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Abstract

Life science has a wide range of available technologies for gathering and analysing
qualitative and quantitative insights into biological systems. These can enable the
development of new clinical applications with novel combined approaches, for example
to personalised cancer immunotherapy. Among these technologies, mass spectrometry
is a complex but versatile analysis method for proteomics and beyond. It is also a prolific
source of experimental data in these fields. Improved instrumentation, technological
advances, and high-throughput experiments result in a substantial growth in data
volume calling for automation in analysis and quality control. Combination with other
technologies is essential for advances in clinical applications, like the development of
personalised cancer immunotherapies, inherently multidisciplinary. Here we describe
how integration of data generation and analysis tools can have synergistic effects,
unlock novel analysis designs, and overall create a more comprehensive picture of
the underlying biology. First, we describe the development of standard file formats
for proteomics and their role in data integration. Many experimental proteomics
techniques share core aspects that are reflected in their data and the analysis steps
necessary for successful interpretation. The formats cover mass spectrometry-based
proteomics identification and quantification data (mzIdentML, mzTab), limited support
for small molecules (mzQuantML, mzTab), and QC data from both acquisition and
analysis (qcML). In the second part of this work, we describe the integration of analysis
tool frameworks (OpenMS, FRED2) and their accompanying analysis tools in workflow
orchestration solutions (KNIME). Compatible tools (with standard format in- and
output) allow us to create complete data analysis workflows with data from multiple
domains (here genomics, transcriptomics, proteomics, and HLA peptidomics) and
explore the benefits of automated analysis with a closer look at the utility of add-on
workflows for quality control in parallel to a main analysis. The final part of the thesis
concludes this work with the application of a combined workflow in the research
and development of personalised immunotherapies against cancer. We show how our
workflow is comparably sensitive in detecting neoepitopes applied to a melanoma
dataset with previously published detected neoepitopes. We also explore how cancer
type can influence the prospect of detecting actionable immunotherapy targets with
the example dataset from hepatocellular carcinoma patients.






Kurzfassung

Die Lebenswissenschaften verfiigen iiber eine breite Palette von Technologien zur Erfas-
sung qualitativer und quantitativer Erkenntnisse {iber biologische Systeme. Die Massen-
spektrometrie ist ein komplexes, aber vielseitiges Analysesystem fiir die Anwendung
in der Proteomik und dariiber hinaus. Verbesserte Instrumentierung, technologische
Fortschritte und Hochdurchsatzexperimente fiihren zu einem erheblichen Wachstum
des Datenvolumens, das eine Automatisierung bei der Analyse und Qualitdtskontrolle
erfordert. Die kombinierte Analyse mit Daten anderer Technologien ist fiir Fortschritte
in der klinischen Anwendung, von sich aus multidisziplinar, unerlasslich. Wir zeigen
hier, wie die koordinierte Integration von Daten und Analysewerkzeuge synergisti-
sche Effekte fiir die Forschungsfelder der Lebenswissenschaften haben kann, neuartige
Analyseansitze eroffnet und ein umfassenderes Bild biologische Systeme ermdoglicht.
Zunichst beschreiben wir die Entwicklung standardisierter Dateiformate fiir die Proteo-
mik und ihre Rolle in der Datenintegration. Viele experimentelle Proteomik-Techniken
weisen gemeinsame Kernaspekte auf, die sich in den Messdaten und erforderlichen
Analyseschritten widerspiegeln. Die Formate umfassen massenspektrometriebasierte
Proteomik-Identifikations- und Quantifizierungsdaten (mzIdentML, mzTab), begrenzte
Unterstiitzung fiir “small molecules” (mzQuantML, mzTab) sowie Qualitatskontrollda-
ten von den Messungen selbst als auch von den Teilergebnissen der Analyse (qcML).
Im zweiten Teil dieser Arbeit beschreiben wir die Integration von Analyse-Frameworks
(OpenMS, FRED2) in Softwarelosungen zur automatisierten Analysyeorchestrierung
(z.B. KNIME). Wir untersuchen, wie kompatible Analysewerkzeuge (mit Standardfor-
maten fiir die Daten Ein- und Ausgabe) es uns erméglichen, komplette Analyseablaufe
fiir komibinierte Daten aus der Genomik, Transkriptomik, Proteomik, und Immunoinfor-
matik flexibel zu erstellen. Dabei werfen wir einen genaueren Blick auf die Mdoglichkeit,
mit einem “add-on workflow” zur Hauptanalyse die Zuverlassigkeit der Messungen
und Analyseresultaten einzuschétzen. Der letzte Teil schlief3t die Arbeit mit der Anwen-
dung eines kombinierten Analyseablaufs in der Entwicklungsforschung personalisierter
Immuntherapien gegen Krebs ab. Wir zeigen, wie unser Workflow vergleichsweise
sensitiv bei der Erkennung von Neoepitopen ist, welche essentiell fiir gezielte und
personalisierte Therapien sind. Aullerdem untersuchen wir, wie, anhand der Analysere-
sultate im Vergleich, der Krebstyp die Aussicht auf Erkennung behandlungsrelevanter
Immuntherapiepeptide beeinflussen kann.
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steps for better data analysis in general.
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Chapter 1

Introduction

1.1 Motivation

Computational analysis is indispensable for the processing of modern life-science
datasets, that have shifted research from a solely hypothesis-driven to a data-driven
science approach with their unprecedented size, coverage, and depth of detail. Prime
examples are projects that led us to our current understanding of the human genome
and the human proteome. The human genome project, in particular, included ex-
periments of enormous proportions, stretching in time over a decade and the results
fundamentally expanded our understanding of the human genetic makeup and their
functions. Beginning with the experiments’ size and scope, the coverage of the human
genome laid the basis to many hypotheses for the complex interplay of mechanisms
underpinning life. Constant technological advancements, born out of large-scale efforts,
like sequencing of the human genome, let us create experimental measurements in
ever higher resolution and speeds, high-throughput fashion. High-throughput exper-
imentation allows for better coverage but also necessitates a degree of automation
and quality control by virtue of scale alone. Next-generation sequencing (NGS), for
example, enables researchers to sequence a specific sample’s genome and transcriptome
as just another part of an experiment in day’s time.

Domains of research that carry the -omics’ suffix usually aim for large-scale characteri-
zation and quantification of the biological molecules of their domain as they are present
in cells, organs, or organisms. Large parts of the analysis in any omics experiment is
computational, as the data measured needs usually multi-step algorithmic processing.
The first "complete" human genome also created more questions, that can only be
attempted to be answered by drawing on knowledge from other domains. In the
post-genomics era, it became obvious that complex systems like cells are more than a
list of their genes. Mere knowledge of the genes will not be sufficient to understand
the properties of such a system. But the extreme complexity of the proteome, unfold-
ing from the genome and transcriptome, or rather some of its analytical complexity
is reduced by a known genome. The proteins of a sample can be characterized by
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systematically profiling protein-coding genes as a start. In turn, proteomics can con-
tribute aspects that are not evident from genomics alone, evidence of the successful
synthesis of proteins from genes via transcripts and their abundance for one. This is
why life-science research is often spanning multiple domains and technologies: to get
a more complete picture and derive better testable hypotheses.

Immunology, for example, greatly relies on proteomics techniques to discover the
cellular machinery and regulatory mechanisms behind a targeted immune response.
Nevertheless, some of the complexity is rooted in human leukocyte antigen (HLA)
locus polygeny and polymorphy. Research on the immune system has been influenced
greatly by advances in proteomics, as proteins and peptides, small parts of proteins,
play a crucial role in directing the immune systems specificity and function. One set of
techniques in proteomics is particularly influential, mass spectrometry (MS) and its
enabling technologies. Proteomics has its own generational turnover of technology,
with sophisticated separation techniques and advanced MS instrumentation, etc., ex-
tending the coverage and sensitivity of measurements. The MS is a highly complex, and
highly flexible, high-throughput instrument, for the identification and quantification
of proteins and peptides. Here, too, a degree of automation and quality control is
necessary by virtue of scale but also by virtue of complexity and diversity in which
MS data comes. The dynamic nature and diversity of the samples measured (e.g.,
the immune systems peptides) introduces another layer of data complexity that often
requires custom-designed computational analysis. Similarly, with the flexibility and
diversity of MS techniques, follows the necessity for equally flexible analysis software.
Workflow orchestration systems provide a flexible basis for automated analysis. With a
sufficient amount of compatible tools integrated into such systems, they can become
powerful tools for the analysis of multi-omics data. A great way to boost compatibility
is through standardised formats for in- and output.

Complex workflows can be built for automated analysis of clinical data, to keep up with
the increasing demand of clinical timelines to return actionable results. The quality
assessment of data and (intermediate) results along the analysis can help researchers
to use their available instruments and tools at best possible performance and meet the
demands for supporting clinical decisions.



Structure of this Thesis

1.2 Structure of this Thesis

The thesis starts with a description of the background information on topics the fol-
lowing chapters center around. Proteinbiology, forming the biochemical basis for
the interactions behind many cellular processes and more complex systems, like the
immune system, is introduced. As one of the main sources of motivation to the re-
search presented, our current understanding of immune system, in particular its role
in cancer research, is characterized to highlight the implications to experimental and
data analysis. Proteinbiology is also defining the technology producing measurement
data used in this work, so MS and the techniques involved in successfully measuring
proteins and peptides are described. The resulting data itself is detailed for its role in
the analysis, and how the different experimental techniques and analysis task shape
the results and tools used to arrive there.

The next chapter will pick up the topic of data and introduce the development of data
standards that help with the handling and integration of data from various MS analysis
task. Different emphasis on data handling, archival, and use in automated analysis,
is put into the design of their structure, depending on the researchers’ requirements.
The community-driven approach for standards will be described for three formats,
mzldentML, mzQuantML, and mzTab. The first, mzIdentML, is accommodating new
experimental techniques to an established standard for extensive documentation of
identification results. Quantitative results at similar depth can be documented and
archived in mzQuantML, which is described next. A combined standard for identifica-
tion and quantification results is focused on emergent development of novel techniques
and easy access as summary report on an analysis is mzTab.

A versatile format to accommodate quality control data at all stages of the analysis is
described in the next chapter. The development of qcML took the best fitting aspects
of the previously developed standards to fulfil multiple roles of quality report, archival,
and hand-over format in a multi-step analysis.

The following chapters introduce the open-source frameworks Open Mass Spectrometry
(OpenMS) and Framework for Epitope Detection (FRED)2 that provide a comprehensive
set of data analysis tools for computational MS and immunology. By integration into
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a common workflow orchestration system, their synergy through compatibility (not
least because of the use of data standards) will be highlighted in complex workflow
designs, aimed to provide data analysis to personalised cancer therapy. One workflow
aspect will focus on the identification of low-abundance immunopeptides, measured
from specialised experimental setup for immunological research. The other will focus
on the integration of quality control along existing workflows, to provide best possible
results with complex experimental systems, such as MS and immunopeptidomics.

We build on the last chapter’s workflows to illustrate their application in personalised
cancer therapy development in the next chapter. The data analysis for such personalised
therapy development needs to draw on the previously described intercompatibility,
flexibility, in a multi-omics setting to arrive at results that can be applied in leading-edge
therapy development. This chapter follows the study of personalised target discovery
from the genomics, transcriptomics, proteomics, and immunopeptidomics data of a
cohort of hepatocellular cancer patients.

The thesis finishes with a conclusion in Chapter 8.



Chapter 2

Background

Proteins play the most important roles in the majority of cellular processes. They
constitute the means for the many complex tasks of sustaining a cell’s function and
proliferation®. Unsurprisingly, most of a cell’s dry matter consists of proteins®>.
Proteins are also subject to degradation and renewed synthesis, in essence reflecting
the present state of a cell. Hence, analysis of a tissue’s proteins can provide insight
into the function of microbiological processes and give indications of disease. The
following chapter will introduce the life science background to computational and
mass-spectrometry based proteomics in general and in particular the immunological
background behind cancer immunotherapy design and the approach to personalised
medicine.

The analytical techniques applied will be introduced together with their computational
challenges and algorithmic solutions.

2.1 Protein Biochemistry

Proteins are built from a sequence of amino acids, chemically chained by linking the a
carboxy group of an amino acid with the @ amino group of another amino acid under
elimination of water.

A protein is not only defined by its amino acid sequence but also by its spatial structure.
This structure is dependent on the sequence of amino acids but also on the chemi-
cal environment (e.g., acidity or the presence of chaperons, proteins that influence
structural formation without permanent integration into the resulting structure itself).
There are four levels of protein structure, with the first or primary being the sequence
itself. The secondary structure is defining the form a stretch of consecutive amino acids
is taking. Common forms are alpha helices and beta sheets'. The tertiary structure
is defining how the secondary structures are arranged in space (in relation to each
other). As functional proteins can be comprised of several amino acid substructures
unconnected by peptide bonds but noncovalent bonds, e.g., hydrogen bonds, van der
Waals interactions, ionic interactions, and hydrophobic interactions. This aggregation
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is defined as the quaternary structure. For example, 3, microglobulin of the major
histocompatibility complex (MHC) is non-covalently linked with the a-chain (Fig. 2.3).
The order in which amino acids are chained together is ultimately determined by the
genetic makeup of an organism.

2.1.1 The Central Dogma: From DNA to RNA to Proteins

Genetic information is expressed into protein functionality by

1. copying the protein encoding section (gene) of the deoxyribonucleic acid (DNA)
molecule (chromosome) into ribonucleic acid (RNA) (transcription)

2. trimming non-coding intervening sequences (introns) off the transcript (splicing)
and apply post-transcriptional controls

3. using the spliced transcript (mRNA) as templates for the protein synthesis (trans-
lation)

As all cells use this chain of processes in some form!® to create their protein machinery;,
it is called the central dogma of molecular biology.

Building Molecular Machinery: Proteins

The genetic material in its most basic form is a double helix of complementary nu-
cleotide chains (DNA). There are four nucleotides in DNA, the deoxyribonucleotides
adenine (A), guanine (G), cytosine (C), and thymine (T) that can be covalently linked
at the 3’ and 5’ ends of their carbon backbone. They are complementary, adenine
pairing with thymine, cytosine with guanine, meaning single strands of complementary
DNA will bond together and form a double helix. This also means that information
encoded through a sequence of A/C/G/T is stored redundantly in a double helix of
DNA. In a first step to convert genetic instructions into working proteins, the gene is
transcribed into a single stranded RNA nucleotide sequence. RNA differs from DNA,
by the presence of an additional hydroxyl group and the use of the nucleotide uracil
(U) instead of thymine, similar enough that pairing with adenosine is unimpaired.
Among other processes, eucaryotic transcribed RNA is capped with a 5’-methyl cap,
designating it as mRNA. The ribosome, a complex of RNAs and proteins, associates
with the mRNA and catalyses the synthesis of protein. From four different code char-
acters (A/C/G/U) in triplets (codons), the translation process can theoretically form
sequences of 4° different characters. This is sufficient for the 20 proteinogenic amino
acids (not counting selenocysteine) with partial redundancy (Fig. 2.1).
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Small RNA-aminoacid adapters (aminoacyl-
tRNA) with the fitting complementary
code to the mRNA attach to the ribosome
and the RNA (Fig. 2.1). Adapters are
produced by coupling tRNA to a fitting ac-
tivated amino acid by specific aminoacyl-

tRNA synthetase enzymes. The ribo-
some catalyses the formation of a peptide
bond between the coupled amino acid
C-terminus sitting closer or at the start

s of the mRNA and the N-terminus of the

next adapter’s amino acid. The ribosome
Figure 2.1: Representation of the base sequence 1qves from the mRNA 5’ start to the 3’

encoding of different amino acids . .

end and a polypeptide chain grows by the
stepwise addition of amino acids. The ribosome also facilitates the correct start of trans-
lation by first attaching to the initiation codon of the mRNA. Translation is moderately
fast (~ 200 amino acids per minute*) but is sped-up in scale through the formation
of polyribosomes. Here, multiple ribosomes initiate translation successively on one
mRNA molecule, translating in offset parallel, which provides an amplification effect
in the production of protein molecules. To complete the protein production, the com-
pleted polypeptide chain must fold correctly, either with the help of assembly catalysts

(chaperones) or through self-assembly, into its three-dimensional conformation.

DNA/RNA sequencing technology

With great initial effort, the human genome had been sequenced and revealed the genes
to the proteins known by research®®. Done with automated Sanger sequencing, it took
over a decade to assemble, as the technique was still based on the determination of DNA
sequences by primed synthesis with DNA polymerase and concurrent size fractionation
of the products by electrophoresis, developed by Sanger and Coulson®. With the
advent of low-cost, high-throughput methods for genome sequencing (DNA-seq) and
transcriptome profiling (RNA-Seq) through NGS, the development of individualised
treatments to diseases that have their origin in the aberration of the genetic code, like
cancer, became feasible. For example, the study and comparison of an individual’s
tumour and healthy tissue reveals the genomic changes described in the next section
and can provide targets for the development of individualised therapies (see section
2.2.2). NGS comprises several different techniques but can largely be summarised as
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a three-step process: sample and library preparation, sequencing, followed by data
analysis and bioinformatics. For individualised sequencing of a tissue sample, the
target nucleic acid is isolated from the sample with established protocols. RNA samples
are converted to cDNA by reverse transcription for stability during the measurement.
The sample is then fragmented and common sequences (adaptors) added to either end.
This ’library’ of fragments is attached to a flow cell, a microfluidic device to sequence
the library. Before sequencing, each fragment is expanded by polymerase chain reaction
(PCR), creating clusters of the same fragment in the flow cell, to amplify the measured
signal. With the cycle reversible terminator technique, modified nucleotides with
fluorophores are added to the flow cell and pair with the first complementing and open
library nucleotide, the fluorophores are excited and the library imaged. The terminators
are removed, and the previous step is repeated, until the library nucleotides are all
complemented. The images colours for each cluster are translated into a sequence, one
read per cluster and reported in a plain text FASTQ file. Details, benefits, and drawbacks
of the existing technologies are beyond the scope of this work, but are covered in many

10-12 " The reads must then be mapped to the reference genome, allowing

reviews
mismatches, insertion-deletions (INDELs) and clipping, to assemble the individualised
sequence of the sample. Starting with heuristic placement of the reads, coverage is
corrected and extended through alignment algorithms. State of the art read mapping
software BWA >4 Bowtie!>'® and TopHat'”!8, for example, use implementations of
Burrows-Wheeler transform (BWT)-based alignment algorithms. The read alignment is
usually reported in Sequence Alignment Map (SAM) files or their binary representation

(BAM) to conserve disk space.

Genetic Mutations and Protein Modifications

Due to the codon redundancy, proteins can have the same amino acid sequence de-
spite genetic mutations —silent mutations— and are of no immediate consequence for
individualised targets. Non-silent (ns) mutations will change the protein sequence,
and so too, their mass as observed by MS will change. Small changes can affect the
protein little to not at all, if the changes are outside functional site coding regions or
otherwise regions with impact on the protein structure. If they are, proteins can yet
retain the same or still functional shape and fulfil the same tasks, though sometimes to
varying degrees of efficiency in different environments'®?°, These are called isoforms,
proteins of different shape but from the same gene, and can have stable occurrence in
the population. This emphasises the need for healthy and tumour tissue comparison
in individualised targeting. Isoforms can also arise from alternate splicing or variable
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promotor use.
Genetic mutations can be categorised as follows:

A single alteration is called a single nucleotide variation (SNV)

* If the sequence alteration is common and can be considered established in the
gene pool, it is called single nucleotide polymorphism (SNP)

* Insertions are sequence changes that introduce more than one new nucleotide by
either mis-repair/mis-replication or injection by mobile genetic elements such as
transposons and viral DNA.

* Deletions define the event of a loss of nucleotides, the replacement of one part of
the sequence with another is an INDEL.

Insertions and deletions are potentially shifting the reading frame of the gene (frameshift,
fs) if their size is not equal to multiples of three. Their occurrence usually leads to a
defective protein, which still can be a valid target for individualised therapy depending
on its HLA presentation potential?1-23,

To distinguish between misalignment, allelic variants, and true mutations, the read
alignments must be further analysed. For cancer research, the variants of most interest
are those only present in somatic cells, which have been acquired not inherited. Call-
ing somatic variants, for example for the discovery of tissue specific therapy targets,
read alignments from different sequenced tissues need to be compared. Subtractive
methods (GATK, SAMtools) first detect variants from the samples individually, then
split by variants present in all samples (germline) and tissue specific variants (somatic).
Alternatively, variant detection can be performed on the combined read alignments,
using statistical modelling to separate germline and somatic variants, which needs
additional information on allelic frequencies®* or genotype likelihoods?*. Detected
variants can be further annotated with their transcript-relative coordinates, functional
roles, occurrence in disease variant databases?®, and cancer association?’, for better
prioritisation. Variants and annotations can be exchanged with a common format, the
variant call format (VCF) %8,

Protein variations can also arise after the synthesis, through post-translational modifi-
cations (PTMs), the family of proteins sometimes referred to as proteoforms?°. PTM
can be reversible or irreversible, affecting the structure and function of proteins, and
generally demonstrate the dynamic interaction of proteins in a cell. Their functions
range wide, from protein localisation indication, signal transduction, gene regulation,
to enzyme function regulation, and influencing protein—protein interaction (PPI). They
are generally events that change the structure, mass, and chemical properties of the
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protein by proteolytic cleavage, or adding a modifying group (e.g., phosphoryl, methyl,

acetyl, glycosyl) to one or more amino acids. Most studied are the types of phosphory-

lation, methylation, acetylation, ubiquitylation, SUMOylation, and different types of

glycosylation. However, PTM are a field of active research and many PTM functions

have yet to be discovered*3!,

2.2 Immunobiology

Figure 2.2: T-cell receptor (purple, ochre)
bound to HLA-A2 (emerald, pink) presenting a
peptide ligand (IMDQVPFSYV, grey); rendered
from PDB:6VMS832 with Mol* 33,
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The immune system is commonly defined as
a collection of biological systems that protects
its host from disease. More precisely, many
of its functions are directed against invading
pathogens, aberrant host cells and in cases of
an aberrant immune system, the host cells in
general.

The part of importance for this work is the
adaptive immune system, which employs
pathogen and antigen-specific responses to
counteract the presence of foreign molecules
in the host. Specificity is achieved through
highly adaptive types of cells, the lymphocytes.
These bear variable cell-surface receptors for
antigens with great diversity, enabling the im-
mune system to specifically recognise (and
remember) a vast variety of antigens. The
cell-mediated immunity is provided by lym-
phocytes called T cells, their eponymous cell
surface receptors are T-cell receptors (TCRs).
The TCR consists of a : 3 heterodimeric recep-
tors associated with the proteins of the CD3
complex. The V domains of the extracellular
polypeptide chains of the TCR (a, 3) are en-
coded in sets of gene segments that undergo
somatic recombination to form a complete V-
domain exon during T-cell development in the
thymus. These domains form the centre of the
highly variable antigen-binding site, whereas
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the TCR periphery will be subject to little variation (Fig. 2.2, purple, ochre). The
recombination contributes to the huge diversity of the TCR repertoire, in the order of
1% 10" before thymic selection, and 1 % 10'® after®*. Thymic selection is the process
that ensures that the resulting TCR are self-tolerant and MHC-restricted. The MHC (,
or HLA in humans) molecule makes up a major part of the ligand for the TCR, and
fulfils two critical roles in the detection:

1. as the molecule facilitating the antigen presentation and

2. as part of the control measure restricting T-cell activation preventing general host
targeting

Since most pathogen activity is intercellular, i.e., pathogens invading the host’s cells
(e.g., by viruses hijacking the host’s protein production facilities) the immune system
needs a window into the host’s cellular activity to act against infected sites. This
is achieved through the presentation of peptide fragments derived from (self and
foreign) proteins, bound to MHC and transported to the cell surface of most host cells.
These peptides have been captured and bound to the MHC by specialised molecules
in the host cell that sample the protein degradation products within the host cell.
Cytosolic proteins are degraded to peptide fragments by the proteasome®, as part
of the ubiquitin-dependent degradation pathway for cytosolic proteins, maintaining
protein homeostasis®®. Damaged, misfolded, short-lived, over-expressed, including
non-self proteins, are tagged with ubiquitin by a sequential cascade referred to as
ubiquitylation. Ubiquitylation is one of the most prevalent reversible PTMs>’. The
proteasome is a large multicatalytic protease, with caspase-, trypsin-, and chymotrypsin-
like activities®”, and three ubiquitin receptors (Rpnl, Rpn10, and Rpn13), components
of a proteasome subunit®®, targeting the tagged proteins.

Transporters associated with antigen processing (TAP) will transport some of the
degradation products, peptides, from the cytosol into the Endoplasmic Reticulum (ER)
which then bind to partially folded MHC class I molecules already present in the ER,
bound to TAP via tapasin and held stable via a complex of chaperones (calreticulin
and Erp57)>°. The TAP transporters prefer peptides of eight or more amino acids with
hydrophobic or basic residues at the carboxy terminus. Peptide binding to the MHC
class I molecules completes the folding of the then stable MHC class I molecules, which
are then released from TAP and exported to the cell’s surface. The loading of MHC
class Il molecules differs®® but is not described here in detail.

The MHC molecules’ part in the control measure restricting T-cell activation is one
of positive selection. Since only the smallest and highly variable domain of the TCR
contacts the bound peptide, the rest of the TCR-binding domains must be able to make
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contact with the surrounding polymorphic surface of the MHC molecule itself. Only
T-cell precursors whose receptors can interact with the MHC molecules (i.e., they are
accepting MHC:self-peptide complexes®® as their ligands) are allowed to survive and
mature and the surviving T-cell population is thus MHC-restricted. Additionally, the
developing T-cell population undergoes negative selection. This happens by clonal
deletion if a TCR interacts with ubiquitous self-antigens, and by clonal inactivation
through tissue-specific antigens presented in the absence of co-stimulatory signals. The
surviving T-cell population is thus self-tolerant*°.

