-assay). Each
technical replicate was compared with its intra-assay and inter-assay littermates using each possible
filtering threshold. As similarity metric, we accounted for the proportion of peptides in the data set

found in only 1 replicate at each possible threshold.

Identification of FVIII mimotopes

To find peptides identified using the MV A competition assay that bind selectively to FVIII-specific
antibodies (FVIII mimotopes), the posttreatment sample was analyzed twice, once using the standard
MVA assay and once using the MV A competition assay. FVIII mimotopes were defined as peptides
that were present in the posttreatment sample in which the standard MV A assay was performed but
not in the posttreatment sample in which the MV A competition assay was performed. Consequently,

the abundance of each peptide in the standard MVA assay vs the MVA competition assay was
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compared using the Fisher exact test. Adjustment for multiple testing was done using the Bonferroni
method. An adjusted P value <.05 was considered statistically significant. Only peptides significantly
underrepresented in the MVA competition assay samples when compared with the standard MVA

assay samples were considered to be FVIII mimotopes and used for further analyses.

Clustering workflow

Each FVIII epitope can be conceptualized as being represented by multiple peptide sequences, each
containing the antibody-binding motif. Therefore, the Hammock algorithm was used to cluster
peptides based on sequence similarity before further analyses.>> A complete linkage clustering
algorithm was used for the initial clustering step. Cluster iterative merging was based on 3 iterations,
maximum alignment length was set at 150% of that of the input peptide, and 5% of the initial clusters
were used as seeds for cluster merging. Applying the algorithm resulted in clusters of highly similar
peptides. For each cluster, a consensus motif was generated based on the multiple sequence alignment
of the sequences. Each consensus motif can be interpreted as representing an epitope motif. Highly
conserved residues (>60%) were denoted with an uppercase symbol, whereas moderately conserved
residues (30%-60%) were denoted with a lower case symbol. Columns in the multiple sequence
alignment in which no single residue had a prevalence of >30% were denoted with “x.” The total
peptide count of each cluster was calculated as the sum of the count of each peptide included in a
cluster. Clusters with an epitope motif that contained <4 conserved residues were filtered out from

the data set.

Alignment of epitope motifs to FVIII

Epitope motifs from the remaining clusters were then aligned to the linear amino acid sequence of

FVIII (UniProt database ID P00451). Local pairwise alignment using the Smith-Waterman algorithm
was used (R package; “Biostrings” version 2.40.2). The degree to which a given residue on FVIII
was surface accessible was calculated using the GETAREA algorithm?®¢ using as input the crystal
structure of a B-domain—deleted FVIII molecule’’ (PDB ID 3CDZ). Based on the literature,’® a

relative solvent accessibility of >20% was used as a cutoff for defining whether a residue was buried.

Statistical analysis

Descriptive statistics
For the descriptive analyses, data were summarized using the mean and standard deviation, or median

and interquartile range, or as proportions.
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Prediction modeling
To find biomarkers that were able to predict inhibitor development before the start of FVIII therapy,

2 statistical prediction models were fitted to the data. Both models were trained on data generated
from the posttreatment samples and were validated on data generated from the pretreatment samples.
Firstly, a logistic regression model using L1 regularization (R package; “glmnet” version 4.1.7), also
called least absolute shrinkage and selection operator (LASSO) logistic regression, was evaluated
using all clusters as the input. Leave-one-out cross-validation was used to select the optimal value for
the regularization parameter. All clusters were used as the input for the model, the variables were
centered and scaled before model fitting. Secondly. A random forest model (R package;
“randomForest” version 4.7-1.1) was evaluated using all clusters as the input. Values for the number
of trees in the model and the number of variables at each split were selected by fitting models with
different values of these parameters and then selecting the parameter value that minimized the out-

of-bag error rate.

Evaluation of predictive performance
Predictive performance of these models was evaluated in 2 ways. Firstly, we assessed the degree to

which a model could discriminate between patients with and without inhibitors, using a receiver
operating characteristic (ROC) curve. Secondly, we evaluated the degree to which the predicted
cumulative incidence of inhibitor development matched the observed cumulative incidence using a

calibration plot.

Selection of important clusters
To identify the clusters that were most important for inhibitor development, we first ranked the

importance of each variable in the random forest model for model prediction by permutation feature
importance. We then selected all the clusters with a feature importance score in the 90th percentile.
From this set, we then selected all the clusters that were also present (ie, with a nonzero model
coefficient) in the final LASSO regression model. We then generated descriptive statistics for this
final set of clusters.

Approval for this study was obtained from the medical ethics committee at each study center, and

informed consent was obtained from all parents/guardians of patients.
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Results:

Mimotope Variation Analysis

Of the 122 previously untreated patients with haemophilia selected from the SIPPET study cohort for
this analysis, 39 patients developed an inhibitor during follow-up (Table 1). Inhibitor-positive
patients were slightly more likely to have a null mutation in the F'§ gene and slightly more likely to
use a recombinant FVIII product than inhibitor-negative patients, although these changes were not

significant (Table 1).

Table 1. Patient characteristics.

Inhibitor-negative Inhibitor-positive
(N=83) (N=39)
Age at first treatment (months)
Mean (SD) 20.7 (17.6) 17.6 (13.0)
Family history of inhibitor development
No 67 (80.7%) 31 (79.5%)
Yes 12 (14.5%) 4 (10.3%)
Unknown 4 (4.8%) 4 (10.3%)
F8 gene mutation (null vs. non-null)
Non-null mutation 15 (18.1%) 1 (2.6%)
Null mutation 67 (80.7%) 35 (89.7%)
Unknown 1 (1.2%) 3(7.7%)
F8 gene mutation (detailed)
Frameshift mutation 10 (12.0%) 7 (17.9%)
Intron 1 inversion 4 (4.8%) 0 (0%)
Intron 22 inversion 32 (38.6%) 20 (51.3%)
Large deletion 5(6.0%) 2 (5.1%)
Nonsense mutation 16 (19.3%) 6 (15.4%)
Missense mutation 8(9.6%) 0 (0%)
Splice site mutation 4 (4.8%) 1 (2.6%)
Non-null mutation, type unknown 3 (3.6%) 0 (0%)
Unknown 1 (1.2%) 3(7.7%)
FVIII product (type)
Recombinant FVIII product 39 (47.0%) 22 (56.4%)
Plasma-derived FVIII product 44 (53.0%) 17 (43.6%)

SD, standard deviation.

The mean number of unique peptides generated from each patient’s posttreatment samples was

356,365. After removing potential TUPs, the mean number of unique peptides generated for each
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patient decreased to 313,340. As shown in Supplemental Figure 1, both intra-assay and inter-assay
reproducibility started dropping when considering peptides with abundance <250 reads. Therefore,
only peptides found with abundance >250 in at least 1 sample were considered for further analyses.
This yielded 27,775 unique peptides that were identified as being FVIII mimotopes, with a median
number of 266 (range, 4-1101) peptides per patient. These 27,775 peptides were then clustered (as
described in “Methods”), which resulted in 223 clusters.

Location of clusters on FVIII

Using pairwise local alignment, 18 of 223 clusters were mapped with acceptable alignment to the

linear sequence of FVIIIL. Most of these clusters were mapped against the B domain (39%; Figure 1).
Of the 10 clusters that were mapped to parts of the linear sequence for which information on surface
accessibility was available, 9 were aligned to positions on FVIII that were partially surface accessible
(Table 2). All B-domain—aligned peptide clusters had nonzero mean peptide counts in patients using
a B-domain—deleted product. Furthermore, of the 7 peptide clusters that were aligned to the B domain,
4 peptide clusters had a higher mean peptide count among patients receiving treatment with full-

length FVIII than among patients receiving B-domain—deleted FVIIL. (Table 3).

Figure 1. Alignment of epitope motifs on the linear sequence of FVIII.
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The plot shows the alignment of 18 epitope motifs on the linear sequence of FVIIIL. The x-axis represents the
linear sequence of FVIII, from position 20 to 2351. The y-axis shows a count for each position of the FVIII

sequence. The count for each position was defined as the weighted sum of each cluster whose epitope motif
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was mapped to that position, using the peptide count of each cluster as weights. For example, if 2 clusters with
a peptide count of 20 and 10, respectively, were mapped to a given position, then the total score for that position
would be cluster 1 * 20 + cluster 2 * 10 = 30. The number of epitope motifs mapped to each domain, as a

proportion of all 18 aligned epitope motifs, is shown at the bottom of the figure.

Table 2. Linear alignment of mimotope clusters on FVIII

Mimotope Residue . No. of
. . Residue . surface-
core motif FVIII sequence Alignment number, Domain .
number, end accessible
sequence start .
residues*
nxRRPfflnsg LNSG LNSG 187 190 Al 0
glggli LPGLI L?GLI 261 265 Al 3
dPxqtll QTLL QTLL 316 319 Al 2
GLGqLL LGQFL LGQ?L 322 326 Al 4
ngkms NQIMS NQ?MS 583 587 A2 5
pdtppSxp PPSMP PPS?P 925 929 B NAT
txxKtxIxTxt TNRKTHI T?7KT 1028 1034 B NAT
Ppdixspp PPDAQNP PPD?77P 1105 1111 B NAT
KVFRxp KQFRLP K?FR?P 1335 1340 B NAT
VFRIpxtxt FRLP FRLP 1337 1340 B NAT
TxItRtls LTRVL LTR?L 1423 1427 B NAT
qNLsl NLSL NLSL 1461 1464 B NAT
ydkadnerarlg | YDEDENQSPR | YD??7N???R 1699 1708 other NAT
dRxeL.NmxxxIl RGELN R?ELN 1768 1772 A3 3
INEvLv LNEHL LNE?L 1771 1775 A3 3
hTnin HTNTLN HTN-LN 1878 1883 A3 4
kxDiLaxl KVDLLA K?D?LA 2091 2096 Cl 3
KxDssGP DSSG DSSG 2150 2153 Cl 3

SD, standard deviation.

*The number of surface-accessible residues for each alignment was calculated using the GETAREA algorithm,

as described in “Methods.”

+No information on surface-accessibility of B domain and some adjacent residues.
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Table 3. Mean peptide count (SD) of peptide clusters that were aligned to the B domain, stratified by
use of B-domain—deleted or full-length FVIIIL

B-domain—deleted FVIIL | c ) Jength FVIIL (n = 115)
m=7)

qNLsl 175 (56.0) 349 (543)
KVFRxp 405 (627) 383 (948)
Ppdixspp 63.6 (89.0) 59.2 (288)

TxltRtls 119 (248) 1160 (10 800)
txxKtxIxTxt 51.1(63.3) 304 (1790)
VFRIpxtxt 157 (391) 395 (1870)
pdtppSxp 27.7 (27.4) 291 (716)

SD, standard deviation.

Predictive value of clusters

Next, we constructed 2 statistical prediction models to assess the degree to which the presence of
these clusters in patients’ samples were able to predict inhibitor development. First, a LASSO logistic
regression model was fitted to all 223 clusters in the posttreatment patient samples. The fitted model
was then used to predict inhibitor development using the pretreatment patient samples. The C-statistic
was 0.78 (95% confidence interval, 0.69-0.86; Figure 2A). Model calibration was good because the
cumulative incidence of inhibitor development predicted by the model was roughly in line with the
observed incidence across the entire risk range (Figure 2C). Next, a random forest model was fitted
to all 223 clusters in the posttreatment patient samples. The fitted model was then used to predict
inhibitor development using the pretreatment patient samples. The C-statistic was 0.80 (95%
confidence interval, 0.72-0.89; Figure 2B). Model calibration was moderate, due to the model
somewhat overpredicting the observed cumulative incidence of inhibitor development in the lower-

risk range (Figure 2D).
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Figure 2. Evaluation of the degree to which the logistic regression model and random forest classifier

model can predict inhibitor development.
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Model discrimination (ie, the degree to which a model assigns a higher risk to an inhibitor-positive patient vs
an inhibitor-negative patient) was assessed by plotting ROC curves and by calculating the area under the curve
(AUC). The AUC varies between 0.5 (no discrimination) to 1 (perfect discrimination). (A-B) The ROC curves
of the LASSO logistic regression model and the random forest model are shown in (A) and (B), respectively.
Model calibration (ie, the degree to which the predicted cumulative incidence of inhibitor development
matched the observed cumulative incidence) was assessed using a calibration plot. For each quintile of
predicted cumulative incidence, we plotted the mean predicted cumulative incidence of inhibitor development
in a group against the observed cumulative incidence of inhibitor development in that group. In addition, we
plotted a LOESS (locally estimated scatterplot smoothing) line in the same figure to assess model calibration

across the full risk range. Ideally, all points should lie exactly on the diagonal line (which represents perfect
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agreement between predicted and observed values). (C-D) The calibration plots of the LASSO logistic

regression model and the random forest model are shown in (C) and (D), respectively.

There were 12 clusters that had a feature importance score in the 90th percentile in the random forest
model and were also part of the final LASSO logistic regression model (Table 4). Of these 12 clusters,
only 2 mapped with good alignment to the linear sequence of FVIII. These 2 clusters were mapped
to the A2 and A3 domain (Table 4). Ten of 12 clusters had a higher peptide count in inhibitor-positive
patients than in inhibitor-negative patients (Table 4). No clear differences were seen in the mean
peptide counts of the clusters when measured in patients treated with plasma-derived FVIII vs patients

treated with rFVIIL. (Table 5).

Table 4. Peptide clusters were used as predictors in both the logistic regression model and the random

forest classifier model.

Mean Number of
. Mean peptide count | PP tide Fold FVIII unique Peptide
ore motif . _ count in . s . count of
in INH™ group + change domain peptides in °
INH o cluster (%)
cluster (%)
group
kxPxstw 133 1826 13.70 i 24 (0.09%) (35176?2)
hntMels 38 119 3.10 - 11 (0.04%) (3)002?2)
hTnln 151 454 3.01 A3 48 (0.17%) (?)6169?2)
nqkms 140 365 2.60 A2 31(0.11%) (?)6169%
dxxYxlxm 438 1114 2.54 - 34 (0.12%) (?)3138§/§)
Yvntxxxt 193 475 2.46 - 11 (0.04%) (%50‘;2/2)
LtqM 159 302 1.90 - 31(0.11%) (?)1127§/30)
pQyxnxxk 454 738 1.63 - 51(0.18%) (32175%
sxnKP 325 483 1.49 - 53 (0.19%) (32155%
33105
WDVpPxxxxt 301 445 1.48 - 21 (0.08%) (0.09%)
KxxHyxk 459 459 1.00 - 15 (0.05%) (?)91112/30)
qTAKkMh 4l 40 0.96 - OIS | o

The total number of unique peptides was 27,775. Total peptide count was 35,452,858. The “-” indicates a lack

of good alignment on the linear sequence of FVIIL.
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Table 5. Mean count of peptide clusters, stratified by inhibitor status, F'§ gene mutation, and FVIII

product type.
Inhibitor status F8 Gene mutation* FVIII product
type
Inhibitor- | [MhiPitor- | Inhibitor- | Inhibitor- | o Wyl Nan | eFVIT | paFvITI
. positive, positive, positive, . .
negative o . . . mutation | mutation | product | product
(n=83) total (n= | low-titer | high-titer (n=16) | (n=102) | (n=61) | (n=61)
39) =15 | =24
Mean peptide
count (SD)
1830 4360 145 779 1190 164
lbxstw 1 133 (19) 1 o870y | (15800) | 403D | 119y | (6070) | (7850) | (196)
385 33.4 88.5 61.6 918 | 366
hntMels (4a8) | 119Q66) | 256G9%) | ooy | eay | (1390 | @12) | (61.5)
454 850 295 247 350 145
hTnin BLG2) | sa0) | 2370) | 20009 | (500 | (985) | (1260) | (345)
365 489 159 23 267 157
ngkms | 140(199) | o4y | 183N 1 1570y | 215) | (784) | 996) | (223)
438 1110 1530 332 717 889 420
doxWxbxm | gse0) | 3850y | PTG T ugsey | @a0) | @770y | 3140) | (1750)
492 185 299 286 280
Yvneoot | 193(290) | 47590 | 44862 | oo | ey | @19 | csm | o)
302 391 613 234 187 222
LigM 983 | ooy | PPCIO 1 1250y | 106y | (752 | 797) | (573)
454 738 1130 176 614 683 407
pQyxmaxk | g0 | qgo0) | 10USD | o340y | 189y | 560y | (1540) | (1320)
208 413 459 293
snKP | 325(674) | 483(858) | 717995) | 337746) | Son | 701 | (su%) | (o4
445 549 331 358 330 364
WDVpPxxxxt | 301 (464) (1130) 277 (277) (1430) (468) (791) (520) 917)
459 459 684 65.6 532 617 301
Kodyxk 1 3100y | assoy | 22U 2380y | (164) | (3030) | (3630) | (1510)
39.7 393 40.0 88.9 343 438 | 370
qTAkfh | 41.5(103) | g5 9 ©79) | (743 | (64) | 819 | (104) | (88.6)

SD, standard deviation.

*Four patients were excluded from this analysis as their F'§ gene mutation was unknown.
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Discussion:

We assessed the FVIII-specific epitope profile of 122 previously untreated patients with HA, using a
novel random peptide phage-display assay. Our results show that the apparent FVIII-specific antibody
response is highly polyclonal, with many different epitope motifs. Among the 18 epitope motifs that
were mapped to the linear sequence of FVIII, most of the mimotopes aligned with A1, A3, and B
domain sequences. Using information on the presence of these epitope motifs in patient samples, 2
statistical prediction models (developed on posttreatment samples and validated in pretreatment
samples) were found to be predictive for inhibitor development.

Seven of the 18 epitope motifs (39%) with good alignment to FVIII were mapped to the B domain.
It is important to note that the alignments were not confirmed in vitro (eg, by antibody-binding assays
using FVIII proteins with mutations at the relevant residues). All B-domain—aligned peptide clusters
had nonzero mean peptide counts in patients using a B-domain—deleted product. This provides
evidence against the hypothesis that the motifs of these peptide clusters truly represent targets of
antibodies that are highly specific to a linear epitope on the B domain. That being said, these results
are based on very small numbers because there were only 7 patients using a B-domain—deleted FVIII
product (all ReFacto).

Previous studies have suggested that antibodies against the B domain might be predominantly of the
non-neutralizing type,’**! because the B domain is not essential for the role of FVIII in blood clotting
and is cleaved off after FVIII is activated. We could not verify this in our data set because almost all
epitope motifs that were most important for inhibitor prediction (Table 4) did not map well to the
linear sequence of FVIIL.

In the past, several studies have tried to develop models to predict inhibitor development. Most of
these models were based on either clinical parameters (eg, the age of FVIII treatment initiation, the
type of FVIII product used, or the intensity of the first treatment moment with FVIII) or genetic
parameters (eg, family history of inhibitor development, the type of F'§ gene mutation, HLA type, or
gene polymorphisms in immunoregulatory genes such as IL10 or CTLA4).** Previously, a study in
the SIPPET cohort also assessed the predictive value of the presence of non-neutralizing antibodies
detected before treatment as part of a larger clinical prediction model for inhibitor development.*
None of the aforementioned prediction models were able to accurately predict inhibitor development.
In addition, some prediction models were only implementable after starting treatment with FVIIL, due
to the inclusion of treatment-related predictors (eg, information on treatment intensity can only be
obtained after a couple of days of exposure to FVIII). This limits the applicability of these models as

one would ideally want to have an idea about the risk of inhibitor development before FVIII treatment
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is initiated so that certain types of treatment modalities (eg, exposure to exogenous FVIII) can be
avoided. The models in this publication only use information on the pretreatment epitope repertoire
of the patient and can therefore be used before FVIII treatment initiation.

The presence of peptides that specifically bind to anti-FVIII antibodies in samples taken before
treatment with FVIII might seem unexpected at first glance. However, several studies have reported
the presence of non-neutralizing anti-FVIII antibodies in healthy controls.** In addition, a previous
study using pretreatment samples of the current cohort reported that ~10% of patients had measurable
anti-FVIII antibodies.* This suggests that natural autoreactivity against endogenous FVIII is
relatively common in patients as well as healthy controls. Another hypothesis could be that the
detected antibodies were not initially directed against FVIII but were the result of previous exposure
to a pathogen (eg, a bacteria or virus) that contained a similar epitope. This cross-reactivity of the
antibody response has been previously reported in several autoimmune disorders.* Our results
indicate that the presence of anti-FVIII antibodies before treatment with FVIII might be a risk factor

for inhibitor development in a subset of patients.