2.2.1 The HLA Molecule and Its Ligands

The human homologues of the MHC are most often referred to as HLA molecules. The
HLA locus consists of three regions, designated class I, class II, and class III based on
their proximity and function of gene products. The main function of HLA class I gene
products is to present endogenous peptides (self, viral and tumour-derived peptides),
while class II processes exogenous peptides on antigen-presenting cells (APC). In the
previous section, the HLA molecule plays an important role in mediating the immune
response. A part of this role is the presentation of antigens on the cell surface. Due to
the huge diversity of the TCR repertoire, the recognition of pathogen evidence or other
non-self peptides is highly adaptive. This must be matched with a capability to present
a huge diversity of peptides to be recognised. The HLA molecules achieve this with a
number of mechanisms, all based on the structure and origin of the HLA molecules,
explained in the following sections. The HLA class I products are the relevant molecules
for the core of this work, and only their function will be explained in more detail.

Structure of the HLA class I molecule

HLA class I molecules are expressed on almost all nucleated cells and thrombocytes.
Expression levels however vary, with liver cells (hepatocytes) expressing relatively low
levels®®. Functional HLA class I molecules consist of two peptide chains and a presented
peptide. The light f3,-microglobulin chain (~ 12 kDa), encoded on chromosome 15
outside the HLA locus, is bound non-covalent to the heavy a chain (~ 43 kDa)*!. The
a chain (~ 365 aa) has three extracellular domains, of which the a3 domain anchors
the molecule with a transmembrane region to the cell membrane and al and a2 form
the binding cleft for the presented peptide** (Fig. 2.3 (a) & (c)). The cleft is formed
from eight anti-parallel 3 sheets, forming a base, and two a helices, forming a rim,
which limits the length of the presented peptide (see Fig. 2.3).

12



Immunobiology

(@ (b) (]

Figure 2.3: The figure shows a) HLA-A*02:01 and c¢) HLA-A*02:03 with a peptide ligand
bound, the amino acid sequence differences for HLA-A*02:03 highlighted in red. b) shows
the binding motifs, and visualisation of sequence patterns of 9-mer peptides binding
HLA-A*02:01 (top), HLA-A*02:03 (bottom). The HLA molecules are illustrated with
their B,-microglobulin chain at the bottom (pink), the peptide ligand (blue) sitting in the
binding cleft formed by the al and a2 domains of the a chain (emerald, light green);
rendered from PDB:1DUY* and PDB:30X8* with Mol*.

HLA Locus Polygeny and Polymorphy Make A High Diversity of Presented Peptides Possible

The HLA variability to match the TCR comes from two sources. First, the polygeny of the
HLA locus, which has three genes for the HLA class I molecule (HLA-A, -B,-C) and three
genes for the HLA class II (HLA-DR, -DQ,-DP). The other comes from the polymorphy of
the HLA genes. Especially the regions in contact with the presented peptide are highly
polymorphic. Given an inheritance without recombination events, HLA genes are trans-
mitted on a single chromosome from each parent, and a codominant expression results
in potentially six different HLA class I molecules expressed on the descendant’s cells*.

A unified nomenclature (Fig 2.4) for the

Separatorsi ] I lEXpreSlSion SUTX different alleles discovered in the human

HLA-A*02:101:01:02N population was first introduced by the

— — —~ WHO Nomenclature Committee (1968)4°
HLA Prefix glrlstep gg;i:f T and has been regularly updated*’.

Gene Specific Non-Coding ~ 1he https://hla.alleles.org defi-

Protein Region nition of the nomenclature reads*®: "Each

Figure 2.4: Official HLA-type nomenclature HLA allele name has a unique number
corresponding to up to four sets of digits

separated by colons. The length of the allele designation is dependent on the sequence
of the allele and that of its nearest relative. All alleles receive at least a four digit name,
which corresponds to the first two sets of digits, longer names are only assigned when
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necessary. The digits before the first colon describe the type, which often corresponds
to the serological antigen carried by an allotype. The next set of digits are used to list
the subtypes, numbers being assigned in the order in which DNA sequences have been
determined. Alleles whose numbers differ in the two sets of digits must differ in one
or more nucleotide substitutions that change the amino acid sequence of the encoded
protein. Alleles that differ only by synonymous nucleotide substitutions (also called
silent or non-coding substitutions) within the coding sequence are distinguished by
the use of the third set of digits. Alleles that only differ by sequence polymorphisms in
the introns, or in the 5’ or 3’ untranslated regions that flank the exons and introns, are
distinguished by the use of the fourth set of digits."

Polymorphy, Mendelian inheritance, and codominant expression result in a huge di-
versity of HLA types found in the worldwide population. However, certain Alleles
dominate in certain populations*=!. An example can be found in Appendix B.

Structure and Polymorphy Result in Different Binding Motifs

A function of HLA molecules is to bind peptide fragments derived from pathogens
and display them on the cell surface for recognition by the appropriate T cells. The
polymorphy in the gene regions for the HLA protein that form the peptide binding cleft
yields allele-specific binding motifs, which are dominated by anchor residues at position
2 and 9°27%, HLA class I molecules typically present intracellular peptide antigens of 8
to 13 amino acids®>>~”. The sequence of peptides presented has to mirror the pockets
formed by the environment of biochemical attracting and repulsing forces formed by
the binding-cleft facing amino acids of the HLA molecule and can be measured by
large-scale observation of the peptides found binding to the HLA molecule and then
expressed with a sequence motif. The sequence motif>® represents the magnitude of
statistical occurrence of an amino acid at each position of a binding peptide by relative
height of the stacked amino acid representations in one-letter code®. Fig. 2.3 shows
(b) the ligand motif for HLA-A*02:01 from the MHC Motif Atlas® on top of the ligand
motif for HLA-A*02:03 and (a) the schematic representation of a ligand, fitting into
the binding cleft of HLA-A*02:01, with the amino acid side chains forming protrusions
of the otherwise more or less linear peptide ligand fitting into the binding pockets of
HLA-A*02:01. (c) shows peptide ligand binding of HLA-A*02:03, the three amino acid
differences to HLA-A*02:01 highlighted in red.
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HLA Typing

Using serology®! was the first method to determine an individual’s HLA allele types.
Molecular typing has since replaced serologic typing. First solutions involved DNA-
matched sequence-specific primers for the HLA region and PCR. With the introduction
of NGS, the specific genetic HLA allele makeup of a sample can be read at unprece-
dented precision. Several algorithms have been developed to help with the typing
from NGS data®®, as the substantial sequence similarity within the HLA region but
high polymorphism of the HLA loci renders HLA genotype deduction from sequence
difficult. The specific preferences of peptides presented in different HLA molecules
and a documented ®® diverse HLA genotype in the world population make HLA typing
essential for the development of vaccines, and especially important for the development
of personalised immunotherapies.

2.2.2 The Immune System in Health and Disease (Cancer)

Cancerous tumours represent the growth of an abnormal cell population, with a changed
expression profile, mutated, inappropriately expressed, or overexpressed proteins, and
following, a different profile of HLA-presented peptides. In 1909, Paul Ehrlich envi-
sioned what is now called immunosurveillance, the repression of developing tumours®’
by the immune system. Since then, it has been shown that some tumours elicit specific
immune responses that suppress their growth®%°. The concept of immunosurveillance
was later broadened into cancer immunoediting, consisting of three phases: elimination
(i.e., cancer immunosurveillance), equilibrium, and escape”°.

With growing insight into cancer development, it was possible to define the (six) char-
acteristic hallmarks of cancer”!, common traits that mark alterations in cell physiology
and drive the transformation from normal to cancer cells. These are: sustaining prolif-
erative signalling, evading growth suppression, resisting cell death, enabling replicative
immortality, inducing angiogenesis, and activating invasion and metastasis. While
the three-step progression of immune system elimination, equilibrium, and escape,
still holds true, Hannahan and Weinberg’! describe a much more diverse picture of
cancer development, later adding four more emerging hallmarks’?: reprogramming of
energy metabolism, genome instability and mutation, tumour-promoting inflammation,
and immune destruction avoidance. These emerging hallmarks effectually create a
tumour microenvironment, where the paradoxical roles of the immune system during

t”® play out. The cytokine TGF-f3, playing an integral role in reg-

cancer developmen
ulating immune responses’* (effector and regulatory CD4 (+) T cell responses), can

be tumour suppressing at early stages of tumourigenesis and tumour promoting later
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on’2. Tumour necrosis, for example, is a synergistic consequence of metabolic stress
and inflammation, and is a common histological feature. Necrotic cell death releases
proinflammatory signals into the surrounding tissue. As a consequence, a tumour
microenvironment can recruit inflammatory cells of the immune system’>7¢. Those
immune inflammatory cells are major sources of the angiogenic, epithelial, and stromal
growth factors, which can be actively tumour promoting, helping angiogenesis, cancer
cell proliferation, and invasiveness, three of the other hallmarks. Similarly, subclasses
of B and T lymphocytes may facilitate the recruitment of those tumour-promoting
macrophages and neutrophils’”~”®. Our picture of tumourigenesis and the progression
in different types of cancer is still very much incomplete. But with i.a. radiotherapy and
certain cytotoxic drugs showing double-edged effects in the tumour microenvironment
(metabolic stress, autophagy and necrosis), conflicting inflammatory responses (TGF-f3
signalling), and the overall role of the immune system, come good arguments for
research into targeted immunotherapy to (re)direct the immune cells toward tumour
destruction.

Cancer Vaccines

The facts that cancers have a changed protein expression profile (reflected by the HLA
peptides presented on the cell surface), that tumours do elicit specific immune responses,
that a hallmark of cancer development is immune evasion, all bear the prospect of
helping the immune system to better fight tumours with targeted immunotherapy.
Active immunotherapy treatments revolve around vaccines designed to (re)activate
tumour cell recognition. Since it has been shown that CD8- und CD4-positive T cells can
recognise tumour associated antigen (TAA) to induce a specific immune response8°53,
the first found and tested TAA were those over-expressed in tumours, such as tyrosinase-
related protein (TRP) 2, gp100, the cancer-testis antigens NY-ESO-1 and the MAGE
family®%. A drawback of many of those antigens is that though they are able to
elicit T-cell response, they are expressed in malignant tissues with restricted normal
expression (e.g., cancer-testis antigens). A more targeted approach was pioneered by
Rammensee et al. with the identification of naturally processed peptides®*!. The
approach also greatly helped the increasingly detailed definition of the MHC ligandome
and allele-specific binding preferences. A peptide vaccine based on naturally processed
peptides has the advantage of faster production and an easier-to-handle product than a
similarly specific approach like the adoptive T-cell transfer. It also scales better, allowing
to formulate vaccines with more than one target to avoid tumour evasion®?. Even with
more than one peptide in a vaccine cocktail, specific reactions can be documented
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for the individual peptide through immunomonitoring”®. The specific targeting also
makes it a preferable method in personalised medicine .
2.2.3 Isolation of Naturally Processed HLA Peptides

The method to identify naturally processed HLA peptides can start directly from tissue
samples or cell culture (Fig. 2.5). Tissue is lysed and solubilised proteins are isolated

d

Tissue Preparation

Eﬂﬁﬁﬁﬂ /\
&>

Acidic Elution . Ultrafiltration (10kDa)

Figure 2.5: Process of tissue preparation for HLA-peptide analysis

through centrifugation of the lysate. To control and standardise the preparation, protein
concentration can be measured through spectrophotometry. Sample UV absorbance
is measured at 280 nm, the maximum absorbance wavelength for aromatic amino
acid side chains, like in tryptophan and tyrosine residues. An approximate protein
concentration is then calculated given the concentration of a light-absorbing molecule
species is proportional to its absorbance (Beer-Lambert Law), and the concentration in
solution can be adjusted to standard.

The HLA proteins are filtered from the solution through targeted affinity chromatog-
raphy. Highly specific antibodies are available for different HLA molecule types (Tab.
2.1). The antibodies are bound to the solid phase of a chromatography column and
used to precipitate the targeted HLA molecules. Dissociation of peptides and HLA
molecules bound to the column through the antibody is achieved by acidic elution and
results in a solution of free HLA a chains, f3,-microglobulin, and formerly HLA-bound
peptides. An ultrafiltration step at 10 kDa isolates the peptides for further analysis.
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Antigen Clone HLA Class
HLA-A, HLA-B, HLA-C W6/32% I
HLA-A*02 BB7.2%° I
HLA-B, HLA-C B1.23.2%7 I
HLA-DR, DP and most DQ Tue39 II

Table 2.1: Mouse-monoclonal antibodies with HLA specificity

2.3 Mass Spectrometry-based Proteomics and Immunopeptidomics

The further analysis of the HLA peptides from the previous section, the identification of
the peptide sequences in particular, can be achieved by MS measurements. As the name
implies, MS is an analytical technique to determine the mass of molecules. In general,
MS is a valuable tool for the life sciences, in particular proteomics, immunopeptidomics,
and metabolomics, because of its great accuracy and precision for the identification
and quantification of molecular compositions from complex samples.

2.3.1 Sample complexity and Liquid Chromatography

Though MS measurements are fast (20-200 Hz?®1%) and can be used at very high
resolution (on the atomic scale, resolving isotopic peaks°!), the number of components
in complex samples usually found in the life sciences, poses a problem. This comes as
no surprise considering the size of the human proteome. Of the 20,435 human genes
curated in UniprotKB/Swiss-Prot'%? (release 2024_3) mass spectrometric evidence has
been found for 18,097 proteins'®. The amount of different compounds in biological
samples (thousands for proteins!®*), the combination of resulting peptides, and the
presence of the same compounds in multiple isotopic variances, with or without a variety
of small mass chemical modifications, multiple charge states, can easily overwhelm
signal separation for reliable data analysis'®.

To overcome the sample complexity issue, liquid chromatography (LC) can be coupled
to the MS inlet, effectively spreading the sample by physicochemical properties over
time. The liquid sample, most often already present in liquid form for proteomics and
immunopeptidomics, is pumped as the mobile phase through a separation column
containing an absorbent material (stationary phase). The most widely used technique,
reversed-phase (RP), uses non-specific hydrophobic interactions between the polar
sample and an apolar stationary phase (e.g., a nonpolar carbon chain (usually C18))
bonded to a silica base. A polar organic solvent (e.g., acetonitrile) competes with
the sample molecules for sites on the apolar stationary phase. The more polar a
sample molecule is, the higher the displacement through the solvent, the faster it
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moves through the column. Increasing the solvent concentration on a gradient will
affect less polar sample molecules later and thus effectively separate the sample by
hydrophobicity.

Proteome complexity is however still challenging with modest separation efficiency
of intact protein analysis through LC!%. Surfactants used for protein solubilisation
have ion suppressing effects, making them MS-incompatible. A solution is to digest the
proteins into peptides, e.g., with the sequence-specific protease trypsin. The resulting
peptide lengths are comparable to naturally presented HLA-peptides introduced in
previous sections, albeit on the larger side (~ 14'%7). Surfactants can be washed after
digestion, and LC of peptides generates a much smoother and equal signal distribution.
In addition, large proteins generate unnecessarily complex MS spectra, harder to
identify. As Washburn et al. 1°® established in 2001, peptides can identify proteins and
allow for many protein identifications in a single experiment. This bottom-up sample
preparation technique is sometimes also called shotgun-proteomics in reference to the
shotgun-approach of nucleotide sequencing found in NGS.

LC is also a major contributor to experiment variation. The retention time (RT)
of the sample molecules is highly dependent on the gradient and the instrument
status. High pressure is used to pump the analyte through the column to achieve
a high degree of separation. Here, flow rate fluctuations from inconsistent pump
performance or system leaks, contribute to different RT-points and elution lengths
between the same sample molecules between experiments. Similarly, subtle gradient
changes between experiments can affect the RT of the sample at different stages of
the gradient between experiments. Some sample contents or contaminants may be
strongly retained and result in ’carryover’ into the next experiment, depending on
column wash protocols in place and the use of guard columns. Finally, the age of
the column contributes to the measurement performance. Over time, the stationary
phase may degrade, microbial growth in the porous stationary phase can contaminate
the measurement, small (nonbiological) particulates from the sample preparation or
shed from the LC/Autosampler system can clog the column, sample buffer salts can
precipitate in reaction to the organic solvent and also clog the column. This creates
hard-to-precisely-recreate measurements, which needs to be considered during data
analysis. Some issues, like the RT differences, are inconvenient but can be compensated
with computational methods (e.g., RT peak alignment methods). Others are more
serious and can lead to intermittent or complete sample loss, data misinterpretation,
and require close Quality Control.
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a) c) d)

2

b

b)

Figure 2.6: LC and ESI setup commonly coupled to a mass spectrometer. a) a solvent
(mobile phase) is pumped into an c) injection valve where it can carry the b) sample
material injected from an autosampler under high pressure through d) a column with
chromatographic packing material (stationary phase). The eluting analytes form a Taylor
cone shape at the tip of the electrospray needle, from which charged droplets emerge. The
spray plume droplets get accelerated in an electric field (between the tip and MS), and
evaporate in the depressurised space around the f) MS inlet, resulting in (almost) solvent
free ions entering.

The LC/Autosampler system can be directly coupled to the MS (Fig. 2.6), which allows
for automated and high-throughput sample measurements. The instrumentation setup
is usually summarised as liquid chromatography mass spectrometry (LC-MS).

2.3.2 Mass Spectrometry

In order to achieve highly accurate and sensitive measurements MS manipulates
charged particles (ions) using magnetic and electrostatic fields. Mass is indirectly
measured by separating ions and measuring the mass-to-charge ratio of individual
ions by observation of their movement through an electric field in vacuum. The first
mass spectrometers, then called parabola spectrographs, were built at a time when
the atomic theory was not yet settled, electrons newly discovered, and the existence
of isotopes unconfirmed. This was the beginning of the 20th century, and the results
of experimental use of these mass spectrometers contributed in part to our modern
understanding of matter (e.g., the existence of isotopes). The key principle behind
this method of analysis is the defined behaviour of an ion of certain mass and certain
charge state in an electric and magnetic field, a vacuum preventing influences from
ambient molecules on the ion movement and neutralisation. The ionised molecules
have to be directed into the analysis instrumentation like the mass analyser or detector.
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As the molecules are charged, precisely applied forces of electric fields will steer the
direction. Modern setups involve several instrumentation stages through which the
ion stream has to be directed. Each MS consists of three basic components, the ion
source, the mass analyser, and the detector.

Ion Source

Only ions can be analysed with a MS, i.e., each molecule must carry at least one charge.
The ions also need to be in gas phase, so the sample in liquid form from the previous LC
separation step needs to be vaporised. The simplest techniques to create ions are pro-
cesses which impart high quantities of residual energy to the samples’ components, also
called hard ionisation techniques. The energies involved in hard ionisation techniques
would cause however unwanted degradation in biological samples. Most samples are
thermally labile, and their primary structure (e.g., amino acid sequence) is needed
intact —at least at first— for successful analysis. Methods that can accomplish this task
are called soft ionisation methods and their development for protein ionisation was
awarded the Nobel Prize in Chemistry, 2002. The nowadays predominant method in
proteomics is electrospray ionisation (ESI) and was introduced in 1985 by John Fenn
and co-workers. Here, the liquid sample solution has to have a proton or electron donor
mixed in. Depending on the donor type, positive mode (protons) and negative mode
(electrons) are distinguished. And depending on the pI of the sample molecules, they
will be ionised more easily in one or the other mode, with positive mode dominating
proteomics. The organic solvent acetonitrile used in the LC step has no proton donor
capabilities, thus formic acid can be added to enhance protonation. The conductive
mixture is pushed through a needle of very low diameter into an electric field between
needle tip and mass spectrometer. The electric field is induced through the application
of a high voltage between the tip of the needle as the positive pole in positive mode and
the MS ion inlet as negative pole. The resulting aerosol is formed of charged droplets
accelerated in the electric field (Fig. 2.6). The electric field also competes with droplet
surface tension, forming a cone shape from the droplets named after the discoverer of
the effect, Sir Geoffrey Ingram Taylor. The solvent in the aerosol droplets evaporates,
aided by heat and an applied pressure differential. Through the volume reduction in
the droplets, the droplets reach their maximal number of equally oriented charges,
the Rayleigh limit. This results in their fission, which marks the final release of the
now ionised sample molecules into gas phase. The resulting ions, carrying potentially
multiple charges, then enter the high vacuum of the MS.

As with the LC, the ion source is a potential contributor to experiment variability.
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The main factors are the spray stability, impacted by instrumentation performance,
delivering an uninterrupted at constant, suitable pressure, and a suitable voltage for a
stable electric field. This is also where ambient ions can enter the MS as contaminants.
The sample consistency and the available proton donor can impact the ion yield, some
peptide species not ionising well in positive mode, but carefully supplemented mobile

phase of the LC (e.g., DMSO) can boost ion recovery %110,

Mass Analyser

The mass analyser takes over the core part of MS, measuring the mass and charge of
the sample ions by separating the ions according to their mass-to-charge ratio. Mass
analysers can work as mass filters, letting pass only ions of a given mass-to-charge ratio
for detection. The quadrupole mass filter for example creates an oscillating electric
field created by four parallel rods, the particular ratio of voltages used to create the
field oscillation defining the mass-to-charge filtered. Through the application of a
combination of static and oscillating electric fields to the quadrupole, the axial motion
of the ions can be confined, forming an ion trap (Fig. 2.7 ¢). This is useful for the
analysis of different ion species in sequence with the same detector.

The orbitrap mass analyser electrostatically traps ions in an orbit around a central spin-
dle electrode. The electrostatic attraction of the central spindle electrode is balanced
by the ion’s velocity, hence they enter an elliptical orbit. A barrel-shaped electrode
confines the ions along the spindle axis (Fig. 2.7 f). Injected from the spindle equator,
the ions also oscillate along the spindle axis. The axial motion of the ions is a solely
mass-to-charge dependent harmonic oscillation. The orbitrap can therefore also be
used as a high-resolution detector. The difference in image currents from orbiting ions
between the electrodes can be detected by a differential amplifier. The recorded time-
domain signal can be converted with fast Fourier transform (FFT) into a mass-to-charge
ratio spectrum'%. This also allows for the detection of multiple ion species at once.

Detector

The final task in MS is to detect how many ions are passing the mass analyser for a
given ion species, representing the abundance of that ion species in the measured
sample. As already described, the orbitrap can also be used as a high-resolution
detector (Fig. 2.7 f). A more simple type of detector is the Faraday cup. Here,
incoming ions collide with a detector plate, imparting their charge, inducing a current
proportional to their abundance. Increasing sensitivity, electron multipliers amplify the
signal intensity of the detected currents. Amplification is achieved through the use of
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Figure 2.7: Schematic of a mass spectrometer with Orbitrap mass analyser. Ions from a)
ESI travel through b) ion optics for beam focus. A initial mass selection of ions can be
made in ¢) linear quadrupole ion trap, from which the ions can be transferred with d)
C-trap into either e) collision cell for peptide ion fragmentation and back, or f) Orbitrap
mass analyser.

secondary-emissive material, creating a snowball effect when used in a multi-reflection
configuration. In contrast, ions in the orbitrap move in discrete orbits, i.e., they produce
measurable signal not only on impact but over a period of time (seconds'?). The extra
measurement time and great precision possible via oscillation frequency measurement
and FFT allow for higher mass accuracy and better resolution of signal. The signal
for any detector is a pair of values per measured ion species, reflecting the mass-to-
charge ratio of the ion and its signal intensity. The measurements of multiple ion
species, as for example all ion species eluting from the LC at a given time, result in
a mass spectrum for that time point, each ion species represented as a 'peak’. The
FFT produces a continuous signal of intensity over m/z, with each ion measurement
creating a signal intensity distribution centred around the m/z of the respective ion.
Only after peak picking, that is the algorithmic determination of signal-peak centres
and intensity, the spectrum becomes a list of discrete peaks, each of which is considered
the representation of a measured ion. This also has the advantage of compressing the
data to a computationally manageable set of peaks as the original spectral data still
is represented as individual data points. Modern setups allow for high throughput
analyses at high accuracy.

Resolution, accuracy, dynamic range, sensitivity, and speed

The resolution of a mass analyser is defined by the minimal distance at which the
peaks of two intensity distributions can still be distinguished. This distance is usually
defined as the full width at half maximum (FWHM) intensity of the peak. Commonly,
the mass resolving power of an instrument varies with the mass range observed, so
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it is given by R = M /6 Msy,, where 6 Msq, is the minimal FWHM at a certain mass
(order of magnitude) M, which itself is defined by the frequency resolving power of the

instrument !

. The higher the resolving power of the instrument the narrower each
signal intensity distribution gets and the more defined signal peaks of close masses are
resolved. This also means better mass accuracy when the signal intensity distribution
(also known as signal profile) is getting ’peak picked’!'?, i.e., transformed into discrete
values by picking the most likely peak centroids to represent the ions observed. Lin-
ear ion trap mass analysers are considered to produce lower resolution spectra (unit
resolving power and 20-40 ppm accuracy for the quadrupole ion trap'!®, where unit
refers to 1 Da, the peak distance at which each isotopic peak for every singly charged
ion is nominally separated) than orbitrap mass analyser (2-5 ppm), but also require
about an order of magnitude fewer ions for an analytically useful spectrum .

The mass accuracy can be defined as the ratio of the m/z measurement error to the
theoretical m/z and can be given in parts per million (ppm). In practice, identification
algorithms can take advantage of precursor ions measured with high accuracy (e.g.,
survey scans measured in the orbitrap, to improve the identification). Over the course
of measurements the mass accuracy can drift, likely to be caused by external measure-
ment parameter changes like ambient temperature changes!!*. Internal calibration can
help to keep the accuracy of measurements in a run at tolerable levels. Here, ubiquitous
contaminants like polysiloxanes, deliver lock masses to which a measurement can be
adjusted ''*. When necessary, external calibration with standard analytes, or software
lock masses from unambiguously identified peptides!!®, can also be used to reset the
measurement error tolerance levels. The intensities with which the m/z values for ions
are recorded in modern MS are growing linear in relation to the ion abundance only
in a given dynamic range, up to four orders of magnitude!*® for orbitrap instruments.
This is important when comparing abundances of substances with significant mass
difference. To ensure a linear response, robust system suitability testing is key to im-
proving reproducibility and ensuring transferable science among laboratories. Internal
calibration (IC) methods use internal standards (IS) such as synthesised or recombi-
nant proteins or peptides to calibrate MS measurements by comparing endogenous
analyte signal to the signal from known IS concentrations spiked into the same sample,
but single-point external calibration strategies have been reported!'®. The peptide
abundances in biological samples can span several orders of magnitude, and some
peptides of interest may be present in very low abundance. Parameters from the setup
environment and instrument type dominate the sensitivity with which faint signals can
be confidently distinguished. One set of parameters influencing sensitivity is noise;
either stochastic from technical instrument interference or chemically from ubiquitous
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and temporarily present contaminants. Known sources of stochastic noise are signal
amplifiers susceptible to thermal noise!® and small variations of the high-voltage

17 Chemical noise can come from sample matrix ions and ambient

power supply
environment ions reaching the MS ion path. A measure of this is the signal-to-noise
ratio (S/N), which can be measured by the comparison of a sample measurement to
a blank measurement or estimated by taking the ratio of the mean intensity to the
standard deviation of the intensities or by splitting the signal from the noise by the
median intensity. On the other hand, ion transfer efficiency influences the amount of
target ions reaching the detector and thus influences the S/N from the signal side. The
measure of the S/N will determine the minimum signal an analyte must present to
be differentiated from the noise, i.e., the lower the S/N, the higher the measurement

sensitivity.