Limitations:

This approach has some limitations. Firstly, it has been shown that only a handful of contact residues
within an epitope make a significant contribution to antibody binding.*’ In this study, we tried to
identify these residues by clustering highly similar FVIII mimotopes and generating a consensus
motif. Using alanine walk mutational analysis, the study by Kahle et al*! showed that there was
reasonable agreement between a given consensus motif and the crucial binding residues of an epitope.
Therefore, the consensus motifs derived from the multiple sequence alignment of each cluster of
peptide sequences can, in theory, be considered to be potential epitope motifs. However, the accuracy
of this approach is unknown, and further verification is needed to identify the exact residues involved
in binding to an antibody.

Secondly, the final epitope motifs were mapped to FVIII by aligning the motifs to the linear sequence
of FVIIL. However, it has been reported that the majority of B-cell epitopes are conformational*®+’
(although the exact proportion of B-cell epitopes purported to be conformational is unknown). In this
case, clustering based on sequence similarity might yield the correct conformational epitope motif,
but the linear alignment procedure will produce faulty alignment. An alternative approach would
involve mapping the epitope motifs to the 3-dimensional structure of FVIIIL, using an in-silico
approach. However, a recent study that assessed a set of B-cell epitope prediction algorithms against

a benchmark data set reported that all algorithms performed relatively poorly at mapping a potential
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epitope to the right location on an antigen.’® That being said, knowing the correct location of these
putative B-cell epitopes is not needed if the goal is only to predict inhibitor development.

We removed all peptides that were predicted to be target unrelated (based on software exploiting
publicly available repositories**) from the final peptide database. However, the residual impact of
TUPs that were not removed from the database on the results is difficult to quantify. In addition, some
peptides can bind to both elements of assay as well as an IgG antibody (ie, they can be classified as
both target-unrelated and target-related peptides). By removing these peptides, we might have
inadvertently also removed some important peptides from the initial database.

From the output of the assay, only peptides with a count >250 were selected; this resulted in a much
smaller data set. The cutoff was based on the intra-assay and inter-assay replicability (supplemental
Figure 1). It is possible that many peptides that were the target of a FVIII-specific antibody were
removed in this step.

Lastly, our analysis of the immune response did not include nonpeptidic epitopes (such as the glycans
present on the surface of FVIII). One difference between rFVIII and pdFVIII is in their respective
glycosylation patterns.’! Unfortunately, our approach does not allow for the assessment of the impact

of differing glycosylation patterns on immunogenicity.
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Conclusion:

Two statistical models, developed on data from a novel random peptide phage display assay, were
used to predict inhibitor development before exposure to exogenous FVIII. These models can be used
to set up diagnostic tests that predict the risk of inhibitor development before starting treatment with

FVIIL
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Abstract:

Previous exposure to a pathogen may induce inhibitor development during later exposure to FVIII
due to sequence similarity between the organism and factor VIII (FVIII). Aim of this study is to assess
if FVIII-specific B-cell epitopes share sequence similarity with pathogen-derived linear B-cell

epitopes.

The population consisted of 39 inhibitor-positive and 83 inhibitor-negative patients with severe
haemophilia A that were followed-up for 50 days of exposure to FVIII. A random peptide phage-
display library assay was used to identify a set of 12-mer linear peptide sequences with high affinity
for FVIII-specific antibodies (i.e. FVIII mimotopes). Using a custom method, these FVIII mimotopes
were screened against pathogen-derived linear B-cell epitopes reported in the Immune Epitope
Database (IEDB). The presence of a common sequence motif among FVIII mimotopes was assessed
using the MEME algorithm and their predictive value was assessed using the C-statistic. No B-cell
epitope was significantly overrepresented (in terms of alignment) among FVIII mimotopes. The most
common pathogens from which the top 10 linear B-cell epitopes were derived were human
gammaherpesvirus 4 (3x), human herpesvirus 5, human betaherpesvirus 6B, Plasmodium vivax,
Dengue virus type 2, hepatitis B virus, human T-cell leukaemia virus type I and trypanosoma cruzi.
No strong epitope motif was found among mimotopes aligned to the top 10 B-cell epitopes and their
presence in pre-treatment samples was not strongly predictive of inhibitor development (C-statistic:

0.58, 95%CI: 0.47-0.70).

There was no evidence of molecular mimicry between a set of FVIII mimotopes and pathogen-

derived linear B-cell epitopes reported in the IEDB.
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Introduction:

Recent advances in the treatment of patients with haemophilia A (HA) have greatly improved clinical
outcomes and quality of life. Nevertheless, one of the greatest treatment complications in severe HA
is still the development of anti-factor VIII (FVIII) alloantibodies that neutralize FVIII (also called
inhibitors). At least one third of patients treated with FVIII replacement therapy develop an inhibitor
during the first 20-30 days of exposure to FVIII (EDs)®, making treatment with FVIII ineffective.
This in turn leads to increased morbidity and mortality among these patients.®

This complication is the result of a multi-causal immune response involving both patient- and
treatment-related factors. 8 The type of FVIII product is one of the most important risk factors for
inhibitor development, with the SIPPET randomised clinical trial showing that patients treated with
recombinant FVIII (rFVIII) have an almost twofold higher risk of developing an inhibitor than those
treated with plasma-derived FVIII (pdFVIII) products.’ The pathophysiological mechanism behind
this increased immunogenicity remains unknown. Some plausible biological explanations have been
postulated, such as the different post-translational modifications caused by the use of different cell
lines during the manufacturing process of rFVIII products and the protective role played by proteins
such as Von Willebrand factor (VWF) in pdFVIII products. '°

FVIII seems to be more immunogenic than other biologicals®?, even compared to other clotting factor
products such as factor IX. A previous study showed that a proportion of patients with severe
haemophilia A already have circulating anti-FVIII antibodies before exposure to exogenous FVIIL*
Furthermore, a proportion of healthy patients also seem to develop FVIII-specific antibodies.** This
high level of immunogenicity cannot be explained by already known genetic- and treatment-related
factors.’

It has been reported that exposure to certain infectious agents is an important risk factor for the
development of certain autoimmune disorders. (e.g. Guillain-Barre syndrome, multiple sclerosis,
diabetes type 1 and several rheumatic diseases).*® One important mechanism by which these
infectious agents may elicit an autoimmune response is due to sequence similarity between antigens
present in an organism and self-antigens.

Up to now, no studies have assessed the phenomenon of molecular mimicry in patients with
haemophilia. Therefore, the aim of this study was to use a novel high-throughput epitope mapping
technique based on a random peptide phage-display method in order to assess if previous exposure to

infectious agents increases the risk of inhibitor development in patients with haemophilia.
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Methods:

Patient population

Study samples were obtained from patients enrolled in the SIPPET trial, which was designed to
investigate the immunogenicity of different FVIII products in patients with severe haemophilia A
who were previously untreated with any FVIII concentrates (PUPs) or minimally treated with blood
components.” Samples from 122 patients were used for this study. These patients were treated with 8
different FVIII products (4 pdFVIII products and 4 rFVIII products). Inhibitor development was
measured using the Bethesda assay with Nijmegen modification.? Thirty-nine out of 122 individuals
developed an inhibitor.

One sample of citrated plasma was collected at baseline (T0) and two samples at the end of the study
(EOS). As previously described’, in inhibitor-positive patients the end of the study was the time of
inhibitor development. In inhibitor-negative patients the study ended when the patient reached 50
EDs or after three years of follow-up (whichever came first).

Approval for this study was obtained from the medical ethics committee at each study centre and

informed consent was obtained from all parents/guardians of patients.

Mimotope-variation analysis

Assay set-up

The total IgG epitope repertoire was assessed using mimotope-variation analysis (MVA), a next
generation phage display method. (Protobios, Tallinn). 3> MVA was conducted as previously
described. Briefly, 2 ul of plasma was incubated with 5 pl of phage library (~5 x 10'° phage
particles, derivative of Ph.D.-12, NEB, UK) overnight at +4 °C. The human immunoglobulin G
(IgG)-captured phages were pulled down by protein G-coated magnetic beads (NEB, S1506S). Phage
DNA was extracted, enriched and samples were barcoded by PCR amplification. Pooled samples
were analysed by Illumina sequencing (50-bp single end read, Genohub, USA). The resulting DNA
sequences were in silico translated to 12 amino acid (aa) long peptide sequences. To correct for
differences in sequencing depth among the samples, the total count of each unique peptide sequence
per sample was normalized in its counts per three million.

The resulting output consisted of a database of 12-mer peptide sequences with varying degrees of
affinity for IgG antibodies. These peptide sequences are often referred to in the literature as
“mimotopes”, since they may mimic the true epitope of an antibody.

Two versions of the assay were performed, the standard MVA assay (described above) and a

competition assay. In the MV A competition assay, different factor VIII products (Alphanate (Grifols),
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Fanhdi (Grifols), Emoclot (Kedrion Biopharma), Factane (LFB), Advate (Baxalta), Kogenate FS
(Bayer AG), ReFacto AF (Pfizer), Recombinate (Baxalta)) were used to
precondition study samples before competition analyses. In detail, respective FVIII products (final
concentration: 3 uM) were incubated with 2 pl of plasma for 2 hours at room temperature before

proceeding with the MV A assay as described above.

Filtering steps
Removing peptide sequences with low counts

Firstly, peptide sequences with a count of <20 were filtered out before any further analyses.

Removal of target unrelated peptides (TUPs)

Next, target-unrelated peptides (TUPs) were removed from the dataset. These are false-positive
results caused by peptide sequences binding to materials and reagents used in the assay (for example,
plastic surfaces, albumin), or by faster propagation of some phage clones, resulting in a higher peptide
count for some peptide sequences. To minimize the effect of these TUPs, we removed all peptide
sequences that were predicted to be TUPs using the SAROTUP software.** Briefly, known TUPs
were filtered out exploiting the TUPscan and the mimosearch algorithms. Peptides with a high
likelihood (P>0.8) to bind to polystyrene, as assessed by the PSBinder algorithm, were also filtered
out.

Removal of peptide sequences present in negative controls

Samples from three controls were also analysed. Controls were patients with haemophilia that were
not ELISA-positive for FVIII-specific antibodies during the first 50 days of exposure to FVIIIL.

Peptide sequences found in samples of these patients were removed from the entire dataset.