Overall Signal from One Peptide Species

Scanning the whole (preset)
mass range is called a full scan
or survey scan (MS1), as it pro-
vides a picture of all ions present
and measurable at the time the

Intensity

separated sample peptides arrive
from the LC and enter the MS
as ions through ESI. After peak

Figure 2.8: A small section of the peaks of the collective picking, the signal peaks will still
MS1 spectra. All peaks form a map, where spread elution
and measurement of peptides and their isotopes produces a
notorious pattern of peaks, or features of the peak map. Higher imations, however on a wider
intensity is colour coded with a darker colour. Circled leftis gecale over all MS1 combined.
a fairly abundant peptide ion feature, circled right are two
potential very low abundance features, as are common in HLA-
peptide runs. are generally less abundant and

form signal distribution approx-

The isotopic variants of a peptide

form a distribution around the
monoisotopic peptide abundance, the shape of which can be described by the averagine
model!® in absence of the peptide’s identification. Peptides will also elute from the LC
over a period of time, starting with a sharp rise in abundance and trailing off, forming
a peak in another dimension, the shape dependent on the gradient. These are also
known as chromatographic mass traces. The two combined signal distributions of a
given peptide species form a distinctive peak shape, i.e., a peptide feature on the peak
map, spanned by the coordinate system of RT, mass-to-charge ratio, and intensity (Fig.
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2.8). Feature detection algorithms will detect the different mass traces of a peptide’s
different isotopic compositions and assemble them into peak map features. Integrating
the area held up by the peaks is the most comprehensive method of calculating a
single representative intensity from the feature peaks, there are however alternatives,
such as the extracted ion chromatogram (XIC) representation from all peaks from the
monoisotopic mass trace. Detection of low-abundance peptide ions, as are common
in MS runs from isolated naturally-processed HLA peptides, is challenging because of
their shallow intensity distribution and most isotopic mass traces not registering above
the background-noise level (Fig. 2.8, right circle highlight).

Tandem Mass Spectrometry

Measuring the m/z of the peptide ions,

Survey Scan TORN yet with recent instruments very accurate,
D 1 4 \ is insufficient to unambiguously identify
DImMs1||Ms2|Ms2|Ms2| ... ... apeptide. Tandem mass spectrometers
A\ r can isolate a subset of ions from a nar-
Y row m/z window, as selected from the

Duty Cycle

previous survey scan, for deeper analy-

I . sis. The window size is usually chosen
Acquisition Time )

to select only ions from one MS1 peak,
Figure 2.9: Data dependent acquisition mode

: around unit size (2-4 Da) !''°. To extract
schematic

more information about the peptide, or
precursor, for which the ions are selected, a previously described drawback of alter-
native ionisation methods can be repurposed. The sample degrading properties of
fast atom bombardment are unwanted at the initial ionisation stage. Their imparted
energy can however be carefully controlled to break up the peptide ions selected,
preferably at the peptide backbone. The selected ions are transferred into a collision
cell and fragmented at a preset collision energy and time. The resulting fragment
ions are then measured in a subsequent mass analysis and detection, their spectra
recorded in tandem with the survey scan and thus called fragment or tandem mass
spectrum (MS2). The most widely used fragmentation techniques are collision-induced

) 129 and higher-energy collisional dissociation (HCD) '*!, but other

) 122

dissociation (CID
methods such as electron-transfer dissociation (ETD are used to complement the
resulting fragment ion picture by their different fragmentation behaviour. The selection
of ions from the MS1 defines the tandem mode.

An untargeted selection, usually with wider isolation windows, adjacent in subsequent
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scans, is used to create a fragment map of the whole m/z range of the survey scan.
This mode is called data-independent acquisition (DIA) and is predominantly used for
quantitative experiments, for its broad protein coverage and robust reproducibility.
Due to the usually large amount of ions present in any MS1, DIA methods still seg-
ment the mass-to-charge space covered by the survey scan into windows (~ 25Da '%%).
The peptides’ fragment ions are thus (almost) fully time-resolved, enabling DIA to
quantify sample peptides with high reproducibility at the high throughput of shot-
gun proteomics. For the identification of peptides, still, fragment peak libraries of
data-dependent acquisition (DDA)-identified peptides from the same or very similar
instrument and measurement setup need to be prepared. Newer machine learning
methods have been developed '**, however, instrument and data analysis requirements,
as well as identification sensitivity of DIA!?® leave DDA as the method of choice for this
work. For deeper insight to liquid chromatography coupled tandem mass spectrometry
(LC-MS/MS) and all its applications, the reader is referred to the extensive body of
review literature 26133, The DDA mode (Fig. 2.9) selects the n most abundant ions of
a MS1 for fragmentation analysis. This obviously introduces bias to the analysis, which
must be considered for the sample, instrument, and experiment type. The higher n,
the more fragmentations have to be conducted, equalling more time consumed, in
which newly eluting analytes might be missed. The lower n, the more low abundance
ions might remain unanalysed. There are however mediating methods available (e.g.,
dynamic exclusion) where for some time after fragmentation analysis of a selected m/z,
that mass is excluded from the top-n list. Ions can also be selected or excluded accord-
ing to their charge state. As common ambient contaminants like plasticiser ions tend to
be singly charged, as opposed to usually doubly or higher charged peptides, excluding
singly charged from collection can prevent their fragmentation and reserve scan time
for potentially better targets. Also, an operator-selected inclusion list of masses can
be forced to override the top-n list if present. With DDA, broad coverage of peptide
ions on MS2 level can be accomplished, though reproducibility may also depend on
less controllable factors like slight abundance differences by sample preparation'3*13
introducing top-n competition 3%, This is prominent in isolated naturally-processed
HLA peptide runs, where many low-abundant ions can be present.
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The fragmentation of the ions reveals additional
information on their composition. During colli-
sion, covalent bonds are broken and the ion dis-
sociates typically into two fragments. Multiple

backbone breaks give rise to internal cleavage ions.

The charge of the precursor ion is distributed on Figure 2.10: Peptides tend fragment at
the peptide-bond backbone, creating char-
acteristic ion patterns. Shown is the frag-
detectable). The accepted nomenclature for frag- ment ion nomenclature for a peptide of

ment ions!*%*! is demonstrated in Fig. 2.10. N four generic amino acids with residues
R,_4. The a/b/c ions are enumerated
starting from the N-terminus, the x/y/z
minal fragment ions either x, y or z. A subscript ions from the C-terminus.

the resulting ions (uncharged molecules are un-

terminal fragment ions are either a, b or ¢; C ter-

indicates the number of residues in the fragment,

a superscript indicates the charge state of the ion. Where peptides fragment largely
depends on the dissociation method, but may also depend on the primary sequence,
the amount of internal energy, and the charge state. For CID, the majority of fragmen-
tations occur at the backbone of the peptide, generating predominantly b and y ions;
ETD generates primarily ¢, y, and z ions'**. The resulting ions correspond to prefixes
or suffixes of the precursor ion peptide, forming ion series, from which the sequence of
the peptide can be inferred.

Applications to the annotation of identified spectra can be found in Chapter 3 (Fig.
C.1) and Chapter 7 (Fig. 7.3).

Quantitative Methods

Quantification of proteins in a biological sample is, next to the identification of said
proteins, one of the key tasks in proteomics that can be accomplished with MS. Due to
the necessary sample preparation, only peptides can be measured reliably in complex
samples. Unique peptides can stand for the parent protein quantities, however, the
assignment of peptides to proteins is not always uniquely possible, and peptides may
need to be aggregated at protein-group level by protein inference*>**. A common
method is the relative quantification across samples. Here, quantification techniques
come as labelled and label-free approaches.

The labelled approaches include the labelling of the samples, either in vivo through
metabolomic labels, or in vitro, with chemical labels, attached to the prepared peptide
samples before MS. The chemical labels are usually designed as isobaric tags, attaching
to the peptides. Upon fragmentation as preparation of a tandem spectrum measurement
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of a labelled peptide, the label dissociates into a neutral padding mass and a reporter
ion with a mass specific to the label type. The reporter ion peak intensities represent
the relative abundance of the labelled peptides. Because each sample gets a different
label type applied, the samples can be mixed for one single measurement. This method
is called multiplexing and can avoid instrument-related run-to-run measurement varia-
tions, improving the precision. Another benefit is that the quantification is done on
exactly the same spectra as the identification, reducing data analysis complexity. The
ion suppression properties of the chemical labels can however affect the accuracy of
the quantification.

Multiplexing is also possible with metabolomic labels, where stable isotopes are intro-
duced to the growth medium of a particular sample group (e.g., for an experimental
condition). More precisely, the amino acids in the growth medium are synthesised
with stable isotopes, such as '3C or >N, which results in a computable mass shift in the
peptides of the labelled sample. This technique is economically feasible only for cell

cultures, and in extreme cases small animals %

, due to the amount of necessary stable
isotopes and purity requirements of the synthesised amino acids, and fittingly called
stable isotope labeling by amino acids in cell culture (SILAC). Peptides from different
samples are thus distinguishable by mass, otherwise chemically identical, i.e., are
expected to elute at roughly the same time and display the same ionisation response.
They can therefore be multiplexed into one measurement and compared without the
assumption of a label bias to the quantification. SILAC is an MS1-level quantitation
technique, as opposed to the previously described techniques, where the quantities
were derived from the MS2 level. For best quantitative measurement fidelity on the
MSI1 level, the peptide features must be detected and their constituent peak intensities
included in the quantification. They can then be linked with MS2s identifications,
further linked into feature tuples of the same RT, identification and expected mass
shift. From there, it is straightforward to calculate their peptides’ fold change between
conditions or save them for further analysis.

Without labelling, no multiplexing is possible, but comparing peptide quantities be-
tween several biological samples is still possible. Label-free quantification is an MS1-
level based quantitation method, and therefore the peptide features need to be detected
and identified, however now also need to be linked between the individual MS runs for
each sample. An advantage of this is that it scales well to large numbers of samples and
experiments, compared with labelled methods, where the number of different samples
is limited by the complexity of the label, e.g., 8-16plex for TMT, and limited in the num-
ber of experiments by the costs of the label. Successful label-free feature linking relies
on the algorithms to correctly link corresponding peptide features. Algorithms have to
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compensate for chromatographic RT variation between runs and other variations such
as in instrument performance and measurement conditions subtly shifting over instru-
ment operation time (n.b. runs over a study are not necessarily measured successively).

2.4 Computational Mass Spectrometry, Immunoinformatics, and

Integrative Bioinformatics

Running long gradients and acquisition of high-resolution mass spectra yields an
enormous amount of data that needs to be processed efficiently. Various instruments
and experimental techniques are employed in current research in order to answer
complex biological questions. This variety in experimental setups raises the need for
highly flexible and efficient computational approaches to analyse experimental data.

2.4.1 MS Data

The variety of experimental setups is reflected in the data. Mass spectra are commonly
recorded in continuous profile mode and can be converted as described to discrete peak
data before storage. Depending on the instrument settings various contextualising
metadata can accompany each spectrum, e.g., trap fill times or fragmentation energy
used. Modern instruments create thousands of spectra per run, themselves containing
hundreds to thousands of data points (peaks), and this abundance is reflected in the
analysis data for identification and quantification. Scientific and commercial software
vendors for proteomics data analysis, as well as the data producers themselves, quickly
realised the benefits of common data standards for compatibility. With the mission
to facilitate community-driven standardisation in proteomics data reporting, the pro-
teomics standards initiative (PSI) 1#®'47 was formed from within the Human Proteome
Organization (HUPO). PSI has created data standards and reporting recommendations
for consistent and concise data publication, sharing, and archival. Widely recognised,
the mzML'*® format for storing measurements from a MS experiment, builds the basis
for the common exchange and storage formats the PSI has developed. As part of
this work, more data standards for quality control, identification, and quantification
analysis will be described in more detail in Chapter 3.

2.4.2 Quantification

The mass spectrometer, sometimes called a molecular scale for its ability to measure the
mass-to-charge ratio of ions is best suited for quantitative proteomics. The quantitative
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methods described previously depend on the correct detection of peptide features, and
a representative abundance estimation from the peak intensities involved. This can
be done by assembling the peaks of consecutive MS1 spectra that can be attributed
to an isotopic variant of a peptide. Should no identifying information be available at
time of analysis or kept independent on purpose, features can still be detected. As
described, the general feature shape is defined by the elution profile and the natural
isotope abundance in the amino acids. Without internal or external standards to
calculate a calibration curve over intensity and mass ranges observed, conversion into
concentrations is not feasible. But relative quantitation between different conditions
can be established, if samples of the conditions are measured, and fold-ratios for the
identified quantitative entities matched between the runs are calculated.

2.4.3 Identification

The quantification of proteins is a key task for mass spectrometry-based proteomics,
but depends on another task, the identification of proteins, for the correct interpre-
tation of the acquired quantitative values. The described fragmentation of precursor
peptide ions in MS2 reveals the subtractive masses of the amino acids in sequence per
fragment ion type (a/b/c, x/y/z) against the peptide precursor mass. With complete
ion-type mass ladders, the peptide sequence can be inferred without further input of
information. Algorithms for de novo identification have to deal in practice however
with incomplete fragmentation, noise peaks, internal fragmentation peaks, and the
combinatorial burden that comes along with many types of peaks that have to be
considered.

A more robust method for the identification requires additional information in the form
of a sequence database.

Database Search

Sequence database search engines for fragment spectra leverage the information
gained from creating theoretical spectra from database sequences to match against the
experimental spectra. The protein sequences in the given database are in silico digested
using the specific cutting rules for the protease used in an experiment. Unspecific
digestion is used if no clear-cutting rules can be applied (e.g., for HLA immunopeptides).
For each experimental spectrum, the sequences can be filtered for theoretical masses
matching the precursor ion at given tolerance. Further mass-influencing conditions of
the samples’ peptides need to be considered in the theoretical spectrum generation,
like the presence of PTM, simple oxidations, or chemical modification introduced by
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Figure 2.11: Database-driven peptide identification process from fragment spectra

the sample preparation. Theoretical spectrum generation can also be tailored to the
mode and energy settings of the fragmentation used. The match between candidate
theoretical spectra and experimental spectra is scored with a search engine-specific

score 149-152

and reported as peptide-spectrum match (PSM). One obvious drawback
is that sequences have to be known and included in the database to be identified,
which can be resolved with additional genomic sample analysis. A further drawback is
the statistical error rate when making many comparisons against the many fragment
spectra included in a common MS proteomics run, further described in the next section.
Another approach is to use databases of identified spectra, so-called spectral libraries,
to transfer identifications to new spectra. Difficulties for the approach lie with the
transferability of spectral libraries between MS instrument types, and mainly with the
incapability to detect novel peptides, indispensable for individualised proteomics and

immunopeptidomics.

False Discovery Rate

The problem with the sequence database search approach is that it compares multiple
candidate theoretical spectra to each fragment spectrum, and will do so for each
spectrum in the run. This makes the approach a case of the statistical multiple-testing
problem. Conducting a statistical test, one can choose a significance level (a) to set
a threshold for the risk of making a type I error (false positive conclusion). The test
statistic would then be calculated from the observed result and the value distribution
under the null hypothesis (e.g., no relationship between the peaks observed and the
sequence matched). The resulting p-value is the probability that the test statistic
under the null hypothesis produces values at least as extreme as the observed value.
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Given the chosen a, the null hypothesis is then either accepted (p > a) or rejected
(p < a). Further, because the p-value is the probability to observe a result at least as
extreme in one test, with more independent tests (e.g., different sequences matched to
a spectrum) conducted, the likelihood of random matches (false positives) increases.
Several methods to control this error rate for multiple tests exist. Controlling the
family-wise error rate (FWER) is to control the probability of making one or more
type I errors, among all tests. The most conservative method for FWER control is the
Bonferroni method, choosing an acceptable FWER over all tests, and dividing it by the
number of tests yields the significance level for each individual test to keep the FWER
below the chosen value. Choosing the right value distribution for a PSM however is
not simple, given that:

* the search space from the database does not necessarily cover all peptide species
in the sample measured

* spectra derived from nonpeptide-ion species may be assigned database matches

* no perfect match scoring is available, hence incorrect peptide sequences may
outscore correct sequences

Also, controlling the FWER comes at the expense of statistical power, guarding against
the occurrence of false positives leads to many missed findings, which for identification
purposes may be unwanted. The false discovery rate (FDR) was developed>® to only
control the expected proportion of falsely rejected null hypotheses (false positives). The
FDR is the expectation of an unobserved (unknown) random variable, the proportion
of the rejected null hypotheses which are erroneously rejected. The positive FDR (or
pFDR) can be expressed as a Bayesian posterior probability

Fp

where FP is the number of false positives and P the total number of positives, given
there is at least one rejected hypothesis. A measure of significance can be assigned to
each statistic, the q-value '**, which is similar to the p-value, but incorporates a multiple
testing correction under the pFDR. It is also much easier to calculate for PSM with the
‘target-decoy’ approach *°, avoiding a direct estimation of the value distribution under
the null hypothesis. In the target-decoy approach, it is assumed that random matches
(false positives) should occur with similar likelihood in a target database as in a decoy
(reversed, shuffled, or otherwise randomised) version of the same database. Thus, the
number of random matches in the target database can be estimated by the number
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of matches in the decoy database. For reversed-decoy databases, it can generally be
assumed that there is a 1:1 correlation between target and decoy sequences. Cutoff
values from the ranked PSM (using an arbitrary identification score) can thus be chosen
for a targeted FDR (e.g., "a score threshold of 4.14 yields 4 decoy PSMs and 919 target
PSMs, implying an FDR of 0.35%"!°%). The FDR as a function of the scoring will not
likely be strictly monotonous as there will be a range of scores for a given number of
decoy PSMs. Empirical g-values can be calculated from the ranked PSMs best to worst
(from both target and decoy databases, only the highest scoring match per spectrum),
reflecting the minimal FDR with a certain score or worse. Each g-value is assigned
by dividing the cumulative number of decoy matches by the number of cumulative
target matches in order from best to worst. Controlling the FDR at a given percentage

a

threshold & is then cutting of the list at g-value > 5.

2.4.4 Analysis Tools, Frameworks, and Workflows

Given the number of tasks described that need computational analysis with dedicated
algorithms, there is a thriving and diverse ecosystem of software, providing solutions.
As seen in the previous descriptions of different methods and analysis approaches,
many challenges share common features or data input needs. It is for this shared
basis of tasks that common frameworks were built to reduce development redundancy,
pool development and maintenance efforts in scientific software, and enable the
development of new algorithms with code infrastructure for common tasks already in
place. Here, we introduce two open-source frameworks, one for computational MS
and one for immunoinformatics, that were crucial for the work presented in this thesis.

OpenMS

As seen in the previous descriptions of mass-spectrometry methods, there are numerous
common core tasks, like the discovery of peptide features in peak maps or the control
of the FDR in a set of identifications, for any particular MS method’s analysis. From a
data analysis development standpoint, too, there are many common structures that
need to be handled efficiently, like reading spectra and handling large amounts of
peaks. To allow flexibility in data analysis, it is advantageous to split computation into
manageable steps, for parallelisation of analysis for large datasets with many individual
runs, and the combination of different methods to design an analysis workflow tailored
to a specific type of experiment.

OpenMS is an open-source development framework that unifies these three mainstays
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of computational MS. Reflecting the described conceptual aspects, the framework
operates on three layers:

1. The OpenMS core library is a C++ library that provides functionality for the
development of new applications through available implementations of estab-
lished analysis algorithms and for the development of novel algorithms through
common data structures and a testing framework.

2. The OpenMS Proteomics Pipeline (TOPP) provides ready-to-use applications for
common analysis steps and makes it easy to compose new applications using
the core library to create specialist applications for data analysis from new MS
methodologies.

3. The OpenMS workflow integrations allow the chaining and orchestration of
analysis steps for the design of custom data analysis on large datasets.

OpenMS 7 saw its start in 2003 as an academic initiative led by Prof. Knut Reinert (FU
Berlin) and Prof. Oliver Kohlbacher (EKU Tiibingen). As the name implies, OpenMS is
based on the open-source software model. It is licensed under the permissive 3-clause
BSD license, which allows to freely use OpenMS in both academic and commercial
contexts. The openness is also reflected through the broad support of operating systems
(all major operating systems Windows, MacOS, and Linux).

As a C++ library, the OpenMS core offers a broad suite of functionality and data struc-
tures to computational biologists and bioinformaticians with sufficient programming
skills to efficiently develop new algorithms. The implemented data structures are de-
signed to work flexibly with MS data (proteomics, metabolomics, chemistry) and adhere
to open data standards for reading and writing mass spectrometric data, and analysis
results. The OpenMS core library makes use of other external open-source libraries
to leverage specialist solutions to computational problems such as machine learning
(1ibSVM), optimisation (Coin-OR), and visualisation (Qt). Providing over 1,300 classes,
the library supports an extensive set of mass-spectrometry related representations
(peaks, spectra, mass traces, chromatograms) and tasks (algorithm implementations,
network and file I/O, GUI). With the pyOpenMS bindings for Python, OpenMS can
speed up application development and integration with other software (i.e., software
that can interface with Python such as R). Efficient algorithms for signal processing,
identification, quantification, data filtering and visualisation provide the basis for TOPP
tools. These are command-line applications for well-defined steps within the analysis,
like feature-finding, the composition of a decoy database, or the filtering of identifi-
cation data at a given FDR level. MS is a highly dynamic field, with new instruments
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frequently introduced by manufacturers and new experimental methods published in
rapid succession. Adapting data analysis sometimes means changing the sequence and
type of analysis steps, sometimes the subtle changes to some analysis functionality, and
sometimes the implementation of novel algorithms to solve conceptually new analyses.
OpenMS is designed in a modular fashion, which allows flexible analysis designs with
a high degree of customisation for every occasion. One of the main aspects that afford
OpenMS the analysis design flexibility with the split of functionality into TOPP tools
is their ability to efficiently hand over data through the adoption of data standards
throughout the framework. Another aspect is the TOPP tool integration into workflow
orchestration systems like Konstanz information miner (KNIME) and Galaxy, which
will be described in more detail in Chapter 6. With these it is possible to rapidly design
new workflows, flexibly add post-processing scripts and visualisation, and automate
analysis on a large scale.

A focus on reusable code and a breakdown into common tasks has given the large base
of OpenMS developers some ease of maintenance over two decades of development.

FRED2

With the increased understanding of the complexities of the immune system and more
experimental data available, over the last decades, the availability of software modelling
aspects of the immune system, e.g., HLA-epitope prediction, antigen processing, and
vaccine design has increased. To enable large-scale analyses, the integration and
evaluation of methods and models was necessary. To this effect, the first iteration
of the framework for epitope detection (FRED) was developed. Written in Python,
it had a modular design for the integration of external methods. To leverage the
full advantage of a tool development framework on the basis of FRED, as seen with
OpenMS, FRED2 was developed. Immunological and biomedical research requires
multiple tools and data sources for effective data analysis workflows. FRED2, as an open-
source immunoinformatics framework, offers access to data and immunoinformatics
applications under a unified framework. With Python as its implementation language, it
provides a low entry threshold for developers and supports the development of complex
applications through a massive developer base and choice of 3rd party open-source
modules. Through a focus on common data structures and function interfaces, the
interoperability of tools in FRED2 is much improved and makes the implementation of
new algorithms less complex. The permissive three-clause BSD license allows for it to
be freely used in both academic and commercial contexts. File and database adapters
allow for a rich variety of data sources as input to data analysis. The integration of
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external applications and workflow orchestration integration make it a powerful tool
to design and adapt complex analysis workflows for a wide variety of applications.
As part of this work, FRED2 will be described in more detail in Chapter 5.