Identification of peptide sequences with high affinity for FVIII specific antibodies (FVIII

mimotope sequences)

We then selected the peptide sequences with a positive count in the end-of-study sample in which the
standard MV A assay was performed and a count of zero in the end-of-study sample in which the
MVA competition assay was performed (which was depleted of FVIII-specific antibodies) for further
analyses. For each patient, we then selected the 5 remaining peptide sequences with the highest count
in the end-of-study sample in which the standard MV A assay was performed. These sequences will

be referred to as FVIII mimotope sequences.
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Identification of FVIII mimotope sequences with good alignment to FVIII

These FVIII mimotope sequences were then aligned (ungapped alignment) against the linear
sequence of a B-domain deleted FVIII molecule 37 (PDB ID: 3CDZ) using standard local pairwise
alignment (using the Smith-Waterman algorithm) to identify FVIII mimotope sequences with high
similarity to the linear sequence of FVIIL. The degree to which a given residue on FVIII was surface
accessible was calculated using the GETAREA algorithm 6 using as input the crystal structure of the
aforementioned B-domain deleted FVIII molecule 37 (PDB ID: 3CDZ). Based on the literature[22], a
relative solvent accessibility of > 20% was used a cut-off for defining whether a residue was buried
or not. FVIII mimotope sequences that were aligned to positions on FVIII that were completely buried
(i.e. surface inaccessible) were removed from the analysis, leaving only FVIII mimotope sequences

mapped to positions on FVIII with at least one surface accessible residue.

Construction of B-cell epitope database

From the Immune Epitope Database, which is a repository for data generated from experimental
studies on B- and T-cell epitopes >3, we extracted all linear B-cell epitopes derived from antigens on
bacteria, viruses, helminths, protozoan parasites or fungi. (extracted March 3%, 2021) Discontinuous

B-cell epitopes were not included.

Screening method

We then aimed to identify epitope motifs that were present in both the FVIII mimotope sequences
and the linear B-cell epitopes present in the IEDB database. One approach could be to first cluster the
FVIII mimotope sequences based on sequence similarity[24]. Each cluster would then consist of a
multiple sequence alignment of highly similar FVIII mimotope sequences. A consensus sequence
(which can be interpreted as the epitope motif) could then be generated from each cluster, and the
IEDB linear B-cell epitope database could then be searched for these motifs. This approach hinges
upon first identifying clusters that yield a clear consensus sequence, which is not always the case.
Therefore, we tried to identify epitope motifs that were present in both the FVIII mimotope sequences
and the linear B-cell epitopes present in the IEDB database using an alternative approach. (also
described in Figure 1)

First, each linear B-cell epitope in the IEDB database was fragmented into every possible 12-mer
fragment using a sliding window approach. (Figure 1A) Next, each FVIII mimotope sequence was
aligned against each IEDB B-cell epitope fragment and the number of matching residues was

calculated. The same was also done a for a set of randomly generated 12-mer peptide sequences.
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(Figure 1B) For each IEDB B-cell epitope fragment, we then calculated the total number of FVIII
mimotope sequences with at least 4 matching residues to that IEDB B-cell epitope fragment and the
total number of randomly generated sequences with at least 4 matching residues to that IEDB B-cell
epitope fragment. (Figure 1C) Fisher’s exact test was used to determine if the proportion of peptide
sequences with at least 4 matches to an IEDB B-cell epitope fragment was significantly higher among
the FVIII mimotope sequences compared to the randomly generated peptide sequences. Bonferroni’s
correction was applied to correct for the multiple testing problem. (Figure 1D) We then selected the

top 10 IEDB B-cell epitope fragments for further analysis.

Figure 1. Mapping strategy used to identify linear B-cell epitopes derived from the IEDB sharing

sequence similarity with FVIII mimotope sequences derived from a phage display experiment.

A linear B-cell epitope from the IEDB
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Figure legend: Figure 1 shows the mapping strategy used to identify linear B-cell epitopes derived from
antigens on bacteria, viruses, helminths, protozoan parasites or fungi found in the Immune Epitope Database
(IEDB) sharing significant sequence similarity with a set of 12-mer linear peptide sequences derived from a
phage display experiment that are known to be bound by FVIII-specific antibodies (i.e. FVIII mimotope

sequences). First, each linear B-cell epitope in the IEDB database was fragmented into every possible 12-mer
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fragment using a sliding window approach. (A) Next, each FVIII mimotope sequence was aligned against each
IEDB epitope fragment and the number of matching residues was calculated. The same was also done a for a
set of randomly generated 12-mer peptide sequences. (B) For each IEDB epitope fragment, we then calculated
the total number of FVIII mimotopes sequences/randomly generated sequences with at least 4 matching
residues to that IEDB epitope fragment. (C) Fisher’s exact test was used to determine if the proportion of
peptide sequences with at least 4 matches to an IEDB epitope fragment was significantly higher among the
FVIII mimotope sequences compared to the randomly generated peptide sequences. Bonferroni’s correction

was applied to correct for the multiple testing problem. (D)

Generation of the epitope motif

Next, for each of these 10 IEDB B-cell epitope fragments, a peptide motif was generated from the set
of peptide sequences that had least 4 matches to that epitope fragment using the MEME algorithm. >

Evaluating the predictive value of selected FVIII mimotope sequences

Next, we assessed if each set of FVIII mimotope sequences mapped to a given B-cell epitope fragment
could predict inhibitor development. This was done in two ways.

Firstly, we fitted a logistic regression model to model the relationship between the pre-treatment
sample count of the FVIII mimotope sequences mapped to the top 10 B-cell epitopes and the risk of
inhibitor development. Separate models were fitted for each FVIII mimotope sequence and the
predictive value of the models was generated by calculating the C-statistic of each model.

Secondly, to identify the FVIII mimotope sequences that were most important for predicting inhibitor
development, we fitted a model to the data consisting of all FVIII mimotope sequences combined.
Variable selection was done by fitting a logistic regression model with L2 regularization (also called
“ridge regression”) to the data. The final value of the regularization parameter was chosen using k-
fold cross-validation. The model was first fitted to the post-treatment samples and then validated on
the pre-treatment samples. The predictive value of the model was generated by calculating the C-

statistic.

Visualization of alignment location of mimotope sequences

Lastly, the location of all mimotope sequences that mapped to any of the top 10 B-cell epitope
fragments that also had good alignment against FVIII (defined as having at least 4 matching residues

against the linear sequence) was shown visually using VMD.

39



Results:

Patient characteristics

For this analysis, 39 patients who were inhibitor-positive were selected. The mean age of this group
at the time of initiation of treatment with FVIII was 17.6 months (SD: 13.0). Most patients (89.7%)
had a non-null mutation in the F§ gene. Among patients with a non-null mutation, roughly half of
them had an intron-22 inversion. Furthermore, roughly half of patients (56.4%) were treated with
recombinant FVIII while the other group (43.6%) was treated with plasma-derived FVIIL. (Table 1)

Table 1. Patient characteristics.

Inhibitor-negative Inhibitor-positive
(N=83) (N=39)
Age at first treatment (months)
Mean (SD) 20.7 (17.6) 17.6 (13.0)
Family history of inhibitor development
No 67 (80.7%) 31 (79.5%)
Yes 12 (14.5%) 4 (10.3%)
Unknown 4 (4.8%) 4 (10.3%)
F8 gene mutation (null vs. non-null)
Non-null mutation 15 (18.1%) 1 (2.6%)
Null mutation 67 (80.7%) 35 (89.7%)
Unknown 1(1.2%) 3(7.7%)
F8 gene mutation (detailed)
Frameshift mutation 10 (12.0%) 7 (17.9%)
Intron 1 inversion 4 (4.8%) 0 (0%)
Intron 22 inversion 32 (38.6%) 20 (51.3%)
Large deletion 5 (6.0%) 2 (5.1%)
Nonsense mutation 16 (19.3%) 6 (15.4%)
Missense mutation 8 (9.6%) 0 (0%)
Splice site mutation 4 (4.8%) 1 (2.6%)
Non-null mutation, type unknown 3 (3.6%) 0 (0%)
Unknown 1(1.2%) 3(7.7%)
FVIII product (type)
Recombinant FVIII product 39 (47.0%) 22 (56.4%)
Plasma-derived FVIII product 44 (53.0%) 17 (43.6%)

After applying the phage display method to samples from these 39 inhibitor-positive patients, the
total number of unique peptide sequences generated was 33,068,599. The median number of unique

peptide sequences per patient sample was 215,263 (range: 88,009-1,116,682). After filtering out
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peptide sequences with a peptide count lower than 20, peptide sequences that were also found in
control samples, and peptide sequences with a high likelihood of being target-unrelated, 3,020,449
unique peptide sequences (9.1% of the initial dataset) were left. Next, we selected the 5 peptide
sequences that were most likely to be targets of FVIII-specific antibodies for each patient (i.e. FVIII
mimotope sequences) as described in the methods section which resulted in 195 FVIII mimotope
sequences being left (0.00059% of the initial dataset). These 195 FVIII mimotope sequences were
aligned against the linear sequence of FVIIIL. Of the 195 FVIII mimotope sequences, 157 were not
completely surface-inaccessible. (0.00047% of the initial dataset) These FVIII mimotope sequences

were used for further analyses.

Selection epitopes of interest using screening method

The remaining 157 FVIII mimotope sequences were then screened against the database of epitopes
extracted from the Immune Epitope Database (IEDB) website. The database contained 35,185 B-cell
epitopes, of which 34,866 were unique. The screening method is described in Figure 1. Among the
top 10 B-cell epitopes (based on their unadjusted P-value), the most common organisms from which
the B-cell epitopes were derived were human gammaherpesvirus 4 (3x), human herpesvirus 5, human
betaherpesvirus 6B, Plasmodium vivax, Dengue virus type 2, hepatitis B virus, human T-cell
leukaemia virus type I and trypanosoma cruzi. Since no B-cell epitope was statistically significantly
overrepresented among FVIII mimotope sequences compared to the randomly generated peptide
sequences after correcting for multiple testing, we selected the top 10 B-cell epitopes with the smallest

unadjusted P-values for further analyses.

Generating an epitope motif for sets of FVIII mimotope sequences

For each set of FVIII mimotope sequences that was mapped to one of the 10 B-cell epitopes selected
previously, we generated an epitope motif. (Figure 2) We found different epitope motifs for each set

of FVIII mimotope sequences. In addition, none of the epitope motifs showed a very strong signal.

Evaluating the predictive value of selected FVIII mimotope sequences

We then assessed the predictive value of the FVIII mimotope sequences that were mapped to the top
10 B-cell epitopes using two different modelling approaches. As a control group for these analyses,
we used 83 inhibitor-negative patients. (see Table 1 for patient characteristics of the control group)

Firstly, we evaluated the predictive performance of each individual FVIII mimotope sequence

(measured in the pre-treatment samples) for inhibitor development using logistic regression. There
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were 45 FVIII mimotope sequences that were mapped to one of the 10 B-cell epitopes. Of these, 8
were not present in any of the pre-treatment samples and were therefore excluded from further
analyses. The predictive value of the remaining 37 FVIII mimotope sequences, measured using the
C-statistic, varied

from 0.50 to 0.54.

Next, we evaluated if a logistic regression model containing of all the FVIII mimotope sequences
mapped to the 10 B-cell epitopes would have good predictive power. Ridge regularization was used
to minimize overfitting. The C-statistic of this model (with 37 predictors) was 0.73 (95%CI: 0.62-
0.83) in the post-treatment samples. (Figure 3) The fitted model was then validated in the pre-
treatment samples. The C-statistic in the post-treatment samples was 0.58 (95%CI: 0.47-0.70).
(Figure 3) Of these 37 mimotope sequences, 13 had good alignment against the linear sequence of
FVIII (which was defined as at least 4 matching residues in the alignment). The alignment location

of these mimotope sequences on FVIII are shown in Figure 4.
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Table 2. Top ten organisms containing B-cell epitopes deposited in the IEDB database with sequence

similarity to FVIII mimotope sequences derived from the phage-display experiment.

score of score of
FVIII- randomly Adjusted
. . . 12-mer . P-
Organism Antigen Epitope associated | generated s P-
Fragment value -
sequences | sequences value
* *
Human gamma STPERPGPS ERPGPSK
herpesvirus 4 EBNA-3C KQPSEP QPSEP 8 0 3.57e-03 !
Human gamma EEAQSTPER | EAQSTPE
herpesvirus 4 EBNA-3C PGPSKQ RPGPS 7 0 7.30e-03 !
. QMEGFQKQ
Plasmodium hyg‘r’gtl:i?fal LDRLSDSLS | QKQLDRL ; 0 7 300.03 1
vivax Sal-1 PVX 081792 KIQKALGE SDSLS
- YL
Human
herpesvirus 5 | HCMVUL50 | AGGAAAGP [ GAAAGPR 6 0 1.49¢-02 1
. RPPPPPM PPPPP
strain AD169
Dengue virus 2
. Genome ALCEALTL EALTLAT
Thailand/NGS- . 6 0 1.49¢-02 1
C/1944 polyprotein ATGPISTLW GPIST
Major surface | ASTNRQSG
Hepatitis B virus antigen RQPTPISPPL GR&IE{PIS 6 0 1.49e-02 1
precursor RDSHPQ
Human T-cell DISQLTQAI
leukemia virus envelope | yenpNLy, | QATVENH 6 0 1.49¢-02 1
glycoprotein KNLLK
type 1 K
DNA
Human beta polymerase I])“]I?Iép?é\[;];g QLALKTT 6 0 1.496-02 1
herpesvirus 6B catalytic VT CNSVY ’
subunit
Human gamma | CPSEIn-Bar 1 powonrisw | EPWQPLS
herpesvirus 4 nuclear PHETRVI WPHET 6 0 1.49¢-02 !
antigen 4
Trypanosoma surface
. . . FGQAAAGG | QAAAGG
cruzi strain CL antigen 2 6 0 1.49e-02 1
Brener (CA2) KPSPFGQ KPSPFG

*The alignment procedure is described in Figure 1. Hypothesis testing was done using Fisher's exact test.

Adjustment for multiple testing was done using the Bonferroni correction method.
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Figure 2. Epitope motifs identified in each set of FVIII mimotope sequences mapped to a linear B-

cell epitope.
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Figure legend: An epitope motif was generated for each set of peptide sequences that had at least for 4
matching residues for one of the 10 B-cell epitope fragments shown in Table 2. The fragment on which each
subfigure was based is shown to the left of each figure. Motif search was performed using MEME version

54.1.
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Figure 3. ROC plot of regression model containing 37 FVIII mimotope sequences as predictors.
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Figure 4. Location of mimotope sequences on a B-domain deleted FVIII (PDB ID: 3CDZ).

Front

Back

Epitope _ A2 domain

45



Discussion:

This is, to our knowledge, the first study to directly assess the role of molecular mimicry in inhibitor
development in patients with congenital haemophilia A.

A novel next generation sequencing phage display method was used to assess the total IgG repertoire
of 39 patients with haemophilia who developed neutralizing antibodies against FVIII in the first 50
days of treatment with FVIIIL. From this assay, we identified a set of FVIII mimotope sequences. We
then applied a custom screening method to assess if there was any sequence similarity between the
set of FVIII mimotope sequences and a dataset of linear B-cell epitopes downloaded from the Immune
Epitope Database. No B-cell epitope was statistically significantly overrepresented among the FVIII
mimotope sequences derived from the experiment when compared to the randomly generated peptide
sequences.

Further analyses on the FVIII mimotope sequences matched to the top 10 most significantly
overrepresented B-cell epitopes showed that there was no strong epitope motif present. Furthermore,
the presence of these FVIII mimotope sequences in pre-FVIII exposure samples (both individually
and as a group) seemed not to be strongly predictive of inhibitor development after exposure to FVIIL.
Results from other studies

There are very few studies that have investigated the link between infection with a pathogen and
inhibitor development in patients with congenital haemophilia. One recent study found no significant
difference in the proportion of patients with an inhibitor in HCV-positive patients (N = 58), compared
to HCV-negative patients (N = 96). 3 However, it was unclear whether HCV infection preceded
inhibitor development. As of yet, no other studies have directly assessed the relationship between a
pathogen and inhibitor development.

Several case reports have linked cases of acquired haemophilia with infections such as Mycoplasma

36, Streptococcus pneumoniae >’ ,human herpesvirus 4 (Epstein-Barr virus) %

pneumonia
,Helicobacter cinaedi >° , Hepatitis C 696!, Hepatitis B 2, SARS-CoV-2 ¢, HIV %, Cytomegalovirus
65 ’human alphaherpesvirus 3 (Herpes Zoster) % , Human Herpesvirus 8  , Influenza A ¢’ and
Escherichia coli " and Parvovirus B19 % . Due to the rarity of acquired haemophilia, and the lack of
controls in these studies (they were all case reports), identifying the causative agent is very difficult
and many of the pathogens listed above are more than likely to be completely unrelated to the disease.
Interestingly, some of the pathogens reported in those previous case-reports seem to be part of the
herpesviridae family. In our study, 5 of the top 10 B-cell epitopes were derived from viruses in the
Herpesviridae family; namely human gammaherpesvirus 4 (found 3x), human herpesvirus 5 and

human betaherpesvirus 6B. Several viruses in this family have been reported to be associated with

auto-immune disease, especially human herpes virus 4 (Epstein-Barr virus).
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Limitations:

The FVIII mimotope sequences we identified were linear and were screened against a set of linear B-
cell epitopes. However, the majority of B-cell epitopes seem to be conformational and not linear. 7%-7!
Therefore, if there is any molecular mimicry between certain antigens on pathogens and FVIII and if
this is due to similarity of conformational parts of the antigen and FVIIIL, then our approach will not
be able to identify these epitopes.

Furthermore, this approach only focused on sequence similarity with linear B-cell epitopes deposited
in the IEDB. The advantage of this approach is that the sequences deposited in the IEDB are already
known to be immunogenic. The downside is that approach precludes evaluation of organisms not
present in the IEDB.

Lastly, this approach is focused on amino acid epitopes. If there is some similarity between
carbohydrate epitopes on foreign antigens derived from pathogens and FVIII, then this approach

wouldn’t be able to find these epitopes.
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Conclusion:

There was no evidence of molecular mimicry between a set of FVIII mimotopes obtained from a
novel random peptide phage-display library assay and linear B-cell epitopes from a set of pathogens

obtained from the IEDB.
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Abstract:

Haemophilia A (HA) is a hereditary X-linked haemorrhagic disorder. Following the first
treatment with exogenous FVIII, one-third of patients with severe HA develop anti-FVIII
antibodies (inhibitors), which render treatment ineffective. Recent findings underlined the
critical role of DNA methylation in several autoimmune diseases by altering gene expression
profiles. This study was designed to evaluate potential differences in DNA methylation profiles
of HA patients who develop inhibitors against FVIII and those who do not, with the aim of
identifying immune-regulatory genes that may contribute to the risk of inhibitor formation. In
this study, we aimed to understand whether CpG sites are differentially methylated in
peripheral blood mononuclear cells (PBMCs) of HA patients could have a role in inhibitor
development, to better understand the biological pathways that lead to inhibitor development.
A case-control study was performed using 45 inhibitor-positive HA patients and 67 inhibitor-
negative HA patients from the SIPPET study cohort. Enrichment bisulfite sequencing was
performed on DNA samples from PBMCs of HA patients and differentially methylated CpG
sites (DMCs) were identified with bioinformatic approach.Overall, information on 621,121
CpG sites was obtained. 2,772 sites were significantly differentially methylated (unadjusted P-
value < 0.05). Association of CpG sites to a few genes involved in active immune response
(JAKI, CDIC, PIGR, TOLLIP, BLNK, CD44, IL23R, IFNLRI, SOCS2, TLRI, etc.) was seen
in inhibitor-positive patients but it did not indicate pathways associated with inhibitor
development.

DMCs were identified in PBMC samples from HA patients with inhibitors. However, our data

could not confirm the role of these CpG sites affecting immune regulatory pathways.

50



Introduction:

Haemophilia A (HA) is a recessive X-linked haemorrhagic bleeding disorder caused by
mutations in the '8 gene. HA patients suffer from spontaneous bleeding manifestations within
muscles, joints, and sometimes vital organs caused by the absence or defect in coagulation
factor VIII (FVIII). To manage and prevent bleeding episodes in haemophilia A patients,
exogenous FVIII concentrates are commonly administered as a standard replacement therapy.®
Although this treatment has significantly improved the quality of life for patients, following
the treatment with exogenous FVIII, a major challenge arises in the development of
neutralising antibodies, known as inhibitors, against the administered FVIIL. Despite the
significant advancements in haemophilia management, roughly one-third of patients with
severe HA develop anti-FVIII antibodies (inhibitors) during the first 50 exposure days to FVIII
concentrates that render treatment ineffective.”