Workflow Orchestration Systems

The utility of combining tools for specific tasks in a data analysis was already described
in the OpenMS section and is similarly true for FRED2, but applies to data analysis
in general. The requirement to make inputs and outputs compatible between tools
of a workflow is a tall order, but the benefits are as tall in return. With workflow
orchestration systems, not only is a flexible and uncomplicated design of workflows
possible, but the automated analysis of datasets at unprecedented scale. Galaxy'®®
provides user-side graphical construction of a workflow of genomics tools in a web
browser, and server-side data access and tool execution. Availability of powerful
compute infrastructure was an early requirement for genomics data analysis, as many of
the first processing methods as well as the size of single run datasets would overwhelm
most personal computers at the time. The Konstanz Information Miner'>® (KNIME) is a
data analytics platform for visual design of workflows in a modular fashion. Workflows
can be run on local hardware as well as on remote compute clusters. An open source
community behind KNIME offers a rich environment for data analysis, from statistics
and visualisation to machine learning, and domain-specific data analysis tools beyond
proteomics. A unifying layer to different workflow systems’ tool access can be provided
by the Common Tool Descriptors (CTD) '®° to increase tool compatibility. As part of this
work, KNIME and its integrations will be described in more detail in Chapter 6. Other
workflow orchestration systems place less preference on visual workflow design aids
and address a more code-oriented audience. Nextflow '** workflows are implemented
through a declarative language, and the input and output connections between tools
have to be handled explicitly, therefore a robust knowledge of all tools involved in a
workflow is required. Instead, a deeper focus is placed on the integration of, and easier
access to different (cloud) compute infrastructures and software provision through
containers.
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Chapter 3

Data Integration for Automated Work-
flows

This chapter includes partially identical or adapted content with permission from:

The mzldentML Data Standard Version 1.2, Supporting Advances in Proteome Informatics
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3. Data Integration for Automated Workflows

3.1 Introduction

Motivation

Life sciences, and computational MS, in particular, are data-intensive sciences. And
the growth of data has so far followed an exponential trajectory as evidenced by the
amount of experimental mass spectrometry-based proteomics data submitted to the

proteomics identifications database (PRIDE) archive 62

since 2012, now amounting to
several thousands of terabytes of data. Clearly, automated data analysis is necessary to
leverage the insights possible from the data accumulated. Experiment data analysis
is dependent on stable data in- and output to run automated and reproducible in
different computational environments or workflow setups. To any workflow, both
primary inputs and intermediate result files, the use of open standards to represent the
MS (analysis) data provides great benefits to all parties. Open community standards
offer data representation to facilitate exchange, comparison, and verification. They
simplify, or at least stratify implementation efforts for analysis tool vendors to reach a
wider audience and maintain compatibility with other tools. Fortunately, for MS and
proteomics data, there are usually various alternatives of analysis tools to accomplish
a given task within a data analysis workflow. The decoupling of raw MS data from
vendor-specific formats with mzML was a first step to unlocking many data analysis
possibilities for data producers. The next steps for a robust and thriving data analysis
environment are to integrate identification and quantification data analysis based on
the raw MS data into the standards ecosystem and unlock data analysis possibilities in
a similar amount. However, the data derived from identification and quantification
analysis is more diverse than the raw MS data. Identifications are dependent on
external data input, there is a multitude of different quantification methodologies and
they depend at least to some extent on prior identification, and both identification and
quantification include possibly multiple levels of statistical control that need careful
documentation. The diversity is what actually makes data standardisation so appealing.
When using the data in standard format as a handover medium between specialist tools,
the user does not have to rely on one tool to provide all (e.g., using different methods
of decoy generation, applying FDR control on different levels, or applying statistical
post-processing), so the data analysis workflows can become more powerful as their
possibilities grow with tools integrated. Bioinformatics deals with data from all the life
sciences and has matured to a point where for most steps in any established analysis, a
specialised tool or function library exists. In the right circumstances, these tools can be
combined to conduct the complete analysis without the need for case-by-case software
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development. Data standards provide these right circumstances.

Reisinger et al.!®3

assessed in 2008, that during the last decades, various fields of
molecular biology have seen the adoption of high-throughput methods and to this end,
data analysis was faced with a growing collection of very heterogeneous types of data.
Since then, a dedicated community has formed from within the HUPO addressing the
topics of data format standards, and controlled vocabularies for mass spectrometry-

based proteomics.

Background

The mission of the PSI'*®147 of the HUPO is to facilitate the community-driven standard-
ization in proteomics data reporting. One of the groups’ earliest open data standards,
the mzML'*® format for storing a MS experiment’s information, is implemented in the
vendor-neutral extensible markup language (XML) data format. Its cross-community
acceptance has shown wide-reaching success, not the least because of its capability
to flexibly capture important metadata in an easily accessible fashion. Building on
the proven structures used to design mzML, and incorporating components derived
from the Functional Genomics Experiment data model'** (FuGE), mzIdentML'®> and
mzQuantML'®® have been developed to facilitate the convergence of data standards
for high-throughput, comprehensive analyses in biology.

Other preceding open formats for MS identification data also influenced the mzIdentML
standard design. For example, the pepXML format!®” was developed at the SPC/Insti-
tute for Systems Biology for the common storage, exchange, and processing of different
MS/MS search engines and subsequent peptide-level analyses from software tools
mainly from within the Trans-Proteomic Pipeline '°® ecosystem. OpenMS’%° XML repre-
sentations of data structures for the TOPP tool internal handover of identification data,
idXML, also contributed conceptual inspiration to the mzldentML design. Likewise
did the other OpenMS XML representations of data structures for quantitative data,
featureXML and consensusXML, to the design of mzQuantML. For quantitative data,
text-based analysis-specific formats, dominate the mode of data exchange. Like the
quantitation report of mascot server, which provides quantitative information on a high
level without evidence trace and focuses mainly on labelled quantification methods.
Also, existing XML-based formats like OpenMS’ featureXML, had their final destination
as a text-based export (via the TOPP tool TextExporter) to feed into statistical software
for final, high-level analysis. The technically very different needs of reporting and
exchanging quantitative data versus archival with exhaustive evidence trail and step-by-
step analysis documentation gave rise to the more condensed design of mzTab. Here,
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the dominant role of identifications to the quantification data inspired the design of
mzTab to function as a compact format for both identification and quantification data.

3.2 The mzldentML Format for MS Identifications

The mzldentML format has also proven effective in avoiding considerable wasted
effort in writing custom data adaptors to keep data analysis workflows compatible
with rapidly changing proprietary formats through widespread adoption in many MS
identification software and analysis workflows. To keep the format compatible with
the latest identification methods and to improve usability, its format specification has
been updated. This section describes our work, based on the initial mzIdentML format
specifications (v1.0 and v1.1), implementing its use within OpenMS, and to refine
general usability of the format, adding support of additional use cases with mzIdentML
format specification (v1.2) }7°.

3.2.1 Methods

The methods section is split into two subsections of design rationale and structure (of
mzlIdentML) to better reflect the substance of developing, discussing, refining, and
implementing file formats.

Design Rationale

Two previous versions of the mzIdentML format have been released, with each iteration,
improving existing, or introducing new use cases. Its main design goal is to provide
"systematic descriptions of polypeptide identification and characterisation based upon
MS" (v1.0), i.e., to represent the outputs of proteomics search engines.

Several design rationales guided the specification processes behind its main goal:

1. To provide a format for sharing identification data and to serve as a unifying data
representation layer for the many search engines available, the structure needs to
be flexible enough to accommodate the identification results from a wide variety
of identification approaches.

2. To provide sufficient result detail depth to serve as archival and data-sharing
format, an evidence trail to the input data of the identification process needs to
be provided, therefore the format needs to work closely with mzML, but also
vendor-specific formats.

imzIdentML specification documents: https://www.psidev.info/mzidentml
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3. The details of identification need to be represented for spectrum identification and
subsequent identification processes (e.g., protein inference). The format needs
to hold the results from an identification data analysis with the primary results
being the scored spectrum identifications, but also groupings formed thereof as
done in protein inference.

4. Multiple search protocols may be applied to a particular spectra file, and the identi-
fication of multiple files may be considered together (e.g., with a pre-fractionated
sample), the format thus needs to capture both application of different search
protocols, and the application to several spectra files.

5. To enable result evaluation and improvement, the format needs to hold multiple
scores for an identification process, represent combined identifications with meta-
scoring, and report cut-off values and selection criteria for a final report, and
software configuration details, therefore also acting as a format to share best
practices.

From the start of the design process, it was clear that not all use cases involving
MS identification data could be covered in a first version' (see v1.0, v1.1 for initially
developed use cases), and extensions to the format must be made to accommodate
important emerging use cases and new methodological developments. Following, new
support scenarios have been added with mzIdentML (v1.2)'.

* Represent the identification results from different experimental techniques, in-
cluding for example different labelling techniques or cross-linking.

* Store the results of MS/MS cross-linking approaches, whereby two peptides cross-
linked using chemical reagents or biologically occurring modifications have been
identified.

* At a basic level of detail, also store the molecular interaction data that can be
inferred from cross-linking approaches.

* It should be possible to represent statistical values or scores associated with the
positions of modifications on a polypeptide’s chain of amino acids.

* It should be possible to represent the statistical values or scores associated with
peptide identifications, formed from groups of redundant PSMs reporting on the
same peptide.
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Structure

Following the design rationales, information in mzIdentML has been divided into
multiple elements under the document root. These can be roughly categorized into four
types (Fig. 3.1). The first is a collection of metadata for provider details, bibliographic

mzldentML Top-Level Elements

‘Provider Details’
1. Metadata < 2 4
AnalysisSoftwareList
AnalysisSampleCollection
2. Samples and J X J
Sequences ( ) g
SequenceCollection

AnalysisCollection
3. Protocol and \ J

Analyses f h
AnalysisProtocolCollection

V[

DataCollection

L A

4. |dentification Data

Figure 3.1: Overview of the top-level elements of mzIdentML with categorical grouping.
The meta-data section also includes top-level XML attributes, indicated here as provider
details.

references, controlled vocabularies of terms used in the document, and software used
in the analysis. In the next category are lists of sample descriptions that were measured
and identified, and amino acid sequences plus their sequence database entries used for
identification for later referencing in the next categories. The elements of the third
protocol-and-analyses category connect input data and search engine results within the
context of the applied search protocol, and finally, a fourth identification-data category
holds the details of input data and search engine results (i.e., spectrum matches).

From the rationales above, it becomes evident that the format must handle a high
level of interconnectedness, both within the data of one file and between different files
(of potentially different PSI formats). As a result, the elements within the structure
of mzIdentML have a mandatory W3C XML!”! Schema Definition exsd:id attribute,
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giving each element a referenceable anchor, unique within each file. To allow for
efficient storage of multiple identifications, individual elements of the four categories
(1. metadata and software, 2. samples, and sequences, 3. protocol and analyses, 4.
identification data) have subordinate collection elements according to their type and
are then only referenced throughout an mzIdentML instance to reduce information
redundancy.

The bulk of identification results is kept within the fourth category, which is comprised

mzldentML Structural Relations

— N
QSequenceCcﬂlection ]o— = D
SpectrumlidentificationList
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AnalysisCollection ]__ SpectrumldentificationResult
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Inputs ] .
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AnalysisData J q =i ? )
g
- /
[ProteinDetectionList ]—

Figure 3.2: The mzldentML format stores individual aspects of the analysis in dis-
tinct collection elements and uses extensive referencing to minimise data redundancy.
The figure shows the elements involved in reflecting the main results of the identifi-
cation analysis and their position within the formats XML schema. Arrows indicate
references in format elements to the details of other elements. Nested element repre-
sentations indicate possible multiple occurrences within a mzldentML instance. PSM
are recorded via <SpectrumIdentificationItems>, referencing <PeptideEvidence> el-
ements and scoring information via <cvParam> elements, and are contained within <
< SpectrumldentificationResult> items, referencing external files’ (preferably from
mzML) spectra. The <SpectrumIdentificationResult> elements themselves are col-
lected in a <SpectrumIdentificationList>, representing one ’identification run’, the
details of which are collected by the <AnalysisCollection> elements, referencing to the
respective <SpectrumIdentificationList>. Protein identifications are stored in one <
— ProteinDetectionList> and handle referencing the evidence trail in an equivalent
fashion.

under a collective parent element, <DataCollection> (Fig. 3.2). Within, the <Inputs>
element holds subordinate elements for detailing input files contributing to an analysis,
like search database and spectra input, or the original search engine result file. The
latter is then regarded as input to the creation of the mzIdentML instance if mzIdentML
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is not natively supported by the search engine and made compatible through an adapter.
However, only spectrum input and search database specifications are mandatory.

On the same level as <Inputs>, the <AnalysisData> element keeps the spectrum
identifications as one or more <SpectrumIdentificationList> elements, containing
<SpectrumIdentificationResult> elements, which reference a specific spectrum and, in
turn, contain the amino acid sequence matches to its referenced spectrum (or PSM),
represented as <SpectrumIdentificationItem> elements. These are referring with a
epeptide_ref attribute to the sequence and are adding corresponding confidence scores
represented as subordinate <cvparam> elements (defined by controlled vocabulary (CV)
terms). Likewise, protein detections are recorded within a <ProteinDetectionList> Of
<ProteinAmbiguityGroup> elements, which will contain any protein inference results
as <ProteinDetectionHypothesis> elements. These give evidence for any one database
sequence listed in the <SequenceCollection>. They reference the sequence through
the edBsequence_ref attribute directly and any <SpectrumIdentificationItem> in the file
implicitly through a list of subordinate <SpectrumIdentificationItemRef> referencing
these (Fig. 3.2).

The <SpectrumIdentificationResult> element references its spectrum with both a
reference to the spectra data from <Inputs> and a reference to the source peak
file’s spectrum itself by a referencing index. The type of index is defined in the
element for the spectra data by a CV term (within the <Spectrabata> subordinate
<SpectrumIDFormat>). The 22 types of encoding of the individual references for different
types of spectra data are defined in the specification document.

The <peptide> elements referenced by a <SpectrumIdentificationItem> @peptide_ref
attribute are collected in <sequenceCollection> (second category) and define a
specific amino acid sequence (with modifications if applicable). Also collected in
<SequenceCollection> are <PeptideEvidence> elements, which link the peptide to a
<DBSequence>, also within <SequenceCollection>, via references. As the name il’l’lplieS,
<DBSequence> elements can reflect the search engine’s search database input, or more
condensed, only those items with search matches. The database items optionally
include the complete amino acid sequences of the protein. With this construct of
references, the input spectra, identified peptides, and proteins can be linked together,
maintaining any possible 1-to-many relationships.

The <SpectrumIdentificationlList> and <ProteinDetectionList> elements are connected
with the respective <SpectrumIdentificationProtocol> O <ProteinDetectionProtocol> as
paired references contained in one <SpectrumIdentification> OI <ProteinDetection>
element, located under <AnalysisCollection> (third category). As such, they represent
a concrete application of a spectrum identification to a particular set of spectra. The
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protocol elements in the <AnalysisProtocolCollection> hold detailed information about
the identification process: the parameter values used in the identification process, and
reference to the respective <AnalysisSoftware> element under <AnalysisSoftwareList>.
Further details necessary for reproduction can be specified in the <
< AnalysisSampleCollection> element. Here, a description of the biological samples
used in the analysis can be given with CV terms, albeit optional. Finally, the format
needs further important metadata elements to be complete (first category). These are
the list of controlled vocabularies, which terms are used within a standard format file,
the list of analysis software and versions used to produce the included results as the
<AnalysisSoftware> elements, and root element attributes describing provider details.
This design allows for the versatile combination of input data and analysis method
combinations to be recorded and enables for faithful reproduction of identification
analyses.

3.2.2 Results

Added to the mzIdentML specification (v1.2) were several specialist use-case descrip-
tions. These, and the refined specification, were developed over multiple HUPO-PSI
meetings and regular teleconferences of the mzIldentML task-group members of PSI.
Two use cases are described in the following, explaining how, without intrusive changes
to the original schema, these can be accommodated in mzIdentML. Software consuming
mzIldentML must be made aware of the presence of any of the specialist use cases,
the files must be marked by a mandatory occurrence of a labelling CV term in the

<SpectrumIdenticationProtocol> section.

OpenMS Implementation

We implemented the mzIdentML format within OpenMS as XML stream handler to fit
into the OpenMS ecosystem of computational analysis (de)serialisation. The design
updates for the cross-linking and modification location use cases, described in the
next section, were included in the implementation. With this, mzIdentML files can be
loaded into the internal data model of identifications in OpenMS. The implementa-
tion overcomes the frequent cross-section referencing in mzIldentML through delayed
intermediate construction of OpenMS identification object structure. Conversely, iden-
tifications from the internal model can be stored in mzIdentML format through the
implemented handler, essentially building a converter from and to other OpenMS-
supported identification formats. With the derivation of the mzIdentML handler from
the OpenMS core XML handler also comes schema validation functionality, whereas
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the check for semantic validity was implemented in a separate class derived from the
OpenMS semanticvalidator to complete mzIdentML file validation. TOPP tool developers
can choose between different identification object (de-)serialisation interchangeably,
including mzIdentML, to facilitate algorithmic in- and output with compatible interfaces
within OpenMS.

Modification Location

One design update made was the inclusion of reporting modification localisation
scoring to the specification. For that, a CV term "modification localization scoring"
(MS:1002491) needs to be used as a use-case label in the protocol section.

The specification extension allows description of the score for each position of a
modification in <SpectrumIdentificationItem>. Within, the modification scores are added
as CV terms as other identification scoring terms would be (Listing 3.1), with its evalue
— attribute encoding following the schema of {modification index}:{score value}:{
<> position within the peptide}:{threshold filter passed}. The position can include a
logical "OR" as "|" if the score relates to multiple positions. For example:

Listing 3.1: A modification location score CV term encoding example

1 <cvParam accession="MS:1002380" cvRef="PSI-MS" value="1:0.03:2]3:
— true" name="modificationyrescored by, false localizationgrate
— "/>

The score type depends on the specific type of CV term (child terms of "modification
position score" MS:1002506) used, the position of the modification is indexed the same
as modifications before the update in <Peptide> elements (N-terminus = 0, C-terminus
= peptide length + 1), and lastly a simple boolean argument (true | false) for a chosen
threshold passed, true by default if no threshold was specified.

The <peptide> elements, too, must be supplied with another CV term, "modification
index" (MS:1002504) if variable modifications are present in the respective peptide.
This is the same modification index found in the encoding of the modification position
score CV term of the <spectrumIdentificationItem>. To remain backwards compatible,
the <Peptide> element attributes for the modification residue and location can still be
used and are recommended to reflect the most likely modification position.

Cross-linking Experiment Spectra Identifications

Another design update was the addition of a new mechanism to encode the identifica-
tion of cross-linked peptides. With the present cross-linking techniques, one spectrum
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may identify more than one peptide, which are either the cross-linked peptides or frag-
ments of the peptides and crosslinker. In case these values are reported, the protocol
section needs to include the CV term "cross-linking search" (MS:1002494) as a use-case
label.

The structure of the previous mzldentML standard definitions restricted the reference
of one spectrum identification to one peptide. This was solved with the formation of
peptide pairs, annotating the respective <peptide> elements with the cross-link modifi-
cation and a pair-specific identifier. The implementation of the cross-linking use case,
available in OpenMS (v2.5), can be utilised to write the results from OpenPepXL'7? in
mzIdentML or to read cross-linking identification results for visualisation in Toppview.
An example visualisation and more cross-linking details can be found in Appendix C.

Support for other specific use cases was also added to the specification, namely sample
pre-fractionation, de novo search, proteogenomics search, and spectral library search.
Further, scoring possibilities for peptide-level scoring and consensus scoring were also
built into the schema. The complete specification document of the mzIdentML standard
can be found on the PSI website' or in the PSI document repository'’.

3.2.3 Discussion

The peptide and protein identification from LC-MS/MS data and subsequent represen-
tation thereof is a fundamental part of the analytical process in MS-based proteomics.
Representing this data in an open data standard achieves compatibility with other
(PSI) formats and more importantly unlocks cross-functionality with all analytical
software tools that support open data formats in a compound effect, as for example
with MS-GF+ 172, Comet!”#, and Percolator'”>.

The continuing development and support of the mzIdentML format ensures that new
or specialised analytical developments of emerging importance, like the described
cross-linking support, can be integrated and used in established analytical workflow
environments. Implementation efforts are likely to be more efficient due to code
reuse. Thus, the MS data community can benefit from better integration of advanced
analytical methods more easily.

The integration of cross-linking support in mzIdentML through the described OpenMS
implementation brings additional benefits through the network effect of a mature
development framework such as OpenMS. These are the enrolment in continuous

i https://www.psidev.info/mzidentml/
il https://github.com/HUPO-PSI/
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integration and testing, and support for a wide variety of platforms, and an active user
base and regular training and teaching for the scientific community.

More prominently, the OpenMS integration unlocks the use of mzIdentML within work-
flow environments. This enables users to build automated workflows and (quality)
reports that are explained in more detail in dedicated Chapters 4 on Quality Control,
and Chapter 6 on Workflows.

Finally, the mzIdentML file format serves as standardised format for storing and ex-
changing proteomics identification data. The described use case extensions’ search
protocols (i.e., the parameters applied, and the method used for the identification) can
be described in sufficient detail to reproduce an analysis result. This, and its design

176V consortium to provide

as an open data format, supports the ProteomeXchange
globally coordinated standard data submission and dissemination pipelines involving
the main proteomics repositories and to encourage open data policies. This is important
for evaluation and re-use, and to effectively integrate more data into every (proteomics)
researcher’s search and discovery process. It promotes transparency, reproducibility,
and collaboration among researchers. In turn, this encourages data producers to even
further improve meta-data deposition to repositories, to improve the visibility of their

work and the wider scientific community’s knowledge base.

3.3 The mzQuantML Format for MS Quantifications

A heterogeneous range of approaches is available for quantifying peptide or protein
abundance via MS. The mzQuantML'®® standard format addresses the issue of sys-
tematic description of quantification for those different approaches for the purpose of
integration, exchange, archival, and reuse. Due to the current practices for publicising
quantitative results being even more heterogeneous as available quantification proto-
cols, the format has the potential to improve the community’s insight into quantitative
data. And, like other standard formats, it can improve tool compatibility through
shared implementations and reanalysis/reproduction efforts through a structured doc-
umentation of the experimental design and computational analysis setting.

Before mzQuantML was developed within the context of the PSI, there had been no
widely accepted format for capturing quantitative information available. Good practice
for data analysis documentation requires such a format to be able to accommodate the
quantitative data at each step of the analysis workflow and preferably keep evidence
trails. This encompasses data from both the level of the measured analyte (i.e., pep-
tides or small molecules) and their aggregates from experimental groupings as well as

¥ https://www.proteomexchange.org/
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metadata like the experimental design itself.

3.3.1 Methods

The mzQuantML specification was developed over multiple HUPO-PSI meetings and
regular teleconferences of the mzQuantML task-group members of PSI, with the author
taking a leading role in consensus building and early implementations for use-case
testing and refinement. The methods section is split into two subsections of design
rationale and structure (of mzQuantML) to better reflect the substance of developing,
discussing, refining, and implementing file formats.

Design Rationale

MzQuantML was designed to reflect quantitative information flexibly and to accommo-
date the many different possible experimental designs and quantification methodologies
to derive basic quantitative information from MS proteomics experiments and higher-
level quantitative results between different groups of measurements.

The rationales guiding the development were as follows:

1. Due to the nature of proteomics analysis with MS, direct quantitative data comes
from the signal intensity attributed to identified polypeptides. To be useful as
a general format for quantitative data, the format must be able to also repre-
sent quantitative data about proteins and protein groups. Here, ambiguity and
confidence levels from the peptide-to-protein inference must be accounted for.

2. Quantitative information can come from different parts of the MS run, or multiple
runs, depending on the quantitative method employed. Some methods also
require additional data normalisation steps to make the data comparable. The
quantitative data representation in the format should be impartial to the source
level without loss of fidelity.

3. In the field of metabolomics, similar methods for quantification with MS were
established. The format should offer, albeit limited, support for small molecule
quantification from metabolomic MS data.

4. Because of the varying nature of studies conducted, quantification can be under-
taken on multiple groups of samples with multiple steps of replication. Hence,
it must be possible to represent replicate MS runs, groupings of replicates, and
different study branches or treatment groups (for example, as study variables).
Therefore, the experimental design must be reflected.
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5. Many methods for statistical analysis may be used and combined to derive high-
level quantitative information, the order of which is mutable. A general represen-
tation of the quantitative data in order of analysis steps should be possible with
the format.

6. Quantitative information should be well integrated, without necessarily dupli-
cating the whole spectral and identification information from other formats.
From within the format, standards such as mzML and mzIdentML, should be
referenceable.

In addition, there are general principles and roles a modern format for quantitative data
should fulfil. To improve common communication on research employing quantitative
methods with MS, the format should be suitable for journals’ and data repositories’
request for submission of supporting evidence to the primary findings of a study. For this,
it should also be possible to base MIAPE'”” (Minimal Information About a Proteomics
Experiment) reports on the format. Data exchange should be possible between different
software tools within an analytical pipeline. With a full mzQuantML file, it should be
possible to reprocess or recreate the analysis, given no undocumented steps have been
taken.

With the latter lists of goals and guiding rationales, a concrete collection of use cases that
mzQuantML should support was defined in the mzQuantML specification document”
(v1.0).

* Represent final abundance values (relative or absolute) for peptides, proteins and
protein groups where protein inference cannot be performed in an unambiguous
manner.

* Record quantification values about peptide/protein modifications, such as post-
translational modifications.

* Provide abundance values at the level of a single run (called an assay in this
context) and logical groupings of runs (called study variables in this context),
which the user, for example, wishes to report relative values for.

* Provide an evidence trail for how final abundance values were calculated, such
as the features used for quantifying peptides and proteins.

* Relationships between features either on different regions of the same LC-MS run
or on different spectra that report on the same peptide or small molecule. These
are particularly required for relative quantification approaches.

V https://wuw.psidev.info/mzquantml/
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* Details about pre-fractionation, sufficient to describe the combination of multiple
input data files (e.g., raw files) into a single assay where this has been performed.

The structural design defined by these rationales and use cases is described in the
following.

Forms of Quantitative Data

As per item 2) of the design rationales, quantitative information can come from dif-
ferent parts of the MS run(s). The data can be derived from peak profiles of eluting
analytes. These are regions of peaks on the two-dimensional space of retention time
versus mass/charge, that are considered to be derived from one analyte entity, so-called
features. The features of polypeptides can be identified by their characteristic shape
owed to by the average isotopic abundance of their constituent amino acids. Further
sequence identification can be associated trough the evidence from fragment spectra
within the features’ retention time versus mass/charge envelope. If additional sample-
protein labelling methods are employed and measured against another (un)labelled
sample in the same experiment, so-called multiplexing quantification will result in pairs
or tuples of quantification features. Since those labels are non-isobaric, it is important
to include the recorded mass differences in the paired features.

Through chemical labelling after the protein digestion phase of the sample preparation
in the commonly employed bottom-up measurement technique, multiple samples can
be multiplexed to be measured in the same experiment. Here, the quantitative infor-
mation is contained in the fragment spectra of selected ions. The individual samples’
label is revealed through the fragmentation process, producing distinctive reporter
ions per label included in one fragment spectrum, with intensities directly related to
the amount of peptide ions with the respective label.

Although not as widely practised as other label-free methods, due to the underlying
selection bias of DDA MS, spectral counting can be employed to infer basic quantitative
information. Here, the observational count of identified peptides needs to be recorded
as a representation of the abundance of the respective peptide. Similarly, the precursor
intensity of identified fragment spectra’s peptide ions can be used as quantitative values.
These methods, and label-free methods in general, have the additional disadvantage
of requiring multiple experiments to be compared, where differences in loaded sample
per run can influence the peak intensity, and normalisation methods need to be applied
to compare multiple experiments.