The development of inhibitors in haemophilia A patients remains a complex and poorly
understood phenomenon. It is a multifaceted process with intricate involvement between
genetic factors and external environmental factors. Several genetic risk factors (for instance the
type of F'§ gene mutation, family history, HLA type, and variants in immune-related genes e.g.
IL-10), as well as treatment-related risk factors (such as the source of FVIIL® and the intensity
of FVIII treatment at first exposure), have been discussed 73 as triggers of the immune response
against FVIII in some HA patients. Lacroix-Desmazes et al highlights mechanisms driving
inhibitor development, including innate and adaptive immune responses, and strategies to
induce immune tolerance, such as immune tolerance induction (ITI) therapy and innovative
approaches like engineered FVIII products or tolerogenic nanoparticles.!” However, the main
causal pathways and additional causal factors leading to inhibitor development remain
unknown.

The cellular immune response against FVIII is complex involving both T-cell and B-cell
response. Studies also exhibit the vital role of activated T cells in the memory B-cell response
to FVIII and the requirement of direct T-cell contact to re-stimulate these cells.”* Recent studies
have suggested that genetic factors, environmental influences, and immune responses play
pivotal roles in shaping this phenomenon.!%”> However, one emerging epigenetic mechanism
that has gained attention in various diseases is DNA methylation.

DNA methylation modification is characterised by the addition of a methyl group to cytosine
residues by DNA methyltransferases (DNMTs) enzymes, which play a critical role in gene

expression regulation. Changes in DNA methylation patterns are linked with immune
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dysfunction and autoimmune disorders exhibiting improper gene expression. It has been
demonstrated in several studies that immune components like CD4+ T cells and co-stimulatory
molecules undergo epigenetic modifications and play a crucial role leading to dysfunction and
regulation issues in cellular immune system in systemic autoimmune rheumatic diseases.’”® In
patients with systemic lupus erythematosus (SLE) studies have described hypomethylation of
neutrophils and granulocytes, especially at the gene locus of the interferons MX1 and IF144.7
In rheumatoid arthritis, early methylation studies revealed that patients’ T-cells, similar to SLE,
are characterised by global hypomethylation.’”

Studies involved in the association of the role of DNA methylation in inhibitor development
are limited. In haemophilia research, only one non-peer-reviewed study, published on a preprint
server in 2019, has assessed the effect of changes in methylation on inhibitor development.®°
This study found that a differentially methylated CpG site (DMC) in the /L4 gene was
associated with inhibitor development. However, the study only assessed the methylation status
of thirteen CpG sites in several regulatory regions that were previously shown to be associated
with inhibitor development.

Our current study seeks to identify DNA regions in peripheral blood leukocytes that are
differentially methylated in patients with and without an inhibitor, using a genome-wide
approach, and understand how DNA methylation may influence inhibitor development in
haemophilia A patients undergoing FVIII replacement therapy. By utilising next-generation
sequencing methods we intend to investigate the functional implications of differentially
methylated genes, allowing us to gain a deeper understanding of the underlying biological
pathways contributing to inhibitor development and possibly to identify biomarkers that could

predict the occurrence of inhibitor development.
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Methods:

Sample Population

DNA samples of 111 patients were obtained from the Survey of Inhibitors in Plasma-Product
Exposed Toddlers (SIPPET) randomised trial.® SIPPET study was performed on previously
untreated patients (PUPs) or minimally treated patients suffering from severe HA (FVIII<0.01
IU mL—1). Minimally treated patients were the patients that received blood components as a
form of treatment for <5 times, were not treated with investigational drugs and tested negative
for FVIII inhibitors.” Administration of either plasma-derived FVIII or recombinant FVIII as
replacement therapy was randomly assigned to each patient. Follow-up on these patients was
done for 50 exposure days or 3 years for patients that did not develop inhibitors. For inhibitor-
positive patients end of study was considered when inhibitor development was confirmed.
Among 111 patients, 45 were inhibitor-positive (cases) and 66 were inhibitor-negative
(controls). For this study DNA samples were obtained from end of study samples of citrated

plasma stored at -80°C.

Sample preparation

Genomic DNA was extracted from peripheral blood leukocytes (PBMCs). 2ug of high-quality

genomic DNA was used for methylation assay.

Methylation assay

Target enrichment bisulfite-sequencing was performed using Agilent SureSelectXT Human
Methyl-Seq assay. Genomic DNA was sheared into smaller fragments using the Covaris E-
series system. The recommended methyl-Seq protocol and specific enzymes were used to
repair the ends, adenylate the 3 ends, and ligate methylated adaptors. Genomic DNA library
hybrids were prepared. The hybrids were captured on biotinylated RNA baits and purified
using streptavidin beads (New England BioLabs), this step was performed to capture target-
enriched genomic DNA library which consisted only of CpG sites and genomic regions
susceptible to methylation in the whole genome. The target sequences were bisulfite converted
using the EZ DNA Methylation-Gold kit (Zyma Research) as described in the methyl-Seq
protocol. During the bisulfite conversion step only the unmethylated Cytosine bases get
converted to Uracil, but the methylated Cytosine bases remain unchanged. Target sequences

were then indexed. The sequencing of libraries was then performed on Illumina NextSeq2000.
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This assay captures about 3.7 million CpGs which consists of about 84Mb of the human

genome.

Bioinformatic pipeline

Pre-processing of bisulfite sequencing data

BCL files obtained from the sequencer were converted to FASTQ format using bcl2fastq
conversion software. Quality check was performed with FastQC.%! Low-quality reads (phred
<20) were removed, and adapters were trimmed from the fastq files using Trim-Galore! 8 to
increase the quality of sequences. Adapter trimmed fastq files were aligned to bisulfite
converted human reference genome (Hg38) and methylation call files were generated using
Bismark.®} Quality check on alignment files was performed with qualimap ® to get information

about the coverage of reads for each sample.

Data cleaning

Methylation call files (.cov format) were used for data analysis using the MethylKit > R
package. A quality check was done on all the methylation call files for any low coverage.
Filtering of bases with coverage less than 10X was done to avoid unreliable statistical results.
Similarly, bases with very high coverage were also removed in case of overamplification and/or

PCR bias. All the files were normalized taking the median of coverage as the scaling factor.

Differentially methylated CpG sites detection

After normalization, CpG sites that were present across all the samples were merged into a
methylKit data frame. Differential methylation was calculated using the beta-binomial model,
this model considers the variability of the sample as well as epigenetic variability and corrected
for multiple testing using the Benjamini-Hochberg method. Then, all the CpG sites with very
low methylation differences among them, were filtered out. A new data frame was created
where CpG sites were selected with p-values < 0.05 as well as methylation difference of at
least 5%. The Reactome database was used to perform over-representation analysis on the

86

differentially methylated sites as well as Enrichr web-based tool °° was used to get GO

molecular functions.
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Results:

Patient population

The patient population of our study comprises individuals diagnosed with haemophilia A, and
they exhibit various mutations of the F'§ gene, as shown in Table 1. Moreover, the study
encompasses patient samples from different ethnic backgrounds, with a majority hailing from

Egypt (39.64%%) and India (36.03%) (Table 1).

Table 1. Characteristics of F8 Gene Mutations and Ethnicity of HA Patients (n=111).

Inhibi(t;):ﬁ;)sitive Inhibi;z:é\;()agative Pse;ff];t;%; l(l)lfa"fi(())tliil
(n=111)
F8 Gene Mutation

(n=111)
Int 22 Inv 25 28 47.75%
Missense 2 6 7.21%
Splicing 2 4 5.40%
Frameshift 6 9 13.52%
Large deletion 3 4 6.30%
Polymorphism - 2 1.80%
Nonsense 5 10 14.42%
Int 1 Inv 1 3 3.60%

Ethnicity (n=111)

Argentina - 1 0.90%
Austria 1 1 1.80%
Brazil 2 - 1.80%
Chile 2 1 2.70%
Egypt 23 21 39.64%
India 12 28 36.03%
Iran 1 5 5.40%
Italy - 3 2.70%
Mexico - 1 0.90%
Spain 3 1 3.60%
Turkey - 1 0.90%
USA - 4 3.60%
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General data quality

Quality control of the data revealed read fragment sizes from 70-151 bp long. The average
Bismark alignment rate of the reads to the converted genome was “80%. Mean coverage to the
targeted sites was found to be 50X. Reads with at least 10X coverage were found to be between

51%-77% with a mean of 2 million CpG sites in the data.

Exploratory analysis result

Principal component analysis (PCA) performed on the whole data revealed no distinction
between cases and controls suggesting little variation between the two groups. The density
distribution graph of CpG sites for both cases and control showed very little difference between
the two groups (Figure 1). The graph shows how the CpG sites are distributed across its range
(0%- 100%, where 0% depicts unmethylated CpG sites while 100% depicts methylated CpG
sites) and gives insight into the distribution of methylation among the population. From this
graph we can interpret the differential methylation among inhibitor-positive and inhibitor-
negative patients on a wider scale. Density represents the relative likelihood of methylation
values of cpg sites at different levels of methylation. This graph gives two peaks, one peak at
0% denoting unmethylated cpg sites and the other peak at 100% giving information of
methylated cpg sites. However, it indicated that the inhibitor-positive group (cases) was less
methylated than the inhibitor-negative group (control). Overall information on 621,121 CpG
sites was obtained. From the statistical beta-binomial testing method, 2,772 differentially
methylated CpG sites (DMCs) were selected based on p-value < 0.05 and at least a 5%
methylation difference.

From the obtained DMCs, 1,680 sites were hypermethylated and 1,092 CpG sites were
hypomethylated in inhibitor-positive samples. However, these sites were found to be
statistically insignificant on a genome-wide level (g-value > 0.05). Of the total DMCs, 30%
were found in the introns, 13% in the intergenic region, 48% in promoters, and 9% in the exon
region. Most of these DMCs were outside the CpG island regions (Figure 2). The plot indicates
that intergenic regions exhibit differential methylation, with hypomethylation predominantly
observed in CpG shelves and hypermethylation in CpG islands. This suggest that methylation
changes are most notable in non-CpG island regions, potentially influencing gene regulation

and contributing to the differences between the two sample groups.
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Figure 1. Distribution plot of percentage methylation of CpG sites.
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Distribution plot of percentage methylation of CpG sites showing the control group(inhibitor-negative)

having slightly higher methylation levels than the case(inhibitor-positive) group
The x-axis represents percentage methylation of CpG sites, ranging from 0% (completely

unmethylated) to 100% (fully methylated). The y-axis represents probability density, indicating the

relative frequency of CpG sites at different methylation levels.
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Figure 2. Annotation of CpGs according to their locations in the CpG islands context.
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Figure legend: The bar plot depicts the distribution of differentially methylated CpG sites (DMCs)
across various genomic regions (CpG Islands, Shores, Shelves, and InterCGI) based on their
methylation status. The y-axis represents the count of CpG sites annotated to each genomic region. The
x-axis categorizes the data into three groups:

All: Represents the total number of differentially methylated CpG sites irrespective of their methylation
status.