Single- or multiple-reaction monitoring experiments focus on measuring characteristic
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fragment ions produced by one or more selected peptides. These peptides are observed
through narrow mass and retention time windows as determined with previous experi-
ments, during which also characteristic fragment ions of a particular m/z are selected.
All ions in the respective window get collected and fragmented, and the characteristic
fragment ion peaks selected to represent the abundance of that peptide. Support
for these types of experiments was not included in the first version of mzQuantML,
however introduced in a follow-up specification.

Structure

From the design rationales it is clear that, next to the quantitative information itself,
the format needs to keep additional information about the type of quantification
data contained, provenance of that data and the file itself, and external definitions
used throughout the file, or collectively: metadata. The format specification includes
elements for experimental metadata (Fig. 3.3, 1.), like <BibliographicReference>, <
< Provider> information, <AuditCollection> with information on all involved contacts,
and the experiment type in <AnalysisSummary>. While the former three elements are

mzQuantML Top-Level Elements

AnalysisSummary Assaylist
CvList StudyVariableList [ 3. Experimental
L Y ) Design
1. Metadata 1 Provider RatioList
AuditCollection PeptideConsensusList
BibliographicReference ProteinList
SoftwarelList ProteinGroupList
2. Data i ] A ] 1 L 4. Quantification
Processing | InputFiles \FeatureLlst J Levels
DataProcessingList SmallMoleculelist

Figure 3.3: Overview of the top-level elements of mzQuantML with categorical grouping.

optional and contribute more to the completeness of an experiment’s documentation
and archival purposes, the latter is essential for the correct consumption of the rest
of the elements and thus required. A <cvParam> element (or CV term) subordinate to
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the <AnalysisSummary> element defines how to interpret the quantitative values in a file,
specifically whether the data came from a:

* "MS1 label-based analysis" Experiment (MS:1002018),

* "LC-MS label-free quantitation analysis" Experiment (MS:1001834),
* "MS2 tag-based analysis" Experiment (MS:1002023),

* "Spectral counting quantitation analysis" Experiment (MS:1001836)

A <cvList> element keeps track of controlled vocabularies as source references for terms
used in a mzQuantML file.

In a similar manner, the format accommodates a number of elements for the documenta-
tion of analytical parameters, connecting the various files of input with analysis software
and parameters used. The data processing involved (Fig. 3.3, 2.). The <SoftwareList>
element tracks the software and versions used in the analysis. <InputFiles> tracks
the name, location, format, and type of inputs that enter the analysis, and the <
— DataProcessingList> element tracks the analysis steps taken with a combination of
the steps’ processing method description and references to the steps’ input and output
objects.

The experimental design (Fig. 3.3, 3.) is reflected through three types of elements.
The <assayList> elements define the context of each input file with an assay, or multiple
assays in case of multiplexed experiments. In the latter case, an assay will also combine
a specific (labelling) modification with the input file. The <StudyvariableList> elements
record the logical combination between an assay and a certain experimental condition
(usually disease, treatment group, time point, or a combination of conditions). The
<RatioList> elements define the pairwise comparisons between study variables, forming
ratios. The quantitative information itself is kept in elements of a layered design
defined as follows.

A Layered Structure

The quantitative information in mzQuantML is organised in layers, for analysis on
every different level of quantitative analysis: on feature level, peptide level, small
molecule level, protein or protein group level. (Fig. 3.4)

Each level of features (<FeatureList> element), peptides identified and quantified
over different LC-MS runs and samples (<PeptideConsensusList> element), proteins
(<ProteinList>) and protein groups (<ProteinGroupList> element) have a set of quan-
tification layers for the different types of values. Additionally, due to the generic
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mzQuantML Structural Relations
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Figure 3.4: The mzQuantML format is structured by levels of quantification (feature,
peptide, protein, or small molecule level) and layers on which that quantification is
undertaken (assay, study variable, or a comparative ratio). The quantification data is
stored in table-like <DataMatrix> elements, whose’ column element types can be custom-
defined, the rows need to refer to the elements in the respective level element, e.g.,
<Proteins> of the <ProteinList> element. The quantification of these elements can be
captured on different layers, each with its own <DataMatrix>.

definition of LC-MS features, small molecule quantification can be covered without
loss of generality.

The set of layers is designed to accommodate the quantitative values at different stages
of the analysis, on a per-run basis (features only), on assay level, study variable level,
or a ratio level comparing different study variables.

The layers are all designed as tables of values in <DataMatrix> elements. The row index
of the table references a specific feature/peptide/protein/protein group. The column
index (or header) references specific assays/study variables/ratios, corresponding to
the type of layer. The data type for values within each <pataMatrix> must be defined
with a CV term (e.g., intensity, raw abundance, normalised abundance, etc.), and
multiple data matrices of the same layer can be included with different value types,
depending on the necessary report detail.

The <AssayQuantLayer> element is for reporting quantitative values related to different as-
says, the values relating to the objects within the parent list type (e.g., <PeptideConsensus
< >, <Protein> O <ProteinGroup>), one per row. The column index must refer to assays
defined in the file. In the same way, the <studyVariableQuantLayer> reports data values
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about peptides related to different study variables. The <rRatioQuantLayer> holds values
for predefined ratios of assays or study variables (a collection of biological or technical
replicates over which averaging of quantitative values can be performed).

The <GlobalQuantLayer> and <FeatureQuantLayer> are special cases in that they report
values relating to the objects within the parent list type but are defined by CV terms
for the column types. For the <FeatureQuantLayer> this will be details like full-width-
at-half-maximum (FWHM) of the features identified on a single LC-MS run or LC-MS
run group. In a <GlobalQuantLayer> these will be global values corresponding to the
peptide/protein/protein group such as the total intensity in all assays.

For MS2 based approaches, there are also designated MS2 quant layers: <MS2AssayQuantLayer
— >, <MS2StudyVariableQuantLayer>, and <MS2RatioQuantLayer>.

The values in <pataMatrix> elements of the different QuantLayers are described by
CV terms and implicitly by the type of their QuantLayer, however, it is possible that
different types of values arise as special cases during data analysis. These are described
by the standard together with their encoding:

e Null ("null") values arise where a feature, peptide, or protein has not been
measured,

e Zero ("0.0") values are to be placed where an entity has been measured to have
zero value,

* Infinity values ("INF") arise for example in ratios where the denominator is zero,

* Calculation errors result in the "not a number" ("NaN") type.

Representation of the Experimental Design

The experimental design is reflected by the <AssayList>, <StudyVariableList>, and <
— RatioList>, which group files or assays into referenceable groups (of <assay>, <
< StudyVariable>, OF <Ratio> elements) from which differential quantification is to be
calculated. An assay captures the concept of one sample analysed and can constitute
multiple files. In a label-free scenario, such a sample will usually be a specific technical
or biological replicate, and the assay hence references the peak files from that replicate.
The reference is the identifier of the <RawFilesGroup> element within the <InputFiles>
element, which may contain more than one LC-MS run file in case pre-fractionation is
applied. Similarly, a list of <IdentificationFile> identifiers, also from the <InputFiles>
element, can be referenced within <IdentificationFile_refs>.

In a label-based scenario, the labelled samples are multiplexed before injection. Here,
each assay will reference a specific label or ’channel’ within the corresponding peak
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Experimental Design
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Figure 3.5: Experimental design represented with mzQuantML elements

file(s). Each <assay> element will then specify the label modification with a CV term
from UniMod or PSI-MOD, defining a mass shift, and reference a <rawFilesGroup> ele-
ment.

A study variable will group assays by condition as given by the experimental design
and can describe the experimental condition, also known as factor, with CV terms.
The <studyvariable>s are collected in the <studyvariableList> element. This way, even
complex designs, with randomized blocking, batches, and common references can be
represented.

In relative quantification experiments, the quantitative values are often reported as
quantitative ratios between conditions. In mzQuantML, the <Ratio> elements will group
either study variables or assays into ratios, defining a group for the nominator and
a group for the denominator in the ratio calculation. These logical groups are then
referenced from the quantification layers to indicate which group the values given are
representing. As mzldentML, mzQuantML allows the referencing of format elements
in the W3C XML Schema Definition exsd:id attribute style.

Unlike mzIdentML however, mzQuantML must accommodate documentation of the
application of several different analytical methods in a specific order that matters
for the resulting values, as is common in quantitative workflows. The <software> ele-
ments in <SoftwareList> record software and version used, whereas <DataProcessing> in
<DataProcessingList> connects the order in which the referenced <software> is applied.
Additionally, the input and output files can be detailed. The specific processing method
used with the application of referenced software has to be given in flexible detail with
<cvparam> elements. These CV terms can not only be used to detail the processing
method, but for example the parameter settings, too.

Thus, the evidence trails for the MS workflow leading up to peptide or protein quantifi-
cation as a whole can be described.
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Integration of Identification Data

Any mzQuantML file reporting more than anonymous feature quantifications needs
to integrate identification data. These are provided by separate analyses, themselves
serialised in identification formats. The combination with mzIdentML files is recom-
mended, especially for cases where information about the identifications used needs to
go deeper into detail, though other identification result formats may work as well.
For <PeptideConsensus> elements, the connection is established with <Evidenceref> ele-
ments that link both features and identifications coming from a separate identification
format to a <PeptideConsensus> element. Specifically, the <Evidenceref> element will list
references of features and the assays providing evidence for the particular quantitative
value and references to identifications within identification files matching the refer-
enced features.

The <Protein> and <ProteinGroup> elements will retain the connection to the features im-
plicitly through references to the <PeptideConsensus> Or <Protein> elements respectively,
following a chain of references leading up to the protein, connecting to the evidence
providing the identification of the protein, for example, the <ProteinDetectionHypothesis
— > element in a mzIdentML file.

Since this might not be deemed a necessary level of detail for reporting in all uses of
mzQuantML, the identification references are optional. For minimal stand-alone capa-
bilities, the assumed sequence and modifications of a <PeptideConsensus> element can
be given independent of any references to external files with identification information.
This way, mzQuantML is still available in use cases where identification may not be
available or poses an inconvenient threshold for adoption if incompatible identification
formats are employed.

3.3.2 Results
Four major quantitative techniques are supported in the mzQuantML release (v1.0):
* MSI1 label-free intensity
* MSI1 label based (e.g., SILAC)
* MS2 tag-based (e.g., iTRAQ / TMT)
* Spectral counting

List.3.2 shows another <AnalysisSummary>, indicating its mzQuantML file is reporting
on a SILAC experiment analysis, which is a MS1 label-based analysis. It reports on the
raw feature quantitative values found and the respective peptide level, but not on any
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protein level.

Listing 3.2: A modification location score CV term encoding example

—_

<AnalysisSummary >

2 <cvParam cvRef="PSI-MS" accession="MS:1002018" name="MS1_,label
— -basedyanalysis"/>

3 <cvParam cvRef="PSI-MS" accession="MS:1001835" name="SILAC,
< quantitation analysis"/>

4 <cvParam cvRef="PSI-MS" accession="MS:1002001" name="MS1_ ,label
— -basedyraw,feature quantitation" value="true"/>

5 <cvParam cvRef="PSI-MS" accession="MS:1002002" name="MS1 ,label
— -basedpeptidelevel quantitation" value="true"/>

6 <cvParam cvRef="PSI-MS" accession="MS:1002003" name="MS1,,label
— -based_protein level  quantitation" value="false"/>

7 <cvParam cvRef="PSI-MS" accession="MS:1002004" name="MS1 ,label

— -based_protein-group ,level quantitation" value="false"/>

8 </AnalysisSummary>

Support for Metabolomics

The format’s data structures, while primarily designed to represent peptide and pro-
tein quantitative values, are similar to structures that would be required to represent
small molecules for metabolomic studies. With minimal extension to the peptide-
centric design, the schema can represent small molecule data. This is accomplished via
the introduction of a <SmallMolecule> element, which is used to denote the individual
molecules and can be used for reference in the QuantLayers just as the <PeptideConsensus
— > element. This represents a bridging connection of two bioinformatics communities
already sharing a considerable amount of analysis methodology and tooling. The ’small
molecules’ addition marked a convergence of the two communities for mutual benefit,
and was continued in the development of mzTab.

For mzQuantML with small molecules, identification data integration can be achieved
by the use of similar references, however now to match entries in a spectral database
given the database used for small molecule identification supports referenceable iden-
tifiers.

A Layered Design Helps Intermediate Results Exchange

As a result of the layered design, QuantLayers can represent quantitative data at
each step of the analysis. To represent intermediate steps of the analysis, there can
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be multiple <AssayQuantLayer>, <StudyVariableQuantLayer>, and <GlobalQuantLayer>, for
<FeatureList> as well multiple <FeatureQuantLayers>, to report. Each layer is then to be
referenced in the DataProcessingList as @InputObject_refs Or @QutputObject_refs respec-
tively to report the order of processing and the method of processing.

For a detailed evidence trace on the quantitative data that led up to the consensus of pep-
tides studied and their included quantitative values, multiple elements of <FeatureList>,
<SmallMoleculeList>, and <PeptideConsensusList> elements can be included. If several
tools upstream of the analysis were providing files that eventually led to the consensus
list, the values of these files can be kept in separate lists and the files connected as
@InputObject_refs in the <DataProcessingList>. To give the file consumer a convenient
option to pick the one list representing the final result, a mandatory boolean attribute
is provided on the <PeptideConsensusList> called efinalResult.

The simple extraction of values from mzQuantML for further use in statistical software
is another benefit of this design. A brief Python script (< 20 lines, an example can be
found in Appendix C), can extract the abundance values stored in the <pataMatrix> of a
target layer in an arbitrary mzQuantML file for direct use in statistical software given
the layer is present. As such, mzQuantML is a format suited for archival and support
of publications providing a solid base for reanalysis and reproduction. Each step of an
analysis workflow can be captured at the level of the measured analyte (i.e., peptides
or small molecules) and each experimental group of measurements. This, together
with the high level of report detail possible for experimental design and analytical
parameters, can provide a most comprehensive picture of a quantitative study.

Implementation in OpenMS

We implemented mzQuantML support for the FeatureFinderCentroided and SILACAnalyzer
TOPP tools (from OpenMS v1.10). The FeatureFinderCentroided tool supports different
quantitative methods by detecting quantitative features from the MS1 level and there-
fore acts as an intermediate-step tool towards a complete quantitative analysis as
distinguished in the mzQuantML format and required for a valid file. The mzQuantML
file support was hence dropped to avoid tool input creep in favour of the later de-
scribed mzTab format support in the TOPP toolchain. The siracanalyzer supports the
complete experiment analysis from the raw (unpicked) signal of multiplexed MS runs
from metabolically labelled samples and subsequent export to mzQuantML. The ratios
of identified peptides from differently labelled samples (i.e., <studyvariable>) are re-
ported in a <RatioQuantLayer> ON <PeptideConsensusList> level and the raw intensities of
the associated (paired) Features in a <FeatureQuantLayer> ON <FeatureList> level. The
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SILACAnalyzer toOl was deprecated after a restructuring of the OpenMS core library de-
pendencies for BSD-license permissiveness and a following reduction of the core TOPP
toolset (from OpenMS v2.0).

3.3.3 Discussion

It is crucial for the concise communication and later appropriate re-use of findings from
the analytical results of MS-based quantification experiments to capture the experi-
mental design and reflect the analytical workflow metadata. The trend for ever larger
studies and the fact that quantification is only useful in conjunction with identification
data implies the contribution of many input files with different experimental groupings,
originating from different individual MS experiments in the final results. To capture
this data is an enormous task that mzQuantML is able to accommodate, however, full
automation is often hindered by the confluence of files from different formats, many
of which might not come equipped with the appropriate metadata, simply because
file-producing software upstream of the analytical process may be oblivious to either the
necessary requirements special to quantification or the overall experimental structure.
OpenMS, too, lacks a sufficiently comprehensive experimental design representation,
as this would involve necessary process introspection spanning multiple analytical
workflow steps (i.e., tools), which cannot be provided in a flexible framework based on
individual tools for each workflow step. Monolithic setups have the advantage there,
but the greater disadvantage of creating a hard-to-maintain code base that can only
cater to usually a single majority use case.

MzQuantML circumvents this downside partially with easy import/export of abun-
dance matrices for use in statistical software. This also provides flexibility for multiple
quantification use cases with different types of statistical techniques. Further flexibility
is provided through the generalist way the study design is represented. The design
feature of quantitative elements in layers allows tracking the analytical process and
omits explicit modelling of an experimental design within the format. The format was
also the first to specify a non-proteomics data representation for inter-domain use of
LC-MS/MS data and analysis tools.

With the collective experience on the design of quantitative experiment representation
and community feedback on the perceived requirements to improve reporting, we
started the development of a more accessible and compact format that would improve
communication and documentation of the broad analysis (including identification)
and the end results, described in the next section.
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3.4 The mzTab Format for MS Identifications and Quantifications

The PSI standard formats described in the previous sections are all designed in XML,
which implies a minimum amount of human readability. XML is however best suited
for machine readability, integration, and automation. In the rapidly developing field of
MS proteomics, data analysis methods are being developed at a fast pace, sometimes
not even with dedicated tools or focus on automation, and therefore often lack the
maturity to integrate data in elaborate formats. Analysis development benefits from
a concise, easy-to-access representation of data for quick exchange between parties
involved. Experience shows, that in these stages of development, a likely choice will
be a tabular format. Metadata and parameters can be kept in a less integrated fashion
and data values encoded in a series of tables when strict automation is not yet required.
To fill this gap, we developed mzTab'”® as extension to the PSI standard format family.

3.4.1 Methods

The primary goal of the format is an improved and structured sharing of experimental
results, with an emphasis on sharing final results. This should help researchers to use
and integrate available data more readily into their projects. Similarly, this should
encourage the development of new tools for niche applications and small but specialised
research communities by removing the necessity to parse big and complex XML files to
integrate proteomics or metabolomics experiment results.

The methods section is split into two subsections of design rationale and structure
(of mzTab) to better reflect the substance of developing, discussing, refining, and
implementing file formats.

Design Rationale

As stated above, the primary goal is an uncomplicated sharing of (final) experimental
results, so the format needs to be uncomplicated enough to be created manually and
interpretable without specialised tools (or at least with only the most ubiquitous of
tools). Therefore, the mode of tab-separated text files is ideal for the format, as it
allows a tabular representation of data, and a text editor or better yet spreadsheet
software can be found on most personal computers.

To also allow the combination of MS-based proteomics and metabolomics experimen-
tal results within a single file, the concept of multiple special purpose tables within
separate sections of the format enables the capture of different types of data (sections)
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and helps to solve issues with n:m relations within a type (e.g., spectrum to protein
relations).

Defining separate tables within the format allows to further simplify the processing
of data by combining identification and quantification in one file. To distinguish the
different tables, a common first (section) column can be used to designate to which
table a given row of data belongs. This also allows for more flexibility as the respective
table header rows do not have to be completely predefined but can be adjusted to the
given use case. As such, not only the different sections are distinguished via the section
column, but also table header and rows.

The format should furthermore support two levels of detail: a final summary result as
could be expected in the supplementary material of a publication, and an intermediate
results level with more details, so that mzTab can be used by downstream (statistical)
software in a more complex analysis workflow. The summary mode also aims to sim-
plify access to identification/quantification data. Consequently, a minimum amount of
information provided through mzTab needs to be defined, while optional data can be
used to give the mzTab consumer a more detailed view of the data or to satisfy local
workflow requirements. For further customizability, the inclusion of user-defined data
should allow to extend and adapt the format to special needs and requirements.

The mzTab format also needs to represent a broad range of experiments and therefore
also needs the experimental design reflected. Controlled vocabulary terms from ex-
isting ontologies can be used to provide semantic context to the information within
and between the different levels and necessary metadata, assigning data to ms_runs
(RawFile in mzQuantML), assays, samples, and study variables as described before in
mzQuantML.

The issue of separating the data within the format into different tables (sections) will
be explained in the following section.

Structure

Following the design goals and rationales, data within mzTab can be divided into
five sections. The sections are represented as separate tables yet within the same
file. Each table has a header and a row indicator in the first column to differentiate
the tables. The mechanism is an adoption of a similar mechanism in the UniProt
knowledgebase !’ *.DAT’ file"'. Besides distinguishing the tables of each section, this
also allows the introduction of commentary rows ("COM" row indicator), useful in
method development and helps with later use of the file.

Y https://web.expasy.org/docs/userman.html, accessed 01.07.2024
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Sections in mzTab

MTD

Key-Value List

( Metadata

* Information about experimental methods and sample

PRH
PRT

Table

( Protein Section

* Basic information about protein identifications

PEH
PEP

Table

( Peptide Section

* Apggregates quantitative information on peptide level
*  Only recommended in “Quantitation” files

PSH
PSM

Table

[ PSM Section

» Basic information about peptide identification
* Canreference external spectra data

SMH
SML

Table

rSmall Molecule Section

* Basic information about small molecule identifications
* Canreference external spectra data

Figure 3.6: Overview of mzTab table sections with respective section indicator columns
(left). Section indicators have a header (top) and row (bottom) indicator. The section’s
names and intended use (right) are listed in the sequence expected in a mzTab file.

Metadata

The metadata section differs from the subsequent sections as it is the only mandatory

table and lacks a column header. It has only two columns beside the table indicator
column: metadata definition type and value, effectively making each metadata row

a key-value pair of metadata definitions. It therefore needs no explicit table column

header as the other sections do and therefore has only the v1D section indicator (Fig.

3.6).

The metadata definition’s key-value pairs provide essential and additional informa-

tion on the dataset(s) reported on in a mzTab file. Essential information’s metadata

definitions must be present in any mzTab file:

* "mzTab-version", "mzTab-type", "mzTab-mode", and "description”, to define the gen-

eral function of the particular mzTab file,

* "ms_run[1-n]-location" to define the source peak files for which results are to be

reported,

® "protein_search_engine_score[1-n]", "peptide_search_engine_score[1-n]",
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* "psm_search_engine_score[1-n]", and "smallmolecule_search_engine_score[1-n]" for

every search engine score reported in the file

® "fixed_mod[1-n]", and "variable_mod[1-n]" to define the modifications included in
the search

For definition keys that may occur multiple times, like "ns_run", each individual defini-
tion is encoded with an appended counter in square brackets. Further sub-definitions,
like "ms_run[1-n]-location", are indicated by appending the type of specification to the
respective definition key afterwards. The value of a definition is expected to be either
a character string, number, CV term, or a comma-separated list of the same. This
enumeration method to distinguish elements of the same type will be reused in later
sections as well.

The mzTab standard specification details 52 other metadata definitions that can be in-
cluded, resembling the common format elements of mzML, mzIdentML, or mzQuantML,
detailing the instrument, software, search database used, amongst others. Most notable
are a custom field and the definitions to describe the experimental design.

Another notable metadata definition is the "colunit". If specific unit uses are required
for results reporting, they can be specified for each of the other four sections per
column, unless the column has a dedicated unit specification/column, like the "protein
< -quantification_unit" column in the protein section table. Otherwise, the definition
values must follow the encoding "{column name}={Parameter defining the unit}" where
the parameter defining the unit must be an accession to a CV term defining the unit.

Experimental design representation

The model representation of the experimental design is adapted from the mzQuantML
format and groups MS runs into assays, and the assays then grouped into study variables
(or assays into groups of MS files, then into study variables in a multiplexed scenario)
(Fig. 3.7). Each assay is defined in the metadata section and connected with one or
more MS file(s) and, if applicable, a quantitative reagent definition. The MS files are
defined by giving a location and format type. The study variables are defined by listing
assay references and a description. The samples are referenced in the same way as
the MS files from either assay or study variable and are themselves annotated with
details in the metadata section. Furthermore, expected fixed or variable modifications
to the sample’s proteins are to be defined, as well as identification scores reported, and
quantification units reported for each study variable or assay in a quantitative setting.
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MTD quantification_method [MS, MS:1002038, unlabeled sample, ]
MTD ms_run[1]-location file://path/f1.mzML

Y s MTD ms_run[2]-location file://path/f2.mzML

: " Sa m p I'e [+ : MTD ms_run[3]-location file://path/f3.mzML

: : MTD ms_run[4]-location file://path/f4.mzML

: : MTD ms_run[5]-location file://path/f5.mzML

| ] MTD ms_run[6]-location file://path/f6.mzML

: M S run : MTD assay[1]-ms_run_ref ms_run[1]

] : MTD assay[2]-ms_run_ref ms_run[2]

: $ 1 MTD assay[3]-ms_run_ref ms_run[3]

: : MTD assay[4]-ms_run_ref ms_run[4]

] ASS a y |- -t MTD assay[5]-ms_run_ref ms_run[5]

: MTD assay[6]-ms_run_ref ms_run[6]

: * MTD study_variable[1]-assay_refs assay[1], assay[2], assay[3]

: MTD study_variable[2]-assay_refs assay[4], assay[5], assay[6]

. MTD study_variable[1]-description heat shock response of control

== Stu dy Va ria ble MTD studyivariable[2]—descrigtion heat shock respSnse of treatment
MTD study_variable[1]-sample_refs sample[1]
MTD study_variable[2]-sample_refs sample[2]

(@ (b)

Figure 3.7: The mzTab MTD section reflects the experimental design if used for results from
multiple files. The example (right) shows the MTD section of a complete mzTab file reporting
on a label-free experiment (1. 1) with six runs/assays, from two samples/study variables.
The assay[1..n]-quantification_reagent entries, indicating no quantification reagent
used, are omitted for readability. The schematic (left) indicates the connection of the
respective mzTab keys forming an experimental design that is analogous to the previously
seen mzQuantML experimental design representation. Each study_variable is described
(1. 16-17), has a sample assigned (I. 18-19), and references the included !assays! (l.
14-15). The assays register the MS runs involved and can optionally reference their
respective sample origins, should no study_variable be reported(not shown). ms_run
details for the source files are required (l. 2-7).

CV parameter representation

Many table cell values can be represented with or added further semantic context by
CV terms. The way CV terms are expressed in the XML-based PSI formats is via CV
parameter elements that carry attributes for the CV term’s origin, name, accession,
and value. The design decision for mzTab was to encode this to fit into one table cell
to avoid excessive bloat. The encoding is valid throughout the file’s tables: "[{1abel
< }, {accession}, {name}, {value}]" with any field not available to be left empty. The
label designates the term’s origin via a unique label that is usually used as a prefix to
the accessions (e.g., MS:1002601 for mzTab in the PSI-MS-CV). This encoding also
allows to recreate the <userParameter> element known from XML-based PSI formats
(i.e., local context terms without official CV term definition) as "[,,{user parameter
< name}, {user parameter value}]".

CV terms may also be used for optional custom columns following the header format:
"opt_{object_id}_cv_{accession}_{name}" as name for an optional column, where white
spaces within the parameter’s name have to be replaced by "_". The object_id must be
the identifier of the object the new column references, either assay or study variable,
assigned in metadata. Values must then reflect the definition given for the term in the
CV.
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Multipurpose Design

The format has two types and two modes: identification or quantification, both in
either summary or complete mode. The summary mode represents the final data for
the experimental conditions analysed. For complete mode, full results per assay need
to be included. The mode and type are two of the mandatory metadata definitions in
the metadata section. Depending on mode and type, the list of required and optional
columns for each section table can change.

The quantification type will of course require reporting quantitative values but may
optionally report on identification type values, too. The complete column requirements
can be found in the specification document.

For all types, modes, and section tables in general, missing values must be reported
using "null". Multiple values within a table cell from separate measurements are
to be listed using a vertical bar ("|") delimiter, listings for one measurement like
modifications for one sequence, are to be listed using a comma (", ") delimiter.

The order of section tables (if present) must be as in Fig. 3.6, however, the order
of columns is not specified, but recommended to appear in the same order as in the
specification document. Additional columns may be added to the end of the table for
all protein, peptide, PSM and small molecule sections as described in the CV parameter
representation paragraph. These columns should represent information not included
by default in the currently defined fields.

Reporting identifications

The report of proteomics identifications in mzTab can be done in the protein and PSM
section tables, one protein/PSM per row. The peptide section is very similar to the PSM
section and only used to report on identifications for quantitative results aggregated
on the peptide level (see below), therefore not recommended in ‘identification’ files.
The essential information mandatory to minimally report in any of the sections is the
accession (or index) of the identified item as it appears in the search database used, the
search engine and the search engine score. The first column to report is recommended
to be the accession, for better comprehensibility. For PSM, the identified amino acid
sequence is also mandatory. Related mandatory columns are database name, version,
and species taxon. Protein groups are handled via the ambiguity_members column in the
protein section, listing indistinguishable proteins by their accessions.

The identification process usually involves the assignment of a score to a peptide-
spectrum pair or protein sequence, based on the spectrum evidence per LC-MS/MS
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MTD protein_ search_ engine_ score[1] [MS,MS:1002252,Comet:xcorr, |
MTD protein_ search_ engine_ score[2] [MS,MS:1002052,MS-GF:SpecEValue, ]
MTD psm_ search_ engine_ score[1] [MS,MS:1002252,Comet:xcort, |
MTD psm_ search_ engine_ score[2] [MS,MS:1002052,MS-GF:SpecEValue, ]
MTD ..
best best protein protein
_search _search _abundance _abundance
PRH accession S database search_engine o
_engine _engine _study _study
_score[1] _score[2] _variable[1] _variable[2]
PRT P63017 UniProtKB [..[1]]1 [..[2]] 1.8991 5.89E-08 34.3 40.4351
PRT
search search
retention
PSH accession sequence PSM_ID . search_engine _engine _engine modifications i charge
time
_score[1] _score[2] -
PSM P63017 1 [..[1]]1 C..[2]] 2.2479 5.89E-08 null 1336.62 3
PSM  P63018 4103 cee L Le2)] 2.0135 8.04E-08 null 1336.54 3
PSM Q61699 .. 2 cee LM Llr20) 1.8991 1.49E-06  9-UNIMOD:4 885.62 3

PSM

Table 3.1: An abridged example of mzTab used to document the results of multiple search
engine identifications on the same spectra. The respective search engine scores reported
need to be specified in the MTD section (top), each for the PRT and PSM sections separately.
The search_engine column informs on which identification score columns to expect and
the type of score each column contains.

run. It is possible to report the results of multiple search engines in mzTab, and since
the tables are designed to report one protein/PSM per row, a list ("|" separated) of
successful search engines references (as listed in the metadata section) is expected
in the search_engine column. The best scores (if multiple ns_run are considered) are
then reported in n columns of best_search_engine_score[1-n], with n according to the
respective search engine’s position in the search_engine list. In complete mode, it is
also expected to itemise the scores PEer ms_run in search_engine_score[1-n] _ms_run[1-n]
columns. For PSM of course, it only makes sense to report the search_engine_score[1-n]
per search engine as each observation is intrinsically linked to one ms_run. PSM also
require a unique identifier, so that if a PSM can be matched to multiple proteins, the
same PSM can be represented on multiple rows with different protein accessions but
the same PSM identifier.

The amino acid sequence required for the PSM section is not available for the pro-
tein section due to obvious readability issues. Modifications should be reported in
all sections, with the exception of fixed modifications and labelling modifications,
which only need to be present in the PSM section to improve readability. Consequently,
modification reliability scores will be available at the PSM level only. Modifications are

69



3. Data Integration for Automated Workflows

reported in one column and follow an encoding that allows for the record of concise
modification-type information via CV term use, and positional information and scoring
(allowing for positional ambiguity). The encoding uses the previously described ("|")
and ", delimiter for unambiguous separation of multiple pieces of information in one
table cell, and is described in detail in the specification document.

A reliability classification can be used as an optional column in the protein, peptide,
PSM, and small molecule section, to indicate identification reliability, depending on the
used methods arbitrary reliability classification into three categories: high reliability
(1"), medium reliability (°2’), poor reliability ('3’).

Depending on the section type and the report mode of the mzTab file (complete/-
summary) a number of section-specific columns may be additionally required, like
spectra_ref and retention_time in the PSM section. Complete requirement tables for
all modes and sections to report identifications with mzTab can be found in the specifi-
cation document.

Reporting Quantifications

Following the design goals to provide easier access to, in this case, quantification infor-
mation, the mzTab quantification type must report the quantitative information on the
level of study variables. This implies the aggregation of abundance values from several
assays. The method of aggregation, however, is not part of the standard specification.
More flexibly, it can be provided in a less stringent way via custom metadata and com-
ments to support the file consumer. The protein, peptide, and small molecule sections
report quantitative values in the columns associated with the study_variable[1-n] (e.g.,
protein_abundance_study_variable[1-n]), their units predefined in the metadata section.
Quantitative information on study variable level is the most general result mzTab
must provide in summary mode quantification-type files. The standard deviation and
error for the given abundance values must also be provided. In complete type files,
protein and peptide abundances can be given per assay in protein_abundance_assay[1-n]
Or peptide_abundance_assay[1-n] columns.

Most quantification methods involve a labelling agent to allow for multiplexed mea-
surement. The quantification type mzTab therefore must provide metadata definitions
about the quantification reagent (in form of a CV parameter) for each assay. For
label-free analyses the PSI-MS CV term "label free sample" (MS:1002038) must be
used in the metadata section.

For meaningful quantification, the complete PSM section identification column require-
ments are also required here. Similarly for the protein section, however, the number
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of distinct and unique peptides and number of PSM per run are kept optional for
conciseness. Instead, the peptide section needs to be present and provide essentially
the same columns as the PSM section, although representing the present PSM evi-
dence (in the PSM section) for a peptide through columns retention_time_window and
best_search_engine_score, and spectra_ref reserved if quantification is done through
MS2-label based approaches.

Reporting Small Molecules Analyses

For reporting small molecules in mzTab, the small molecules section table can be
used. Within, small molecules are referenced through identifiers, as they would appear
in a compound database like ChEBI or PubChem. For more detail, they also need
to be assigned a chemical formula, SMILES and/or InChi identifier, and a free text
description. Similar to the reporting of PSM, a database, version, species, spectrum
reference, identification engine, and score also need to be reported for small molecules.
Since the release of mzTab (v1.0), there have been ongoing efforts to better integrate
small molecule data in mzTab, which resulted in a dedicated specification document,
mzTab-M. The 'M’ stands for metabolomics data, and the details of the format speciali-
sation are beyond the scope of this work.

3.4.2 Results

The mzTab specification was developed over multiple HUPO-PSI meetings and regular
teleconferences of the mzTab task-group members of PSI. With different types of
columns, both mandatory, optional, as well as custom, section tables for multiple use
cases and different application scenarios can be created. These can be used to describe
both identification and quantification results. Many examples can be found in the
mzTab repository"!

Usability

The simplest and likely most available method to use mzTab is with a text editor, built-in
by default in any respectable operating system. More convenient and only slightly less
prevalent is the use with a spreadsheet editor, making the formatting aspect of mzTab
use intuitive. The use of mzTab is, however, not limited to spreadsheet or text editors,
but can also be used with scripting languages popular with the analysis of experimental
data like Python and R.

YimzTab examples: https://github.com/HUPO-PSI/mzTab/, v1.0
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labelfree_CQI labelfree_CQI %=% dplyr:filter(if_amy...
Filter

“ PRH accession description
1 PRT P&3I01T Heat shock cognate 71 kDa protein
2 PRT P14602 Heat shock pratein beta-1
3 PRT QBKOU4 Heat shock 70 kDa protein 12A
4 PRT 061699 Heat shock protein 105 kDa
5 PRT PO7901 Heat shock protein HSP 90-alpha

Showing 1 to 5 of 5 entries, 48 total columns

Console

View(

L e e i e . . A T T T V)

Terminal Jobs

# transforms the mzTab null elments into proper R NA
is.na(labelfree_CQI) <- labelfree_CQI== "null"

labelfree_CQI %=%
dplyr::filter(if_any(1, ~ grepl{'PRT|PRH', .)})) ¥=%

taxid

10090

10090

10090

10090

10090

species

Mus musculus
Mus musculus
Mus musculus
Mus musculus

Mus musculus

dplyr::select_if(function(x) !{all{is.na(x)) | all(x==""))) X=%

‘colnames<-"(.[1, 1) %%
slice(-1)

database

UniProtkB

UniProtkB

UniProtkB

UniProtkB

UniProtkB

# fetches the protein section table and adjusts the column names accordingly

=0

database_version
2013_08
2013_08
2013_08
2013_08

2013_08

labelfree_CQI <- read.delim("/tmp/labelfree_CQI.mzTab", header=FALSE, stringsAsFactors=FALSE)
View(labelfree_CQI)

Figure 3.8: Little amounts of code (bottom) is needed to extract any of the mzTab
section tables into an R data.frame, even without dependencies to specialised parsing
software, but with reasonably standard packages in a basic data analysis setup — here
"dplyr". Example loaded is a mzTab file released with the standard’s documentation, shown
here for visualisation within Rstudio, directly displaying the resulting data.frame (top).

The human accessibility of the format can perhaps be argued best through the fact
that proteins/peptides/PSM that have been identified in only one, several, or all MS
Within OpenMS, mzTab has
been adopted through the implementation of the mzrabExporter TOPP tool. Through the

runs considered, can be easily spotted in Tab. 3.2).

exporter, mzTab can be leveraged in any OpenMS-based workflow producing OpenMS-
internal quantification and identification files (featureXML, consensusXML, idXML), or
mzIldentML files, as accepted input to the MzTabExporter to produce a shareable mzTab
file. With this, it also provides an easier-to-use alternative to the previously described

mzQuantML.
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PSH accession sequence PSM 1D spectra_ref
PSM Q61699 ALLRLHQECEKLK 3 ms_run[1] :scan=845
PSM Q61699 ALLRLHQECEKLK 12 ms_run[2] :scan=1079
PSM Q61699 ALLRLHQECEKLK 21 ms_run[3] :scan=611
PSM Q61699 ALLRLHQECEKLK 29 ms_run [4] : scan=2280

PSM Q8KOU4 AVVNGYSASDTVGAGFAQAK 2 ms_run[1] :scan=1300

PSM Q8KOU4 AVVNGYSASDTVGAGFAQAK 20 ms_run[3] :scan=1066
PSM Q8KOU4 AVVNGYSASDTVGAGFAQAK 28 ms_run[4] :scan=2735

Table 3.2: Through sorting the PSM table by the "sequence" or "accession" column,
it becomes directly evident that peptide ALLRLHQECEKLK is detected in all ms_runs,
however, peptide AVWNGYSASDTVGAGFAQAK is missing from ms_run[2]. This is an
abridged example of the labelfree_CQI.mzTab file from the set of examples released
with the mzTab specification.

Impact

With easily accessible methods to create, read, and share final experimental results,
mzTab is well-suited for everyday use, especially for researchers outside the field of pro-
teomics who lack specialized software to parse the existing PSI’'s XML-based standard
file formats. This should furthermore encourage the development of small innovative
research tools that can dispense with the requirement of parsing huge XML files, which
might be outside the scope of many bioinformaticians.

Reporting complex analyses from similarly complex experimental methodology is hard
to condense into a concise report that does not suffer from contextual omissions (i.e.,
useful only for researchers intimately familiar with context and implications). The
use of CV terms for custom mzTab column definitions or within tabular cells of mzTab
makes reporting more concise by falling back on existing definitions of key concepts,
e.g., for different score types represented by an accession of a definition in a CV. On
the other hand, custom columns in mzTab make automation harder to implement with
mzTab as a general hand-over format.

Nevertheless, the low threshold of use and well-documented standardisation of mzTab
and supporting tools can also be used to jump-start new analytical workflows. Al-
though almost no workflow development has to start from the ground up, instead,
reuses tools for generally applicable steps, it is still a considerable effort to develop and
integrate tools necessary for a novel methodology. By adopting mzTab as handover
format instead of a custom tab-delimited file format or even implementing XML-based
standards, not only can valuable development time be saved but also result in a widely

accepted format ready for sharing with the community 18184,
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The reception of mzTab can also be gauged by the number of public submissions made
to PRIDE-Archive —the largest data repository for proteomics MS data— including mzTab
files. As of 2023, there have been 2530 datasets with mzTab submitted to PRIDE, which
is ~10% of the total of submissions since the release of mzTab.

3.4.3 Discussion

mzTab is designed to give a high-level overview of analysis results, as it would usually
be found in publications’ supplementary materials. The latter would usually be in
free-format of some of the various spreadsheet variations, or worse, in PDE rendering
programmatic access virtually impossible, and making re-use more difficult through
conversion and reformatting. The mzTab format offers remedy with its simple yet
structured design.

The format also features a more informative set of metadata than would usually be
achieved with Excel or editors for simple csv/tsv, yet it can be constructed by hand
without much more effort as needed to prepare the supplementary material to a
publication, and with the same software a researcher would use otherwise. It is thus
possible to replace those hard-to-reuse tables with mzTab, rendering the published
results both human and machine-readable, offering a more consistent analysis result
representation.

In general, however, mzTab does not replace the efforts necessary to re-use published
data in metastudies as the reported quantitative values of mzTab should represent the
final result of the performed data analysis. "The exact meaning of the values will thus
depend on the used analysis pipeline and quantitation method and is not expected to
be comparable across multiple mzTab files.""!

Within the family of PSI standard formats, mzTab is the first to embrace non-proteomics
use cases for reporting identification and quantification of molecules by MS. The overlap
of methodology is considerable, which in turn shapes the analysis result reports in
a similar way. As such, it makes good sense to unify efforts for a human-accessible
reporting format, as the fields see increasing cross-over in published studies due to their
complementary nature and a common report format can only help efforts to combine
approaches. However, mzTab metadata for small molecule identification results are
currently restricted to score, FDR, sample processing, and fragmentation method, but
with the derived efforts of mzTab-m improving applicability to non-proteomics fields
can be expected.

viii

mzTab specification document: https://www.psidev.info/mztab, v1.0
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With easy options to read and write, the mzTab format is a readily available method
for reporting data analysis results from mass spectrometry-based proteomics and
metabolomics in general. However, since there are many specialist use cases, further
canonicalisation and extended automation are only possible with considerable effort
of specialisation (e.g., because of the presence of custom columns).
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Chapter 4

Reporting Quality Control in Mass Spec-
trometry

This chapter includes partially identical or adapted content with permission from:

qcML: An Exchange Format for Quality Control Metrics from Mass Spectrometry
Experiments
Walzer M, Pernas LE, Nasso S, Bittremieux W, Nahnsen S, Kelchtermans B Pichler B van den Toorn HWB Staes An,
Vandenbussche J, Mazanek M, Taus T, Scheltema RA, Kelstrup CD, Gatto L, van Breukelen B, Aiche S, Valkenborg D,
Laukens K, Lilley KS, Olsen JV, Heck ARJ, Mechtler K, Aebersold R, Gevaert K, Vizcaino JA, Hermjakob H,
Kohlbacher O, Martens L
(2014). Molecular & Cellular Proteomics, 13(8), 1905-1913; https://doi.org/10.1074/mcp.M113.035907

4.1 Introduction

Motivation

MS instrumentation is complex and sensitive to a host of external (e.g., temperature)
and internal parameters (e.g., ESI efficiency). The system’s input is usually coupled
to an LC system to reduce sample complexity at any given measurement time point
and this in turn to an autosampler. Minor differences in LC operation may change the
elution order of peptides'® or alter which peptides are selected for fragmentation 8187
and MS2 generation. Experiment sample preparation involves multiple steps where
contamination could be introduced or the sample be processed not as expected by the
protocol followed (source, age, type of reactive agents) '®8. The complexity introduces
many possible sources of variability, influencing overall repeatability and reproducibility.

Quality control (QC) is increasingly recognized as a crucial aspect of mass spectrometry-
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based proteomics, to record and report the variability and its potential sources. To
maintain measurement reliability, detect failed or outlier measurements, maximise
instrument up-time, and optimise maintenance schedules, a close watch on the quality
of the measurements is key. Likewise, the data analysis has many dependent parameters
that influence the outcome to some degree, and results can retrospectively inform
about instrument or sample preparation performance. Therefore, a wide variety of
quality parameters for different kinds of scenarios need to be watched and acted upon.
The quality aspects of MS experiments and data analysis are also of great interest in
the dissemination of research results, as they put the given results and claims into
perspective to the measurement environment that gave rise to those results.
Naturally, a data exchange format that can accommodate this wide variety of quality
parameters, versatile enough to support different kinds of experimental setups and
use cases, would be of great benefit. With the previously described standard formats
integrated into the OpenMS framework, versatile automated analysis workflows can
be constructed to go alongside the experimental workflows of a wide variety of use
cases involving MS. Since quality-related data may come from all steps of the workflow,
such a format should also make it easy to add or extract additional information and
work as a data hand-over format as well as a report format.

Background

A first call for coordinated efforts towards QC in MS was published with the Amsterdam
Principles'®®. Since then, different proposals for the concrete application of QC and
specific metrics in different use cases have been proposed**°!°>. Dedicated software
packages, such as MSQC %>, QuaMeter'°¢, SIMPATIQCO '°7, RawMeat by Vast Scientific
(no longer supported, an open source software inspired by RawMeat is RawBeans'%®),
PTXQC' and QCloud?® have been implemented. Most serve distinct (but often
overlapping) use cases, such as the inspection of single runs on a technical level,
providing additional QC information on a data analysis, or augmenting core facility
workflows. The QC metric definitions employed reflect the diversity of applications
for QC in MS, all of which a unifying data format should optimally be able to support.
As shown with the PSI-MS CV?2%! use in mzML and in the PSI formats of the previous
chapter, using CV-controlled data or parameter elements greatly improves the flexibility
of a format, especially with future use cases and newly developed concepts (like novel
QC metrics). Also shown in the previous chapter, using XML for creating a flexible
hierarchical file schema makes data access easier, or in the case of a data-handover
format, easier to append elements for new metric values within a data analysis workflow.
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Methods

XML-based formats also provide a direct technical solution to rendering reports from

files through extensible stylesheet language transformations (XSLT) 2%

, enabling the
development of dedicated XSLT instructions for automatic report generation.

We therefore developed the qcML format, an XML-based standard that follows the
design principles of the related mzML, mzIdentML, mzQuantML, and TraML standards

from the HUPO-PSI.

4.2 Methods

The qcML format comprises an XML-based data standard and associated controlled vo-
cabularies (CV) for storing various types of performance metrics, along with applicable
metadata about the experiments. It is closely related to the HUPO-PSI data standards
mzML, mzIdentML, and mzQuantML.

The methods section is split into two subsections of design rationale and structure (of
qcML) to better reflect the substance of developing, discussing, refining, and imple-
menting file formats.

Design Rationale

The qcML format was designed to address the two issues of storage and communi-
cation of quality control data and integrate into existing analysis workflows. In its
implementation, it needs to reflect the qualitative aspects of either a single LC-MS/MS
experiment or of a set of experiments in flexible grouping arrangement. This is to aid
instrument ’health’ monitoring and provide depth of support to a study’s claims through
introspection of the underlying data. The recorded quality parameters, in the following
collectively called metrics, can be present in various forms, a single numerical value, a
contextual tag or flag (e.g., a certain limit exceeded), multiple values either as list or
in tabular form, or even an image (e.g., an image capture or summarising plot). New
and custom metrics have to be accommodated without change in the format design.
The use cases to be supported are:

* Provide single experiment measurement (run) and analysis quality reports.

* Report on multiple groups of measurements (sets, e.g., as support material to a
conducted study).

* Aide the longitudinal quality supervision and archival to support the high through-
put operations of core facilities.
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* Support of and seamless integration into automated analysis workflows (plug-in

style).

* The format should also allow for quick access in human- and machine-readable
form, and optimally work both as a report for supporting background information
in data sharing and ready for archival to preserve a record of the measurement
circumstances, providing best practice of scientific data collection.

Structure

To accommodate the above-outlined use cases, especially to follow the analysis work-
flow with a record of quality assessments for each of the successive steps, the structure
of a run- or set-quality should be a plain list, making merging and stacking a simple
operation. To be able to report on single or multiple LC-MS/MS experiments, the
format should have the option to contain metrics for individual runs and metrics for a
group of runs. The nature of the data for quality assessment is in both cases the same,
and a common underlying format structure can be reused to simplify implementation
(Fig. 4.1).

To further ease complexity and allow for more code re-use, the basic structure for a
metric representation can be taken from the <cvParam> concept of the previously intro-
duced standard formats, here as a list of one or more <qualityParameter> elements for
each LC-MS/MS representation or grouping thereof. This allows for the representation
of single-value metrics or lists of values as required. The meaning of the value(s) is
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defined via a CV term reference, first to a specific CV via ecvref and a specific term
therein with eaccession. The CVs referenced are listed in a global <cvList> element,
detailing each CV with a efullName, euri, and eversion. To allow for more detailed
data representation, optional attachments to the base metric must be possible. The
<attachment> element allows for the representation of more extensive data in a separate
list of elements. These can be tabular data (as previously seen in mzQuantML) repre-
sented with a <table> element inside the <attachment>, or base64 encoded (image) data
with a <binary> element. The attachment is referencing a <qualityParameter> element
and is itself defined via a CV term to provide meaning to the data.

The qcML format combines the above structure details into an XML-file format schema,
that describes the quality of one or more runs, and optionally sets of runs described, and
a listing of the controlled vocabularies that contain the metric or parameter definitions
used throughout the file.

4.3 Results

The structure of the design is kept simple to ease implementation efforts and thus allow
easy data access and data handover between data analysis tools and scripts.

By using a defined file structure, which can be validated using XML schema, as all
previously described PSI XML standards, QC data can be represented in a compact and
portable way. With the use of CV term-defined elements, the format is ready for future
use cases and novel metrics. Through the simple design, aggregation of quality control
metrics across experiments becomes a straightforward task through the ability to easily
merge files or extract specific values.

We implemented QC tools in OpenMS to aid the collection and processing of QC data
along a data analysis workflow (Tab. 4.1). Starting with a single MS run in mzML
format, qccalculator can produce an initial qcML file with basic quality parameters such
as the number of spectra at given MS level. The breadth of basic quality parameters can
be widened by additional input of identification data, as produced by the potentially
earliest steps of a data analysis workflow. A data analysis workflow usually performs
multiple sub-tasks, accruing additional data contributing to QC or warranting QC
investigation for themselves. This data can be added over the course of the workflow
(or post-hoc) with the qcimporter, importing calculated QC metric accession-value pairs
to the qcML file, and the qcembedder, attaching additional tabular data or image data
to the respective qcML. In the reverse, QCExporter can export metric values into
tabular text format, and qcextractor €xtract attachments, e.g., for downstream input
to specialised (QC) scripts. The qcuerger tool allows merging two qcML files into one,
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completing the tools needed to make qcML a QC data handover and collection format
throughout a data analysis workflow. Any data in a qcML file not necessary at the end

OpenMS tool name

Description

QCcCalculator

QCEmbedder
QCExtractor

QCExporter

QCImporter

QCMerger
QCShrinker

Calculates basic quality parameters and metadata
from MS experiments and subsequent analysis data,
like experiment name, number of PSM, spectra S/N
ratios, etc.

Attaches a table or image (PNG) to a given qc pa-
rameter entry

Extracts a table attachment of a given qc parameter
entry into tabular format

Exports the metric values of selected runs/sets into
tabular format, optionally mapping the metric ac-
cessions to custom column header names

Imports multiple metric values into a qcML file,
metrics need accessions in the column header, one
run/set per row, optionally mapping custom table
column names to accessions

Merges two qcML files together

Remove selected attachments from a qcML file that
are not needed anymore, e.g., for a final report

Table 4.1: QC workflow tools implemented in OpenMS

of a data analysis can be trimmed with the qcshrinker.

Though not its primary function, the qcML format can also easily serve as quality
control report. A qcML document can contain both quality metric values derived and
aggregated from MS experiments, as well as to give further detailed information on
these metrics via attachments. These can also be plots visualising certain quality aspects
of an experiment created from data collected during or at completion of a data analysis
workflow with the help of qcexporter and qcextractor and visualisation scripts (e.g., with
R’s ggplot). Through embedded XSLT instructions, the qcML document itself can be

directly displayed in a browser (Fig. 4.2).
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Run Quality Report
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Figure 4.2: QC report rendered from the default XSLT included in the qcML file.
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A report from a qcML file can be of high detail, given that both data visualisations and
tabular data can be attached, to give e.g., a table detailing the confidence intervals,
p-values, and test statistics of the dependent variables created by a statistics script for
sets of MS runs in a study or identifications statistics visualisation like the mass error
distribution of MS2 identifications for a single MS run (Fig. 4.2).

Many modern browsers have XML executing functions such as XSLT disabled for local
files by default to mitigate security risks. Nevertheless, the qcML can be transformed into
HTML or a similarly formatted PDF for display with little effort. XSLT transformation
tools are widely available and can transform into PDF or HTML with a simple command
(Lis. 4.1).