Hyper: Refers to CpG sites that exhibit increased methylation in the inhibitor-positive group compared
to the inhibitor-negative group. Hyper-methylation: CpG sites with significantly higher methylation
percentages in the inhibitor-positive group compared to the inhibitor-negative, based on a predefined
statistical threshold (p-value < 0.05, methylation difference > 5)

Hypo: Refers to CpG sites that exhibit decreased methylation in the inhibitor-positive group compared
to the inhibitor-negative group. Hypo-methylation: CpG sites with significantly lower methylation
percentages in the inhibitor-positive group compared to the inhibitor-negative group (p-value <0.05,

methylation difference < -5.
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CpG shores are defined as 2Kb upstream/downstream from the ends of the CpG islands, CpG shelves
are defined as another 2Kb upstream/downstream of the farthest upstream/downstream limits of the

CpG shores, remaining genomic regions make up the inter-CGI annotation.

Over-representation analysis

An association with a gene was found for 2,762 out of 2,772 DMCs. Association with a gene
is determined if DMC is present in the regulatory region or gene body region. We then used
the biomaRt ®” package to annotate these DMCs to the gene it is associated with. Reactome
pathway analysis identified 144 genes involved in the immune pathway and 59 genes involved
in haemostasis. Keeping aside the p-value, hypermethylation of 105 genes and
hypomethylation of 52 genes involved in the immune system were found, while 46
hypermethylated and 22 hypomethylated genes related to haemostasis were observed. Genes
involved in the immune system were selected from the Reactome database for both
hypermethylated and hypomethylated sites and the Enrichr web-based tool was used to see
enriched molecular functions of the related genes (Table 2, Table 3). From this analysis we
identified gene ontology (GO) of molecular functions performed by genes which match the
genes annotated to a specific molecular function term in the GO database. It also highlights
molecular functions that are enriched in our gene set. GO Molecular Function revealed many
hypomethylated genes to be involved in Cytokine Receptor Binding (GO:0005126) (p-value
0.000442) [SOCS2, IL23R, TLRY, JAK1], Toll-like Receptor Binding (GO:0035325) (p-value
0.000669) [TLR1, TOLLIP] and Cytokine Receptor Activity (GO:0004896) (p-value 0.002504)
[IL23R, IFNLR1, CD44] suggesting a possible role of these genes in inhibitor positive patients.
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Table 2. Table of top 10 significant GO Molecular Function of hypermethylated genes in

Inhibitor-positive samples as observed by Enrichr web-based tool.

Term p-value q-value Overlap_genes
UBE2H, LRSAM1, TRIM41, UBE3D,
Ubiquitin-Protein 6.865249c. CUL3, MIB2, TNFAIP3, LMO7,
Transferase Activity 3.064843¢-09 | 7770 ¢ FBXL14,FBXL22, TRIM6, TRAF3,
(GO:0004842) TRIMS, RNF182, UBE20, RNF130,
HERC6
Ubiquitin-Like Protein | 1355880 | UBE2F, UBE2H, LRSAMI, CUL3, MIB2,
Transferase Activity 1.013918e-08 | 72 ¢ TNFAIP3, LMO7, FBXL14, TRAF3,
(GO:0019787) TRIMS, RNF182, UBE20, RNF130
I A LRSAMI, TRIM6, TRIM41, UBE3D,
U:;‘tli“'i:‘“(lg(‘;ff)‘(;‘é‘gz;e 1.469754¢-04 1‘07(1)23 %¢ | TRAF3, TRIMS, CUL3, MIB2, UBE20,
vity (L% RNF130, FBXL22, HERC6
Ubiquitin-Like Protein 10719396 | LRSAMI, TRIM6, TRIM41, UBE3D,
Ligase Activity 1.914176e-06 | ' ) ® | TRAF3, TRIMS, CUL3, MIB2, UBE20,
(0:0061659) RNF130, FBXL22, HERC6
Phosphotyrosine Residue 2.892501E-
Binding (GO:0001784) | 0436476E-06 o SYK, SLA, PIK3R2, GRB2, PIK3R1
Cytokine Receptor 1 3090720.05 | 4243176¢- IFNAR2, ILIRL2, IL18RAP, CCRG,
Activity (GO:0004896) : 04 IL17RC, CRLF1
Protein Phosphorylated 4.2431760-
Amino Acid Binding 1.325992¢-05 | 7, ¢ SYK, SLA, PIK3R2, GRB2, PIK3R1
(GO:0045309)
. . IFNAR2, TRIM6, CDKNI1A, STK11IP,
Ifg‘g?&g‘;‘gdol(‘)‘)g 3.121649¢-04 8‘7482176' TNIP2, TRIMS, CASP1, GRB2, PRKACA,
: AP2A2, PTPN2
Neurotrophin TRK
Receptor Binding 4.528891e-04 1'013‘2‘72‘“" GRB2, PIK3R1
(GO:0005167)
Neurotrophin TRKA
Receptor Binding 4.528891e-04 1'013‘2‘72‘“" GRB2, PIK3R1

(GO:0005168)
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Table 3. Table of top 10 significant GO Molecular Function of hypomethylated genes in

Inhibitor-positive samples as observed by Enrichr web-based tool.

Term p-value g-value Overlap_genes
Gl’;&‘ﬂ"ﬂi"(”(‘}“&%%ﬁé’f;f)‘“ 0.000343 0.022875 SOCS2, JAK1
Cytoki(“é&‘;}“{f&‘;’;gi“di“g 0.000442 0.022875 SOCS2, IL23R, TLRY, JAKI

Reg“‘("é‘g :yol(}?f;s%;nding 0.000446 0.022875 | TRIM71, HNRNPA2B1, TLR9
Toll'“l(‘é Onggg;‘;; gi“di“g 0.000669 0.025771 TLR1, TOLLIP
ey | o | om | e
Phos(lg‘(‘;':i&a:;;;‘;di“g 0.001266 0.032500 BLNK, FYN
et | 000 | oo | socs socs
Hormo(“é*(li;%"slitzzr;;i“di“g 0.001832 0.035274 SOCS2, JAKI
Cytoki(“é&‘:}“{;f:g; g“iv“y 0.002504 0.042839 IL23R, IFNLR1, CD44
Ubiq};ﬁh‘;{ﬁg"(“é‘(‘%‘;‘ﬁgzyme 0.004425 0.058792 RNF144B, TOLLIP

The table 2 and Table 3 summarizes the results of the enrichment analysis.

Term: The specific GO Molecular Function term describes the activity performed by gene products
associated with the input gene list. Each term represents a molecular function enriched among the gene
list provided.

p-value: The statistical significance of the enrichment for the corresponding GO term. A lower p-value
indicates a stronger association between the input gene set and the GO term.

g-value: The false discovery rate (FDR)-adjusted p-value, which accounts for multiple testing
correction.

Overlap_genes: The list of genes from the input dataset that overlap with the genes annotated to the
specific GO Molecular Function term in the reference database. These are the genes contributing to the

observed enrichment and are potentially involved in the processes described by the term.

61



Subpopulation analysis

Since our patient population consisted of different ethnic backgrounds, a sub-study using the
same methodology was also performed to observe any methylation difference among the
patient samples based on their ethnicities as environmental factors play a major role in
epigenetic modification of an individual. Clustering of patient samples from Egypt and India
based on CpG sites was performed using Ward’s method. The analysis did not reveal any
pattern in the cluster suggesting that the geographic origin of an individual does not play a
major role in DNA methylation leading to inhibitor development.

No new enriched pathway was observed when performing a similar analysis on samples with
Int22Inv mutation of the F§ gene (n=53). This was performed to observe whether any
enrichment of a particular pathway could be involved in relation to a specific mutation.
Although the analysis did not provide any methylation pattern among inhibitor-positive and
inhibitor-negative groups based on their ethnic background or F'§ mutation, we acknowledge
that the cohort size is limited. This small sample size may reduce the statistical power to
comprehensively evaluate the contribution of certain genetic or epigenetic factors, such as

population-specific combinations of SNPs.
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Discussion:

The process of inhibitor development in haemophilia A remains an intricate puzzle, involving
the complex interaction of genetics and environmental factors. This study presents a
comprehensive genome-wide analysis of the potential role of DNA methylation in influencing
inhibitor development among haemophilia A patients undergoing FVIII replacement therapy.
Additionally, our focus on exploring the functional implications of differentially methylated
genes enabled us to delve deeper into the underlying biological pathways that might underpin
inhibitor development. The study comprises patients with different ethnicities as well as
different F§ gene mutations. Our results demonstrate the complexity of the epigenetic
landscape concerning inhibitor development. Whilst the influence of genetic factors and
external triggers on inhibitor development has been recognized, the involvement of epigenetic
mechanisms such as DNA methylation has been only studied in recent years. The role of DNA
methylation in the regulation of gene expression adds new complexity to the already
multifaceted process of inhibitor development. The study demonstrates a slight difference in
the methylation status between the two groups. The inhibitor-positive group was moderately
less methylated as compared to the inhibitor-negative group, indicating that patients who
develop inhibitors have higher gene expression of certain genes. This study also showed that
several CpG sites associated with genes related to immune regulation and haemostasis were
either hypomethylated or hypermethylated in patients who developed inhibitors as compared
to those who did not. While most of the hypomethylated genes are a part of the signalling
cascade a few genes that are part of the immune system are also included for example JAK],
CDIC, PIGR, TOLLIP, BLNK, CD44, IL23R, IFNLR1, SOCS2, TLRI, etc. These genes are an
indicator of the involvement of DNA methylation in a stronger immune response in patients
who develop inhibitors against FVIIL. Hypermethylation of genes involved in Ubiquitin-related
pathways (eg. UBE2H, TRIM6, TNFAIP3, CUL3, TRAF3, etc.) (Table 2) indicates increased
inflammatory responses, dysregulated immune system activation and impaired antigen
presentation. Genes such as TRIM6, TNFAIP3, and TRAF 3 are also involved in NF-kB immune
signaling pathway indicating immune dysregulation since NF-«B is one of the major regulators
of inflammation and immunity.