Listing 4.1: An example commandline call to transform a qcML file into HTML

1 /bin/bash$ =xsltproc -v 141211 NT_HCC26SIMSYNPEPSinJY#4 _msms5.qcML
[ > 141211 _NT_HCC26SIMSYNPEPSinJY#4 _msms5.qcML.html

To support the core facility use case, where many LC-MS/MS experiments are measured
on a day-to-day basis, hence process automation is necessary, integrated flagging
thresholds can be easily accommodated with a customised XSLT stylesheet to indicate
whether the metric has exceeded a specified limit.

Listing 4.2: An XLS stylesheet template to transform a qcML into a report with custom
flagging for selected metrics, here highlighting in red if ’QC:0000029 ! total number of
PSMs’ is below 50% of ’QC:0000007 ! MS2 spectra count’.

1 <xsl:template match="ns:qualityParameter [(Q@accession =,’QC
— :0000029°)]1">
2 <xsl:variable name="PSM" select="//ns:qualityParameter [
— Qaccessiony=,’QC:0000007°]/@value"/>

3 <xsl:choose>

4 <xsl:when test="Q@value, <, ,$PSM_ div, ,2"> <!-- 1limit is <50%
— of MS2 recorded -->

5 <td bgcolor="#DC674D">

6 <xsl:value-of select="@name"/>

7 </td>

8 <td bgcolor="#DC674D">

9 <xsl:value-of select="@value"/>

10 </td>

11 </xsl:when>

12 <xsl:otherwise>

13

14 </xsl:otherwise>

15 </xsl:choose>

16 </xsl:template>
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Run Quality Report

Metadata

Filename 140102_JS_CLL18#2_W_20%_Rep#1_25cm90min3s_msms36,
Instrument LTQ Orbitrap XL
Date 2014-01-07

Details 140102_JS_CLL 18#2_W_20%_Rep#1_25cm90min3s_msms36

Name Value
Aquisition details MS1 spectra count 2668
MS2 spectra count 9222
e Minimum Maximum
gﬁg‘;“‘m RT [s] 900.04600000002 7199.0385
mz 400 649
Name Value

total number of identified peptides 2141

total number of uniquely identified
Identification details ~ peptides

total number of identified proteins 1088

total pumber of uniquely identified 1088
proteins

total number of missed cleavages 113

1151

Database /home/walzer/dbs/swissprotHUMANwoi_hlaCONTAMINANTS_150901.revCat.fasta

Name Value
Feature Finding number of features 7041
number of identified features 2519

Figure 4.3: A red flag is raised for runs with fewer than 50% MS2 identified in this custom
XSLT stylesheet (Lis. 4.2), overview plots in the qcML report transformation omitted for
clarity.

An equivalent relational structure complementing the XML-based file format allows
qcML data to be stored in a relational database ?°® such as MySQL/MariaDB, PostgreSQL,
or Oracle, to support archival purposes or longitudinal analysis, also a common re-
quirement in core facilities. By limiting the structure to simple XML types and only
minimal referencing between the <qualityParameter> and the <attachment>, uncompli-
cated database serialisation of the XML elements unlocks the option of long-term storage
in laboratory information management system (LIMS). The schema is future-proofed by
decoupling the metric representation from the structure itself. Both <qualityParameter>
and <attachment> types are CV controlled, their value’s meaning is CV-defined and the
structure is a generic combination of XML built-in types with a CV term accession
tagged for definition.

The first reason for a quality format is the same as with any of the other standardised
formats. The field of proteomics needs to have standardised formats to fulfil the
scientific premise of keeping good records. Storing and communicating this new type
of information is currently not standardised, limiting the dissemination of quality
control data along with experimental data. Even for just hundreds of files, all in
different formats, the amount of work necessary to leverage the data contained for
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new insights through reuse or even just review or reconsideration under the light of
new insights, becomes insurmountable, let alone with thousands of files in thousands
of studies, as was common and has ever since grown in extent due to the prevalent
high throughput methodology in life science. This allows large facilities, employing
LIMS to store quality information on their measurements, with little additional effort to
make large volumes of data (think hundreds of thousands of runs) queryable efficiently
regarding different qualitative aspects of the data.

Another reason is that the standard quality format qcML can be used as a report,
ready for inspection of either a single file or groups of files as common in most studies
published nowadays. This is important for concise communication of results between
researchers, be it intra- or inter-domain, to elucidate the context surrounding the data
used to conclude given claims. Especially for interdomain exchange, it is important to
provide as much background detail as possible and leave as few details and assumptions
surrounding the data unexplained as possible unclear or uncommented. As is common
within many domains of research, details might be implicit to keep publications brief
and focused on a narrow readership. In a similar manner, the qcML format can be used
as archival information, summarising what data a particular archive may contain.

A third reason is flexibility. What to report largely depends on the use case: archival,
analysis report, and data-sharing. However, all of these use cases can be accommodated
thanks to the flexible way quality metrics are recorded. Reporting can be done on both
the individual run and set-of-runs level which increases the possible depth of reporting.
The metrics themselves also allow for a rich depth of data, primarily reporting a single
numerical, string value, or boolean flag, but with the possibility to attach more values
such as tabular data or even base64-encoded plots. This allows for a rich report,
especially in combination with the XSLT feature of qcML, enabling qcML self-contained
formatting instructions for display in HTML (i.e., view-compatibility with a browser), or
PDF print. To stay updated with the current and future practices and methods evolving,
the metrics are stored in a generic pattern of name-accession-value data, and defined
via a CV, making updates and access to new metrics straightforward, compatible with
automated or high-throughput application programming interfaces (APIs).

As such, qcML unifies the handling of quality control data by analysis or reporting tools,
while maintaining a high level of transparency of the data to the user. As a dedicated
format for quality control, qcML is the first of its kind.
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Chapter 5

A Framework for Immunopeptidomics

This chapter includes partially identical or adapted content with permission from:

FRED 2: an immunoinformatics framework for Python
Schubert B., Walzer M., Brachvogel HP, Szolek A., Mohr C., Kohlbacher O.
(2016). Bioinformatics, 32(13), 2044-2046; https://doi.org/10.1093/bioinformatics/btwll3

ImmunoNodes — graphical development of complex immunoinformatics workflows
Schubert B., de la Garza L., Mohr C., Walzer M., Kohlbacher O.
(2017). BMC Bioinformatics, 18(242); https://doi.org/10.1186/s12859-017-1667-2

5.1 Introduction

Motivation

Data analysis software frameworks, such as OpenMS, introduced in the Background
chapter, can facilitate the development of new multiomics data analysis methods and
workflows. Their effect is twofold: 1. through integration of (data sources and)
software tools, they make a more flexible combination of methods possible; 2. they
accommodate the rapid development of new data analysis tools by providing a stable
structure of reusable concepts, such as data input parsing and output formatting to
standard format as described in the Data Integration for Automated Workflows chapter.
Computational approaches have also become common for immunology, aiding in
research, by facilitating the process of epitope detection and helping with vaccine
design. Through their application, the design of analysis pipelines that can handle
large amounts of data is possible. Progress in the prediction of T-cell epitopes using
machine learning methods particularly contributed in the publication of an abundance
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of methods for different or partially overlapping use cases.

Many of these methods are freely available, many as web-services, or as standalone
implementations of academic software. The issue with this type of software-service is
the continued availability and maintenance, which can be addressed by integration
into common (open source) frameworks. The FRED?%* was the first project to integrate
different computational immunology methods of significant use-case coverage under
one project. Its integration approach with a uniform interface also made comparison of
different methods better possible, important to assess method applicability in the design
of a given analysis workflow use case. FRED also laid the foundation for large-scale
data handling capability in custom designed workflows.

Background

Defining for the functionality of a framework like FRED or OpenMS are the tools and
method implementations included. For immunoinformatics, the key categories for
which tools and methods have been published are epitope prediction, antigen process-
ing, HLA typing, and vaccine design.

A prerequisite to generate an immune response from epitope-based vaccines are pep-

tides that have a strong enough affinity to HLA for effective presentation 2%

. Algorithms
that predict the affinity of peptides to HLA are therefore at the forefront of immunoinfor-
matics research tools to guide rational vaccine design. Binding affinity corresponds to
the peptides’ chemical properties to form weak molecular interactions with the binding
site of the HLA molecule. HLA-class I and II are highly polymorphic and show specific
peptide preferences?°®2%7. There are several approaches to leverage the specificity
for HLA-binding prediction, based on large amounts of experimental data, e.g., from
SYFPEITHI?®® or IEDB2%. The earliest approaches to the problem used position specific
scoring matrices (PSSM) reflecting a motif, and assigned a binding score to candidate
peptides through match against the motif (e.g., BIMAS?'°, SYFPEITHI?®). These linear
approaches, however, fail to incorporate the spatial context in which the affinity prop-
erties of a given amino acid at one position may be influenced by amino acids at other
positions in the peptide. More elaborate machine-learning methods use support vector
machines (e.g., SVMHC?!!) or artificial neural networks (e.g., NetMHC?!?). Support
vector machines classify peptides as binder or non-binder through the translation of the
amino-acid sequence into a higher-dimensional space which is divided by a hyperplane
defined through training data. Artificial neural networks represent a motif in terms of a
weight-matrix over the connections of the neural network, peptide sequences encoded
into a network input vector, and the weights assigned during training.
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HLA ligand binding involves other, albeit less selective steps that impact the motif
of naturally processed HLA peptides. Key steps are proteasomal cleavage and TAP
transport. Proteasomal cleavage is the first step in the antigen processing pathway, for
which specificity predictions can be made. Intracellular proteins are digested by the
multicatalytic proteasome, generating specific cleavage patterns. Due to the scarcity
of training data, most methods rely on in-vitro generated specificity measurements
(e.g., PCM?!®), methods trained on in-vivo data do, however, exist (ProteaSMM) 214,
Another sequence specific step is the TAP transport, during which TAP binds intracel-
lular peptides and delivers them into the endoplasmatic reticulum, where they can
bind nascent HLA molecules. TAP binding are sequence specific and has been found to
correlate with transport rates, but as with proteasomal cleavage, in-vivo data is scarce.
For example, the initial SVMTAP?!® method, based on support vector regression, was
trained on a set of ~400 peptides with measured binding affinity to TAP

HLA typing is essential for the development of vaccines, correct application of predic-
tion methods, and especially important for the development of personalised therapies.
With the introduction of molecular typing and NGS technology widely available in
most clinical and research settings, algorithmic typing methods are now among the
most important. Here, several methods have been published and considered in this
work. OptiType®? is a HLA genotyping algorithm based on integer linear programming,
simultaneously considering all major and minor HLA Class I alleles. It can produce
accurate four-digit HLA genotyping predictions from RNA, exome, or whole-genome

sequencing data. Polysolver?!®

uses a Bayesian probabilistic model to reassign reads
from whole-exome sequencing that failed to map to the reference genome to HLA-class
I references. The Seq2HLA®* algorithm produces HLA-class I and II typing and expres-
sion evaluation from RNA-Seq data. It produces two-digit resolution typing from '"HLA
groups’ based on inter- and intra-allele sequence variability with a greedy algorithm
based on read count maximization. ATHLATES®3, too, can produce HLA-class I and II
typing from exome sequencing data. The approach used in the software package is the
determination of the minimal (Hamming) distance of HLA allele pairs for each locus
to the exons. Several publications give an deeper overview and benchmarking of the
algorithms?!6-21

Another algorithmic application for immunology use cases can be found vaccine design.
Since the HLA is highly polymorphic, the repertoires of potential HLA-binding peptides
differs substantially. Economical and regulatory issues give strong incentives to identify
the optimal set of peptides for a epitope-based vaccine and effective modes of assembly
to improve vaccine response. With OptiTope, a selection of candidate vaccine peptides

that maximizes the overall predicted immunogenicity through integer linear program-
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ming can be found. The optimal assembly of such a candidate vaccine selection to

form immunogenic structures can be investigated with a string-of-beads polypeptide

h?%° or epitope concatenation with optimal spacer sequences maximizing the

221

approac
cleavage probability
Beside FRED, other resources making immunoinformatic tools collectively available,
have been published.

EpiToolKit?** is a web-based workbench for vaccine design. The tools offered cover
epitope prediction methods, MHC genotyping, epitope assembly and selection, largely
matching the methods described in this chapter. It is based on the open-source plat-
form Galaxy'®®, which allows the flexible combination of tools into a workflow. As a
web-based platform, data needs to be uploaded to a server. The server also restricts
tool-availability through its service lifetime.

The Immune Epitope Database and Analysis Resource' (IEDB)??® primarily hosts cu-
rated immune epitope data related to T- and B-cell epitopes. As an analysis resource
it is also home to a collection of published immunoinformatics tools. These include
predictors for both MHC class I and II restricted T-cell epitopes, methods to predict
linear B cell epitopes, epitope population coverage, epitope conservancy analysis, and
epitope cluster analysis. IEDB tools are available as a web-service, with a RESTful
interface to access tools and database.

5.2 Methods

We introduce FRED2, a modular Python framework for immunopeptidomics. FRED2 re-
flects the rework and extensive development of the Framework for Epitope Detection?**
(FRED), to align with the development of the source language and accommodate for
better integration with other frameworks and workflow management software. A com-
prehensive basis of common data structures and framework functionality allows for the
easy addition of new tools and extends code reusability. FRED2 is open-source software
and released under a three-clause BSD license. The project design reflects the areas
of immunoinformatics covered by FRED2 with a split into three sets of functionality
modules.

The framework basis provides support for three fundamental capabilities necessary for
immunoinformatics. Discovering and handling different HLA typings is important to
accommodate for the immunological diversity present in any biological sample through

HLA polygeny and polymorphy explained in the background chapter. For HLA typing,

Lhttp://www.iedb.org
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Figure 5.1: FRED 2 Module overview

FRED2 provides adapter methods for HLA typing approaches, such as OptiType®?,
Polysolver?!®, seq2HLA®* and ATHLATES®. Handling biological sequences and varia-
tions at all major biological levels is the next core framework capability. Sequences
can come from gene, transcript, or protein level, and need to be broken down to the
immuno-peptide level for modelling immune system functionality. Sequence level
transitions and integration of variations is managed by core-level functionality with
sequence representation classes. Getting these sequences and variations in the first
place is accomplished by interfacing with biological databases like BioMart>**, UniProt,
RefSeq and Ensembl and reading common file formats such as VCF through dedicated
adapters.

The prediction modules provides functionality for modelling core immune system prop-
erties. The prediction methods use established methods for the prediction of sequence
behaviour in the immune system and are split into three packages of Epitope Prediction,
TAP Prediction and Cleavage Prediction. Each package provides factory classes as entry
points for the supported prediction methods to maintain a common codebase and
familiar usage interface to improve development. These methods either reimplement
published methods or provide command-line adapters to the tools implementing the
published methods (see Tab. 5.1).

A third typical application of immunoinformatics is vaccine design. FRED2 provides
modules for epitope selection and assembly. For population-based epitope selection,
given a target population represented by their HLA alleles and virus proteins of interest,

225

OptiTope““>, a highly flexible mathematical framework capable of expressing various
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aspects of epitope-based vaccines, was reimplemented. OptiTope was integrated to
select the most immunogenic epitopes that are constrained to cover at least a fraction
of HLA alleles and antigens. All FRED2 prediction methods can interact with the reim-
plementation, overcoming previous limitations of the tool. To enable epitope assembly;,
FRED2 implements the traveling-salesperson (TSP) approach proposed by Toussaint et
al.??% and OptiVac??! for string-of-beads design with optimal spacer sequences, which
is similar to the approach taken by Antonets et al.?*®. An overview of the available

tools and use case applications is given in Tab. 5.1.
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Category

Method

Version

Use Case

Epitope Prediction

BIMAS 210+
SVMHGC 211«

ARB 227 %

SMM 228y
SMMPMBEC 229
Comblib 2008230+
PickPocket 23! *
Epidemix2%4
NetMHC?232*
NetMHCpan 233*
HAMMER 234
TEPITOPEpan23°*
NetMHCII 236
NetMHCIIpan 237
SYFPEITHI?%8*
UniTope 238+
NetCTLpan 37+

Callis propensity24°*

MHC-I binding

MHC-II binding

T-cell epitope

Immunogenicity

Cleavage Prediction

ProteaSMM (C/S20) 214
PCM 213 %

Ginodi?#

NetChop 242+

Cleavage site

TAP Prediction

SVMTAP>"*
SMMTAP 243+

Additive matrix 244*

TAP affinity

HLA Typing

OptiType ©2*
Polysolver?!
ATHLATES %3
Seq2HLA 64+

5

MHC-I typing

MHC-1/1I typing

Epitope Assembly

TSP approach?29*

Spacer design?2!*

String-of-beads design
Spacer design

Epitope Selection

Table 5.1: Supported immunoinformatics methods in FRED2, *:

OptiTope2°*

ImmunoNodes (see 6.2.2)

Vaccine design

also available as part of
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With a view to the cascading effects when transitioning multiple sequence levels and
integrating variants for multiple genes and heterozygous variations in estimating the
immunogenicity of their peptide products on multiple alleles with multiple prediction
methods, FRED2 sequence handling is built on generators. An exemplary use of

from Fred2.Core import x*

from Fred2.10 import read annovar_exonic

from Fred2.10.MartsAdapter import MartsAdapter

from Fred2.10.ADBAdapter import EldentifierTypes

from Fred2.EpitopePrediction import EpitopePredictorFactory

vars = read annovar_exonic("/tmp/annovar_excerpt.out")
mart = MartsAdapter (biomart="http://www.ensembl.org")
alleles = [Allele ("A%x02:01"), Allele ("B%15:01") ]
results = [EpitopePredictorFactory (e, version=v).predict(
generate peptides from proteins(
generate proteins from transcripts(
generate transcripts from variants(vars, mart,
— EldentifierTypes.REFSEQ))
,9),
alleles=alleles)
for e,v in [("Syfpeithi","1.0"), ("netmhc","4.0")]]
df = results[0].merge results(results[1:])
df.head (n=8)
A*02:01  B*15:01
Sequence Method
(A,AJA,QEAQ,AD) netmhc | 0.016207 0.057122
syfpeithi | 9.000000 2.000000
(A,A,D,EBR,WK,R) netmhc | 0.031507 0.015315
syfpeithi | 8.000000 1.000000
(AAELAGLLS)  netmhc | 0.120067 0.094033
syfpeithi | 8.000000 3.000000
(A, AELLQHVQ) netmhc | 0.065083 0.135354
syfpeithi | 9.000000 3.000000

Figure 5.2: Generator and BioMart adapter use in FRED2. Top: a brief Python script for
HLA-binding prediction from genetic variant products. Bottom: the script output, cut to
the first four peptides, in its Python Pandas dataframe form.

the generators is given in Listing 5.2. Five variants, as created by ANNOVAR?**,
nonsynonymous single nucleotide variants (SNV™) in IL23R, ATG16, and NOD2, and a
frameshift deletion in GJB2, are integrated into their respective transcripts, fetched
via the MartsAdapter from ensembl.org BioMart. FRED2 generators successively
produce peptides of length 9 as input to the HLA-binding predictors SYFPEITHI and
NetMHC. The combined results are kept in a multi-index Python Pandas dataframe.
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5.3 Results

FRED2 is a framework for the development of immunoinformatic applications. For
the implementation of new tools, FRED2 offers abstract base classes for various base
methods (e.g., PSSM, SVM) to provide a common code base for common methodologies.
The framework also provides representations for sequences and MHC-allele typings,
necessary concepts in all immunoinformatics applications. To integrate existing tools to
work seamlessly within the framework, FRED2 offers a abstract base class for external
command-line tools, as used e.g., for NetMHC.

FRED2 has many immunoinformatics applications already integrated and covers three
major areas of immunoinformatics: T-cell epitope prediction, HLA typing, epitope
selection, and epitope assembly (Fig. 5.1, Tab. 5.1).

FRED 2 Immunoinformatics Use Cases
Epitope Prediction and Neoepitope Prediction

For a given set of HLA alleles and a given set of peptides, FRED2 can produce the HLA
binding predictions for one or more chosen methods (Tab.5.1 - Epitope Prediction).
Prediction scores are handled in a flexible tabular format. Peptide input can also come
from protein sequences that FRED2 processes in a sliding window approach for a
selected peptide size. With the input of genomic variants, FRED2 can generate all
possible neoepitopes based on the annotated variants. Supported annotations come
from ANNOVAR 2% and Variant Effect Predictor?*® using GRCh37 and GRCh38 human
genome builds.

Cleavage Prediction

For a given set of protein sequences, FRED2 can produce the cleavage prediction under
a chosen prediction model (ProteaSMM (C/S20) 24, PCM?!3, NetChop?*?, Tab. 5.1).
The FRED?2 interface allows for the specification of a target peptide length. The result
are peptide sequences with their C-terminal cleavage score.

TAP Prediction

With the choice of three prediction models (SVMTAP?!3, SMMTAP?*, Additive ma-
trix?**, Tab. 5.1), FRED2 can produce TAP binding scores. Analogous to cleavage
prediction, the FRED2 interface allows for the specification of a target peptide length.
The result are peptide sequences with their predicted TAP score.
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HLA Typing

HLA class I and II genotype can be inferred with typing methods integrated into FRED2.
Depending on the method used (OptiType®?, Seq2HLA®*, Tab. 5.1), single-end whole
exome, whole genome sequences, or RNA-Seq FASTQ files need to be provided. The
most likely genotypes are reported in standard HLA nomenclature. The typing can be
directly used in use cases that need HLA-allele type input.

Epitope Selection

From a set of input epitopes, the FRED2 implementation of OptiTope®* can select
a subset that maximizes the overall predicted immunogenicity. The integer linear
programming-based approach also requires the assigned population frequencies for
target HLA alleles, and optionally the number of epitopes to select and the percentage
of HLA alleles and antigens that have to be covered by the selection. An additional
constraint can be set for epitope conservation. The FRED2 implementation of OptiTope
will calculate the conservation as the product of column-wise conservation from a
multiple sequence alignment (MSA) of the epitopes. This constraint ensures that only
epitopes that fulfil a user-defined conservation requirement will be considered. The
set of input epitopes can be directly sourced from the results of the epitope prediction
use case applications.

Epitope Assembly

Given a list of epitopes, the FRED2 epitope assembly implementations assemble a set of
epitopes into an optimal vaccine construct to maximise the cleavage likelihood for full
recovery of the individual epitopes after natural processing. Either a string-of-beads
polypeptide can be constructed via a travelling salesman problem formulation (de-
scribed by Toussaint et al. 22°) or a epitope concatenation with optimal spacer sequences
maximizing the cleavage probability of the desired epitopes while simultaneously re-
ducing the formation of neoepitopes (described in Schubert and Kohlbacher??!). The
set of input epitopes can be directly sourced from the results of the epitope prediction
use case applications.

5.4 Discussion

We demonstrated the ready utility of FRED2 for immunoinformatics, with the sup-
port for multiple common-place use cases in the field. FRED2 is the (completely
re-implemented) successor of FRED?%* with extensive tool support. We implemented
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routines covering data pre-processing, HLA typing, epitope prediction, epitope selec-
tion, as well as epitope assembly.

Of particular use in the research of naturally processed HLA ligands can be the pre-
diction of HLA-binding peptides for multiple alleles and multiple prediction methods.
As seen in Lis. 5.2, predictions are ready for comparison after prediction and can
be further processed together. For large studies or samples with particularly many
variations, the generator based approach for neoepitope prediction can be memory
conserving, as the sequences are generated on a need basis.

FRED2 provides a unified interface to many prediction tools. Many of the stand-alone
HLA epitope prediction tools do not offer a unified interface and output format, which
makes it difficult to use prediction methods interchangeably. One way to overcome
these problems is web-based workbenches as offered by IEDB?*” or EpiToolKit?*®. But
often data volume, speed, or legal restrictions (e.g., concerning data privacy) prevent
the use of such applications. Additionally, there is usually a considerable lead time
for the adoption of new or custom new methods. FRED2 offers custom application
and workflow development with little overhead. These analysis tools in FRED2 have
been stratified with a focus on the interoperability between the tools, including the
prediction methods.

The complexity and development time of state-of-the-art immunoinformatics tasks is
high. To maximize quality of the results and to decrease implementation time, it is
common in many bioinformatics fields including immunoinformatics, that research
analysis software makes use of already existing, thoroughly tested libraries. By building
on top of popular modules such as BioPython and Pandas i, FRED2 allows rapid
prototyping of complex and innovative immunoinformatics applications.

The open-source design of FRED2 was done with consideration towards flexibility to
allow easy extension. With the benefits of a unified framework, in turn, the developer
of a novel tool will not have to deal with data integration and can fall back on the unit
tested components.

FRED and its successor FRED2 have proven the value of ensuring the availability of
analysis tools, as, inevitable for most academic software, the developers change career,
labs change focus, and websites go offline. For frameworks in general, the cumulative
reduced maintenance efforts needed keep them compatible through iterations of cur-
rent computing platforms, operating system, and programming language versions.
The structural parallels of frameworks like FRED2 and OpenMS, offer additional

i http://biopython.org
i http://pandas.pydata.org
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benefits, which is the inherent compatibility within, and with flexible adaption, to
interconnect with each other, which will be discussed in the next Chapter.
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Chapter 6

Automated Workflows for Quality Con-
trol and Immunopeptidomics

This chapter includes partially identical or adapted content with permission from:

Workflows for automated downstream data analysis and visualization in large-scale
computational MS
Aiche S., Sachsenberg T, Kenar E., Walzer M., Wiswedel B., Kristl T., Boyles M., Duschl A., Huber C.G., Berthold
M.R., Reinert K. and Kohlbacher O.
(2015). Proteomics, 15, 1443-1447; https://doi.org/10.1002/pmic.201400391

ImmunoNodes — graphical development of complex immunoinformatics workflows
Schubert B., de la Garza L., Mohr C., Walzer M., Kohlbacher O.
(2017). BMC Bioinformatics, 18(242); https://doi.org/10.1186/s12859-017-1667-2

6.1 Introduction

Motivation

With the complexity of experimental methods in the life sciences, it is safe to assume
that any complete data analysis will involve multiple steps, and thereby different tools.
Common data standards for in- and output, and the frameworks’ inherent compatibility,
as described in the previous chapters, make this feasible.