Our findings revealed specific differentially methylated CpG sites in relation to genes that
could be associated with the formation of inhibitors like genes associated with Cytokine
Receptor Binding, Toll-like Receptor Binding, and Cytokine Receptor Activity, although these

associations were not statistically significant at the genomic level. This suggests that although
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DNA methylation may play a role in increasing the gene expression of genes that heighten the
immune response, it is likely part of a larger network of factors contributing to inhibitor
development. However, no clear mechanism or pathway has been determined.

Importantly, our study highlights the diversity of the patient population, which includes people
of different ethnic origins and presents with different 7§ gene mutations. This diversity could
be extremely important because genetic background plays a role in the modulation of the
manifestation and severity of haemophilia A. However, the observed lack of distinct clustering
based on geographic origin indicates that ethnicity might not be a predominant factor in
influencing inhibitor development in our study population or it could be due to our small
sample size to provide statistical power to address the possibility. While not predominant, such
factors could potentially influence inhibitor susceptibility and warrant further investigation in
larger, more diverse cohorts. Future studies with expanded sample sizes could help validate
these findings and explore the role of genetic variability in greater detail.

In a study published by Liu W et al. in 2022, comparing gene expression and methylation levels
between haemophilia A patients with and without inhibitors, it was found that differentially
expressed genes were significantly enriched in immune response regulation, particularly
involving pathways such as Toll-like receptor and tumour necrosis factor signalling. 3
Additionally, methylation analysis revealed lower DNA methylation status in certain gene
regions in inhibitor-positive patients, potentially implicating a role for epigenetic modifications
in inhibitor development.’® However, in our study, involving 111 patients, despite the lack of
significant g-values in the analysis, enrichment analysis revealed several hypomethylated
genes to be involved in crucial functions such as cytokine receptor binding and Toll-like
receptor binding, suggesting a potential role of these genes in inhibitor-positive patients.

The data in Table 2 and Table 3 provide important insights into the molecular functions linked
to hypermethylated and hypomethylated genes in inhibitor-positive samples, shedding light on
potential immune system implications. Table 2 points to significant pathways like ubiquitin-
protein transferase activity, ubiquitin-like protein transferase activity, and ubiquitin ligase
activity, which are central to processes such as protein degradation, immune signalling, and
maintaining cellular balance. Changes in these pathways could disrupt antigen processing and
presentation, potentially impairing immune surveillance. Table 3 highlights pathways enriched
in hypomethylated genes, including cytokine receptor binding, Toll-like receptor binding, and
PI3K regulation—all critical for immune signalling, inflammatory responses, and
communication between immune cells. Genes like SOCS2, JAKI, and TLR9 within these
pathways may reflect disruptions in immune regulation specific to inhibitor-positive samples.
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These findings provide a starting point for future studies to explore how such pathway
alterations might contribute to immune system dysregulation, potentially leading to weakened
immune responses or increased susceptibility to autoimmune issues. Investigating these
pathways further, especially their roles in antigen presentation and immune activation, could
help identify new therapeutic targets. Overall, the results underscore the importance of DNA
methylation as a regulator of immune-related pathways in disease, offering valuable leads for

clinical research.

Limitations:

Despite its contributions, this research is not without limitations. Our sample size, though
modest, takes into consideration a lot of CpG sites that might have no role in inhibitor
development, contributing to higher g-values increasing insignificance. A larger sample size
might impact the generalizability of findings. Moreover, while our data provides a preview of
DNA methylation patterns, a longitudinal study design of how methylation of DNA changes
over time and in response to treatment could offer a better understanding as described by
Verlinden et al in their study.®® Additionally, since the primary FVIII immune response is T-
cell dependent, focusing on peripheral blood leukocytes might not fully capture methylation
patterns that could play a role in inhibitor development. DNA methylation study targeting T
lymphocytes and B lymphocytes might provide a finer differential methylation pattern of
immunoregulatory genes. Furthermore, while the study explores DNA methylation as a
potential mechanism, it is important to recognize that other epigenetic modifications, such as
histone modifications, could also contribute to the observed outcomes. Acknowledging the
limitations of our study, further research and a more comprehensive methodology is required
to elucidate the intricate connections between genetics, epigenetics, and inhibitor development,

potentially revealing novel avenues for intervention and personalised therapeutic approaches.
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Conclusion:

Concluding the study, although the observed associations were not genome-wide significant,
differentially methylated sites associated with the immune system and haemostasis especially
the hypomethylation of genes involved in cytokine receptor activities and toll-like receptor
activity suggest the complexity of the underlying mechanisms and highlight the need for larger
and more comprehensive investigations. It also indicates that patients with DNA methylation
of genes involved in active immune response might be associated with the development of

inhibitors against FVIII.

66



CHAPTER 6

THESIS CONCLUSION

This thesis has explored various aspects of inhibitor development in haemophilia A (HA) using
a combination of multiple approaches, including epitope mapping, molecular mimicry analysis
and DNA methylation studies. Each chapter has contributed unique insights into the complex
mechanisms underlying the immune response to factor VIII (FVIII). By exploring these
mechanisms, the study deepens our understanding of inhibitor formation, and it highlights
potential predictive and therapeutic strategies.

In Chapter 3, we employed a novel random peptide phage-display assay called mimotope
variation assay (MVA) to assess the FVIII-specific epitope profile of previously untreated HA
patients. Our findings demonstrated that the FVIII-specific antibody response is highly
polyclonal, with numerous distinct epitope motifs aligning primarily with the A1, A3, and B
domains of FVIIIL. Importantly, our statistical models using pre-treatment epitope repertoire
data were able to predict inhibitor development, suggesting a potential diagnostic tool to assess
inhibitor risk before FVIII treatment initiation. However, limitations such as the inability to
confirm B-domain-specific antibody binding in vitro and the challenge of distinguishing
conformational from linear epitopes suggest that further studies are required to refine our
understanding of FVIII-targeting antibody responses.

Chapter 4 investigated the role of molecular mimicry in inhibitor development, utilizing a next-
generation sequencing phage-display approach to examine potential cross-reactivity between
FVIII mimotope sequences and known B-cell epitopes from pathogens. Despite analysing a
large dataset, no strong evidence of molecular mimicry was found, suggesting that pathogen-
derived epitopes may not be a major driver of inhibitor formation in congenital HA patients.
While prior case reports have suggested associations between acquired haemophilia and certain
infections, the lack of significant sequence similarity in our study underscores the need for
alternative explanations, such as broader immune dysregulation mechanisms, in understanding
inhibitor development.

In Chapter 5, we examined the role of DNA methylation in modulating the immune response
leading to inhibitor formation. Genome-wide analysis revealed differential methylation
patterns in inhibitor-positive versus inhibitor-negative patients, with hypomethylated genes
primarily involved in immune regulation and inflammatory signalling pathways, such as JAK1,

CD44, and IL23R. These findings suggest that epigenetic modifications may contribute to a
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heightened immune response in inhibitor-positive patients, although the exact mechanisms
remain unclear. Although the limitations posed by a modest sample size and the inability to
establish causal relationships, this study underscores the significance of epigenetic factors in
FVIII immunogenicity and calls for further investigations incorporating larger cohorts and
additional epigenetic markers.

In this thesis, computational tools were essential in studying large-scale data analysis,
predictive modelling, and epitope mapping. The use of machine learning algorithms improved
our ability to identify potential risk factors for inhibitor formation, improving the diagnostic
accuracy. The integration of high-throughput sequencing and bioinformatics allowed for a
more comprehensive analysis of immune responses, which provided valuable insights that
would have been challenging to obtain through conventional laboratory methods alone.

From a clinical perspective, the results obtained from the studies of this thesis have significant
translational implications for HA treatment. The predictive models developed for inhibitor risk
assessment could be integrated into clinical practice to guide personalized treatment strategies.
Additionally, the identification of immune and epigenetic markers provides potential
therapeutic targets for modulating inhibitor responses, leading improved management of HA
patients. This research provides valuable datasets and analytical frameworks that can serve as
a valuable source for studying FVIII immunogenicity and immune tolerance induction. The
methodologies employed, from epitope mapping to methylation analysis, offer a framework
for investigating immune responses in other haematological and autoimmune conditions.
Taken together, the findings presented in this thesis highlight the complexity of inhibitor
development in HA and underscore the multifactorial nature of this process. While predictive
models based on epitope profiles show promise, the absence of molecular mimicry and the role
of epigenetic modifications suggest that a combination of genetic, immunological, and
environmental factors drives inhibitor formation. The integration of advanced molecular
profiling techniques provides new avenues for personalized risk assessment and therapeutic
interventions. While this study advances our understanding of inhibitor development in HA,
several limitations remain. The relatively small sample size in methylation studies necessitates
validation in larger cohorts. Additionally, the absence of direct functional validation of
identified biomarkers limits the immediate clinical applicability of some findings. The non-
availability of cells in the SIPPET study prevents further analysis of immune system using
single cell RNA seq and transcriptional analysis. Future research should focus on expanding

patient cohorts, integrating multi-omics approaches, and developing targeted

68



immunomodulatory therapies to mitigate inhibitor formation. By addressing these challenges,

future studies can further refine predictive models and therapeutic strategies for HA patients.
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SUMMARY

This PhD thesis explores inhibitor development in haemophilia A using several computational
and bioinformatic approaches on the SIPPET group. We used mimotope variation analysis
from a random peptide phage-display library and observed stronger antibody response against
Al, A3 and B domains of FVIIIL. The epitope motifs mapped against FVIII were then used to
predict inhibitor development. Two statistical models developed on data from a novel random
peptide phage display assay, were used to predict inhibitor development before exposure to
exogenous FVIIL. The research also investigated if FVIII-specific B-cell epitopes share
sequence similarity with pathogen-derived linear B-cell epitopes to study the role of molecular
mimicry in inhibitor development. From the study we found no evidence of molecular mimicry
between a set of FVIII mimotopes obtained from a novel random peptide phage-display library
assay and linear B-cell epitopes from a set of pathogens obtained from the IEDB. Furthermore,
the thesis analysed methyl-seq data to understand the effect of DNA methylation on inhibitor
development in haemophilia A patients treated with FVIII concentrates. The study identified
association of CpG sites to few genes involved in active immune response (JAKI, CDIC,
PIGR, TOLLIP, BLNK, CD44, IL23R, IFNLRI, SOCS2, TLRI, etc.) in inhibitor-positive
patients. This approach provides deeper insights into immune regulation, tolerance, and
antibody development, which are central to inhibitor formation in HA. Overall, this research
contributes to a deeper understanding of immune system dynamics in haemophilia A and
underscores the importance of integrating computational and experimental methods for

studying complex diseases.
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