The size of modern datasets and extent of studies makes it prohibitively time-consuming
to manually start each analysis step’s computation, wait for it to finish, then prepare
the results to fit the input requirement for the next, then start the next, and so on.
Here, automated successive execution of tools through batch execution, in the most
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simple form via shell scripts*’

, or, more evolved, through workflow management
systems, can resolve some of the issues emerging. We will henceforth use *"workflow’
as in the uninterrupted, consecutive and automated application of analysis tools to
a particular set of data. Another expression which is often used in a similar context,
’pipeline’, will be used as in drug development pipeline, including possibly multiple
workflows, expert assessments, and (yet) non-automatable processes like literature
research, model training, or follow-up experiments.

Further, most command line tools are not easily applied on large compute infras-
tructures or do not handle compute infrastructure failures in a way amenable to
high-throughput use. Be it the recovery from a temporarily dysfunctional compute
node or recovering from memory exhaustion during a particular analysis step for a
particular part of data, discarding the successful computations and restarting from
the beginning is clearly uneconomical. Failure strategies, and execution strategies
in general, need to take the concrete compute infrastructure at hand into consider-
ation, a feature that is largely out-of-scope for most (single-) tool developments but
is addressed in overarching workflow management software 1°®15%161 The previous
chapter illustrated how standard formats provide a stable interface between tools and
harmonise the data handover. These are essential for robust workflows, i.e., swapping
and updating tools without reimplementation of large parts of the workflow. With
standard format integration also comes flexibility for the workflow design process, as
chaining tools to achieve data analysis goals becomes straightforward, facilitating the
direct in- and -output of software. It is therefore of interest to life-science research
to have the tools used in the field fitted with standard format in- and output, and
integrated into such workflow management software to leverage the advantages offered
to analysis design and execution.

Background

The need for automation arose early in the history of computer-assisted data analysis.
In 1979, the Bourne shell, a command-line interpreter with limited scripting capability
was introduced to Version 7 Unix?°. It was primarily aimed at improving working with
the computer interactively, executing commands for the operating system, providing
input and output redirection and, albeit limited, programmability through scripts.
Later iterations of interactive command line interpreters, such as the Bourne-Again
SHell (BASH), are to be found in virtually any Unix-like operating system, Linux being
the most prevalent in the scientific communities’ high-performance computing (HPC)
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systems. Modern shell’s scripting capabilities can be considered the most basic form
of data analysis workflow system. Locally installed programs can be executed with
local files, outputs redirected as input of successive program executions or to files,
which are then used as input to the latter programs. These are however highly specific
to the operating system and compute infrastructure for which they were developed,
therefore lacking portability and reproducibility. The low-level functionality requires
the scripting of recurring data manipulation operations to use them as workflows as
defined above, which only further contributes to low portability, complex maintenance,
and unimpressive user experience. Later in data analysis history, Platform Computing
introduced Load Sharing Facility (LSF) (now IBM LSF) as workload management
platform with shell script compatibility, extending the range of shell scripts to work
efficiently with HPC systems on large datasets.

P251

For the computational MS community, TOP introduced an intercompatible set

of tools for proteomics data analysis, including signal processing, identification, and

quantification. OpenMS >’

also provided a software framework with shared libraries of
common functions and algorithms to speed up the development of new tools and ease
the burden of maintenance. With TOPP, an automated workflow for proteomics data
analysis could be scripted. Graphically assisted workflow editors like TOPP assistant
(TOPPAS)2°2 and Thermo Proteome Discoverer?>® were introduced to the community
in the 2010s, which allow the easy construction of custom analysis workflows, using
analysis software as building blocks, or nodes in a directed acyclic graph representing
the data analysis flow. The ’building blocks’ for TOPPAS are the tools of TOPP, where
a notable tool, the Genericurapper, allows other (external, command-line) tools to be
used within its graphical user interface. Input or output incompatibilities had to be
dealt with on the user side. Similar developments in the genomics community saw
the introduction of Galaxy '8, which provides user-side graphical construction of a
workflow of genomics tools in a web browser, and server-side data access and tool
execution. KNIME *° was introduced as a data analytics platform for visual design
of workflows in a modular fashion, and offers a rich environment for data analysis,
from statistics and visualisation to machine learning. The workflow design is modular,
built through a succession of nodes for built-in data analysis tools, however no specific
proteomics tools. The KNIME Community Extensions offer open-source KNIME nodes
with bundled executables, ready for workflow design and data analysis. Extensions are
built by different scientific communities, such as chemo- and bioinformatics, and enable
building cross-domain workflows. A more generic approach to describe command-line
tool based workflows for the scientific community was introduced with the Common

254

Workflow Language (CWL). As the name implies, workflows are described with
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a declarative language and are independent of executors, which must be installed
on the target compute infrastructure separately. There have also been efforts for an
independent visual composer for CWL (https://rabix.io/), however not actively
maintained anymore. The workflow orchestration system nextflow '®! has gained pop-
ularity within the computational proteomics community and foremost the genomics
community, largely thanks to its data manipulation scripting capabilities and a built-in
executor with a wide support of platforms to be executed on. In a similar fashion to
CWL, nextflow workflows are implemented through a declarative language, and the
input and output connections between tools have to be handled explicitly, therefore
a robust knowledge of all tools involved in a workflow is required. Common to all
workflow orchestration software is that in order to offer a specific command-line tool
as a node, the tool’s configuration options need to be known, among others the in-
put/output types and available parameters. In nextflow, Galaxy, and CWL, these need
to be described in the respective language or configuration environment. Similarly, but
more framework neutral are CTD files'®®, XML documents that contain all necessary
information of a given tool. They are natively compatible with KNIME and TOPP,
and through converters' also with CWL and Galaxy. They are a flexible add-on option
for other frameworks such as FRED2 to integrate into larger workflow management
systems. In the following, the focus will be exclusively on KNIME !> based workflows,
as the tools of interest for the following chapters have been first integrated into KNIME.

6.2 Methods

6.2.1 OpenMS in KNIME

The integration of OpenMS '%2°! into the workflow system KNIME*° (v3 and later)
extends data processing capabilities for proteomics data, allowing for sophisticated
downstream analysis and visualisation. TOPP itself integrates external tools for ex-
tend pipeline capabilities (identification in particular) and extend popular tools with
standard format compatibility as described in the Data Integration for Automated
Workflows chapter. This is achieved with TOPP-adapters, for example, to established
search engines such as MASCOT?%°, X!Tandem 2>, MS-GF+ !> or Comet!74,

OpenMS workflows can be constructed based on TOPP in the graphical user interface
TOPPAS 2, Designed for fully automated processing, TOPPAS does not provide func-
tionality for downstream analysis and only limited visualization capabilities. KNIME

U https://github.com/WorkflowConversion/CTDConverter
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offers a powerful and flexible workflow system combined with advanced data analytics,
visualisation, and reporting capabilities. KNIME integrates nodes for machine learning,
statistical data analysis, and interfaces to various scripting languages, for example,
the statistical programming language R. KNIME’s functionality can be easily extended
with nodes provided via an online plugin repository (the so-called KNIME Community
Extensions). As the execution of a KNIME workflow usually runs locally on a computer,
it does not require extra IT security provisions beyond the usual steps on the operating
system or file system level. For larger data, the execution can also be run on (often
commercially) available cloud/cluster or server solutions, which meet today’s security
standards.
The integration of OpenMS into KNIME is based on the GenericWorkflowNodes project'
that generates KNIME nodes for any command line tool that provides a CTD description
of the tool interface. We extended OpenMS to automatically generate CTD files for
each TOPPtool. With the generated OpenMS KNIME nodes, a TOPPAS workflow can
be recreated within KNIME. In contrast to TOPP, which’ data input and output are
file-based, KNIME’s internal data flow is a table-based data exchange between nodes.
To allow interaction between the file-based OpenMS nodes and regular KNIME nodes,
we implemented a set of nodes to load the content of proteomics data files into KNIME
tables. These nodes either use the OpenMS-specific TextExporter format or the recently
published mzTab?*” format as input.
A KNIME/OpenMS workflow is composed of multiple nodes that are connected by
ports. Ports represent single or multiple files that are passed from one tool to another.
The number of incoming and outgoing ports depends on the individual tool and de-
scribed by the tools’ CTD, for example, a database search engine such as MS-GF+ or
Comet will usually have two incoming ports, one for the file containing the spectra
to be analysed and one for the protein sequence database to be searched. Nodes are
drag-and-drop added to a virtual workbench and connected by drawing a line from
the outgoing to the desired incoming port. For each generated connection between
OpenMS nodes, the workflow engine will check if the file types are compatible, i.e.,
that only files of supported formats are given to a node. The parameters of nodes and
their documentation are available via a configuration dialogue. On execution, each
node checks, if the incoming data meets all requirements, for example, the correct type
of input files.

Workflows are very rarely so simple that they contain only a linear sequence of nodes
to process a single file. Therefore, additional nodes are provided to construct more
complex workflows including loops and merge nodes. Loops allow applying the same

i https://github.com/genericworkflownodes
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Figure 6.1: KNIME Integration of OpenMS’ TOPP Tools

series of nodes to multiple input files one at a time. Merge nodes allow combining
two files into a list that can be given to nodes that require more than one input file.
To further structure a workflow, KNIME provides so-called Meta-nodes to group a
collection of nodes. Grouping into Meta-nodes can be used to hide a complex series of
nodes and instead provide a high-level view of the data flow.

KNIME can export complete, preconfigured workflows into self-contained ZIP files.
Thus, workflows can easily be shared with collaborators, uploaded to web archives, or
otherwise made accessible to the scientific community. Once configured, workflows
can also be run from the command line for fully automated batch processing on a
large number of files. With minor extensions, using KNIME'’s flow-variable concept,
one can also configure KNIME such that the input files or other variable parameters of
the workflow can be set from the command line when executed in batch mode. Conse-
quently, workflows can be configured and tested in a desktop environment, using small
subsets of the original dataset, and subsequently be deployed to large computational
infrastructures.

6.2.2 FRED2 in KNIME: ImmunoNodes

Using the previously described GenericWorkflowNodes, CTD files for all compatible
tools in FRED2 (Tab. 5.1) were generated as ImmunoNodes, the integration layer
to KNIME. The ImmunoNode CTDs can then be used to automatically generate the
KNIME plugin(Fig. 6.2). Based on FRED2, the ImmunoNodes also have dependencies
to command line tools that are not bundled with FRED2. Several of these external tools
are difficult to install or exclusively available on specific OS platforms. To address these
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Figure 6.2: KNIME Integration of FRED2 Tools with the ImmunoNodes plug-in.

issues, we have extended generic KNIME node (GKN) to be able to execute command
line tools provided within a Docker container. Docker as a software containerisation
platform allows easy and platform-independent deployment of fully configured software
suites, in this case, the ImmunoNodes tools to the KNIME plugin and subsequently
the ImmunoNodes KNIME user. GKN scripts automatically generate the required
Docker calls for the execution of an ImmunoNode in KNIME and handle the input and
generated output redirection to-and-from the Docker container into KNIME. However,
not all FRED2 tools are available as ImmunoNode tools due to either licensing or
containerisation issues. ImmunoNodes offers twelve different nodes covering epitope,
proteasomal cleavage, and TAP prediction, distance-to-self calculations of peptides, as
well as HLA genotyping (Tab. 5.1). It also offers nodes for vaccine design including
epitope selection and assembly.

6.2.3 Automated QC for HLA-ligandomics workflows

Built on existing analysis workflows for HLA-ligandomics MS data (Fig. 6.4), we
used the OpenMS QC tools to collect qualitative data from the analysis in qcML and
develop metrics to detect and address commonly occurring issues during acquisition
and analysis. The base questions to be answered by the resulting metric values can be
generalised as follows: Is the analytical system performing optimally? Can sources of
analysis variability be identified? Both questions can be asked from the viewpoint of
a particular run or over a span of instrument-operation time. And, are all runs of a
particular set (e.g., a study variable) qualitatively the same or can we detect outliers?
Combined, the metrics aim to provide effective quality control to MS acquisition and
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analysis on the run level, instrument-performance level, and study level. We applied
the quality measurements to 4 years of MS measurements of naturally processed HLA
peptides from the Department of Immunology, University of Tiibingen (n=12064). The
runs were measured on a (LTQ) Orbitrap XL MS (Thermo Fisher) equipped with a
nanoelectron spray ion source and coupled to an Ultimate 3000 RSLC Nano UHPLC
System (Dionex). Gradient lengths varied between 90-215 minutes.

6.3 Results

The combination of different frameworks to create analysis tools that integrate data
from different fields is an appealing option for integrated data analysis. The frame-
works deal with the field-specific formats of (standardised) outputs, so the developers
can focus on the analysis implementation. As discussed in the Data Integration for
Automated Workflows chapter, OpenMS offers a framework to deal with data input
and output, both custom and widely adopted standard formats. Additionally, many
popular analysis methods and tools are integrated into TOPP, which makes it a tightly
integrated platform, ideal for building robust data analysis workflows.

OpenMS TOPP Tool availability in KNIME

Integrating OpenMS through TOPP into KNIME enables the user to combine automated
data processing of the raw MS data (signal processing, quantification, identification)
with KNIME’s data-mining and visualisation capabilities in a single workflow, for exam-
ple, by directly integrating the initial raw data analysis with well-known R packages for
proteomics data analysis (e.g., isobar®°®) or creating a vertically integrated workflow
by utilising the available KNIME Community Extensions for cheminformatics (e.g.,
to visualise chemical structures of metabolites). The workflow can be constructed
and configured in the KNIME GUI, which speeds up the design or restructuring for
adaptation to new use cases. KNIME is easy to install on local computers, and simplifies
the OpenMS installation to a plugin download. While the TOPP tools come with their
own GUI, TOPPAS, it is limited in workflow design complexity and limited in the
reach of tools. KNIME can also scale for deployment to larger or distributed compute
resources. The initial data analysis results are compatible with KNIME’s downstream
data analytics tools, so results can be easily processed using the hundreds of KNIME
nodes or custom R code implemented in the KNIME R nodes. Here, we present a
workflow that takes advantage of the bi-directional data flow enabled by the OpenMS
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KNIME integration and uses KNIME visualisation and KNIME R nodes to produce a
rich QC report for a LC-MS/MS experiment (Fig. 6.3).

LC-MS/MS Quality Control Workflow

Figure 6.3: Proteomics workflow to compute and summarise a detailed quality report
for an LC-MS/MS experiment. Insets (A-C) show parts of the generated quality report
in qcML format, rendered in a web browser. (A) An overview of the analyzed file and
details on the experiment, (B) charge distribution of found MS1 features, and (C) a plot
comparing found MS1 features with peptides identified in the MS2 spectra.

With the increasing amount of data produced in LC-MS/MS experiments, quality
control has become a crucial aspect of the day-to-day usage of MS. With the tools
available through the OpenMS-KNIME integration, it is easy adapting existing analysis
workflows to also incorporate quality control. For this, gqcML2%, described in the
Reporting Quality Control in Mass Spectrometry chapter, provides storage, transfer,
and report rendering of quality metrics. Shown with the workflow in Fig. 6.3, reports
can also be generated with a KNIME built-in reporting feature. The computation of
the quality metrics, the generation of suitable plots, and integration in qcML can be
achieved by adding few extra nodes to an existing workflow. A standard workflow for
spectra identification at 5% FDR level and quantitative feature detection is collapsed
into the 'preprocessing’ metanode (see Fig. 6.4 for a full example of an identification
workflow). Its output identifications and features, and also its original spectra input are
input for the gccaiculator node, generating a basic qcML. The qcML file is handed along
the consecutive metanodes that produce metric visualisations with R or Python and
add them to the qcML. Optionally, the visualisations can also be added to the KNIME
report. A qcimporter node exemplifies how additional QC data, not originating from
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the workflow itself (e.g., protein content estimation or batch numbers of chemicals
used during sample preparation), can be added to the qcML file. Several optional data
extraction metanodes show how qcML data can be extracted and add more information
that is natively presented in the qcML report rendering to the independent KNIME
report. The ’Extraction of QP details’ metanode reports metadata on the MS experiment
like run name to KNIME. The ’Extraction of feature statistics’ metanode reports the
number of features and their charge states, etc. to KNIME. The 'Extraction of Acquisition
details’ metanode reports the RT and m/z acquisition ranges and identification settings
to KNIME. The Fig. 6.3 insets A-C show the qcML report rendering in a browser as
also seen in detail in the Reporting Quality Control in Mass Spectrometry chapter, and
example metric visualisations. Metrics for MS experiments are presented and discussed
in later sections of this chapter.

KNIME availability of FRED2 ImmunoNodes

Immunoinformatics has matured to the point where epitope prediction methods are
widely used, from basic immunological research to translational applications®'>%°,
High throughput methodologies based on liquid chromatography and MS have been
successfully used to identify therapeutic targets for cancer immunotherapies2%-262,
However, these applications often require complex workflows combining multiple tools,
multiple data sources and extensive pre- and post-processing.

With the integration of FRED2 into the KNIME Community Extension, and the OpenMS

nodes, combined multiomics workflows can be constructed.

A Combined Multiomics Workflow: HLA Ligandomics Analysis

We showcase a KNIME-based application of computational MS and immunoinformatics,
that leverages the Community Extension plug-in nodes of OpenMS and ImmunoNodes.
The workflow represents a peptide identification analysis for ligandomics (Fig. 6.4).
At the same time, this workflow exemplifies the synergistic effects of combining native
KNIME nodes and different community extensions.
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Figure 6.4: HLA ligandomics workflow combining native KNIME, OpenMS, and ImmunoN-
odes nodes. The workflow uses an online source for spectra data and performs mass spectra
identification with the peptide search engine X!Tandem (XTandemAdapter). Identified 9-mer
peptides are then annotated with their respective binding affinity as predicted by NetMHC
using the EpitopePrediction node. Summary statistics and visualizations are generated
with the use of native KNIME nodes.

The workflow extracts spectra data from PRIDE (file transfer protocol (FTP) Connection
and Download node) and converts the data into standard format. Spectra identifica-
tion is performed with the peptide search engine X!Tandem (xTandemAdapter), annotates
the results with details of the given target/decoy database (PeptideIndexer), and calcu-
lates FDR (FalseDiscoveryRate). A filter node is applied to achieve 5% peptide-level
FDR (1oFiiter). The identified peptides are then selected for 9-mer length. This step
comprises a number of native KNIME table manipulation and Python script nodes to
accomplish the selection and is collapsed into a single KNIME Metanode for clarity.
The peptides of appropriate length are then annotated with their respective binding
affinity as predicted by NetMHC using the EpitopePrediction node. Finally, simple
summary statistics and visualizations are generated with the use of native KNIME
nodes. Exported KNIME workflows can easily be shared and reused by the whole
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community'’. Reuse and customisation are simple, due to the parameter handling in

KNIME, which greatly improves robustness, automatability, and workflow exchange.

Automated Workflow Quality Control Is Effective on Different Levels of Acquisition
and Analysis of MS Experiments

Demonstrated in 6.3, fitting existing workflows with the OpenMS integrated QC tools
(see Chapter 4), results in QC in parallel to the analysis with little overhead (Fig. 6.3).
Here, we demonstrate how automated workflow QC is effective on different levels of
the MS acquisition by showcasing selected metrics. Any HLA-peptide run measurement
is the result of a complex sequence of processes, any of which can exhibit variable
performance and hence introduce variability, or worse, compromise the successful
measurement of the often limited amounts of available sample. This is generally
true for most LC-MS/MS experiments with biological samples. The following metric
descriptions show how to control for variability on different levels of acquisition and
analysis in MS experiments.

Run Level

On the individual run level, QC metrics can be used to ensure the integrity of the run and
to gather insights to identify issues with the analytical setup, including computational
analysis. A significant amount of time is spent by instrument operators calibrating
and optimising the instrument setup leading up to a measurable ion current?®® (i.e.,
the LC and the ESI) as it exhibits a parameter-rich environment, and is therefore
also a major source for variability. As the ion current is the basic source of the run’s
spectra, a first measure for the QC on the individual run level is to monitor the
total ion current (total ion current (TIC)) to check for interruptions and ensure there
was a measurable ion current signal throughout the complete run time. We used
the previously described QC tools from OpenMS with the HLA ligandomics analysis
workflow to read the TIC as a basic QC metric and highlight interruptions in a TIC
plot. In Fig. 6.5, the plotting script automatically highlights sections of RT where the
signal dropped consecutively below 1e® for more than 10 seconds. The ’gaps’ in the
measured ion current can occur inter alia because the electrospray of the ESI setup
collapsed or not enough ionisable eluent exited the column. The TIC in the figure
comes from run 150115_NT_HCC27_SIMSYNPEPSinJY_SIM#3_25cm90min3s_msms3, & run that included
spiked-in synthetic peptides measured in Targeted-SIM mode (denoted in the filename

il http://www.myexperiment . org/workflows/4947
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Figure 6.5: The total ion current of a MS run, reflecting the recorded ion signal over the
LC gradient time. Signal gaps, marked in red, can occur from, e.g., a collapsed spray.

as SIM), eluting at known time points, after which an electrospray collapse did not
cause sample measurement loss for the purpose of the run.

The signal threshold is not generalisable as the value range of signal intensity is
influenced by the individual instrument and the measuring environment (e.g., different
levels of noise for different instruments and different installations/setups/rooms).

A QC metric applied after the workflow’s identification steps is the approximation of
the observed mass error distribution. The mass error is measured as the difference
of theoretical and experimental mass expressed in ppm for each identified spectrum
(and its accepted PSM). Plotting the mass error along RT can yield further insight into
the instrument’s performance during the run, as seen in Fig. 6.6. The fitted LOWESS

LOWESS Fit for Appm over RT of Identified MS2
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Figure 6.6: The mass errors from the identifications of a MS run plotted over the LC
gradient time. Shown in red is a locally weighted scatterplot smoothing (LOWESS) fit
of the data, highlighting two plateaus during which the mass error was at a consistently
higher level, indicating a potential lockmass calibration issue.
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function is optimally expected to take the value of the mean (i.e., f (RT) = meanp,,)-
Deviations from a horizontal progression point to periods of RT where the instrument’s
acquisition is performing sub-optimally. The mass errors come from the identifications
of the run 131223_DK_CLL56_postTherapy#1_2ndTry_W_16%_#3_msms4. A temporary ’loss’ of the
external lock mass can result in a stretch of identifications for which’ MS2 the recorded
precursor mass was inaccurately recorded, resulting in a cluster of identifications with
‘off-centre’ mass error. Suboptimal lock mass correction, can stem from imperfect peaks
caused by weak signals due to the method of recalibration?®* or the actual (temporary)
loss of the known mass ambient ions registered for mass recalibration.

The identifications can be subjected to further scrutiny by relating the theoretical
hydrophobicity of all the identified peptides to their spectras’ respective order in the
LC gradient. The hydrophobicity can be estimated by calculating the grand average of
hydropathy (GRAVY) of all amino acids in the peptide, using a hydrophobicity scale2®.

Hydrophobicity Score for Identified Sequences over RT

GRAVY Score

T T T T T T T T .
0 1000 2000 3000 4000 5000 6000 7000 8000 9000
RT[s]

Figure 6.7: GRAVY hydrophobicity score calculated from identified sequences over the
LC gradient time. The middle line in dark green shows the LOWESS fit of the data, and a
+1.5 ’confidence’ band around.

As seen in  Fig. 6.7, the LC gradient of the run
150526_DK_JY_Standard15#1_postRSLCmaintenance_50cm195min3s_msms2 produces a clearly vis-
ible trend of hydrophilic peptides (negative values) eluting early to hydrophobic
peptides (positive values) eluting later. Drawn around the LOWESS fit of the data is a
+1.5 band as rough guide for GRAVY score tolerance, since elution order of complex
samples can vary, depending on factors other than estimated by the score (e.g.,
variability in the mobile phase pH, temperature, etc.). Though protein modifications
can affect RT and are not considered in the calculation of the hydrophobicity score, late
peptide identifications with a hydrophobicity score as low as some identifications at
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the beginning of the measurement are unlikely to be the correct peptide assignments.
However, only careful calibration with comprehensive standards of known synthetic
peptides can produce a confidence band for a given LC implementation.

Instrument-Performance Level

An essential requirement for the successful analysis and reliability of results from
(high-throughput) MS with automated workflows is the proper functioning of instru-
mentation?%%2%8, The number of parameters involved in calibration, influencing the
stability of performance make a stable performance challenging, especially when
datasets involve runs collected over a period of weeks or months. Naturally, longi-
tudinal QC monitoring of the results obtained from a particular instrument over its
operation history can alert to decreased performance, give clues to the investigation
of the parts of the instrument setup at fault, support inter-laboratory comparisons
and the assessment of instrumental setups. Utility from monitoring general analysis
results is however limited, as the measured samples are subject to variation from exper-
iment to experiment, due to the sample nature, preparation protocols, data processing
methodology, and instrument performance. The use of dedicated QC samples of known
content?®® and consistent QC sample analysis workflow have been proposed?’° to
minimise impacts from the former three sources of variability to control the latter
instrument performance variability.

In the absence of dedicated QC sample protocols for HLA-peptide MS analysis, mea-
surements of sample preparations of the JY cell line can be used as an approximation
of known content. The JY cell line is an Epstein-Barr virus (EBV)-immortalised B cell
lymphoblastoid line. Cell line samples have been suggested as complex QC sample for
regular measurements2®® and the homozygous nature of HLA-A (A*02:01:01:01), HLA-
B (B*07:02:01:01), and close relation of HLA-C alleles (C*07:02:01:01, C*07:02:01:03)
in JY?”! reduce sample variability compared to heterozygous cell lines, making it an
adequate complex QC sample for HLA-ligand MS analysis.

Here, we plotted four basic (observational count) QC metrics from a unified computa-
tional analysis of 52 JY samples measured over a ~3-year time course (2013-2016;
Fig. 6.8). The metrics observe the number of recorded MS2 spectra, the number of
proteins from which peptides were detected, detected peptide features, and of those,
the number with an assigned identification. As indicated by the markers in the plot,
we noticed two sharp drops in performance, most notably in the per-run number of
detected peptide features and number of acquired MS2 spectra. Dip a) occurred in
a run directly before a separation column change, followed by a return to previous
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Timeseries of JY-Sample QC Metrics
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Figure 6.8: Timeseries of JY-sample runs as QC sample representations. Four different
basic (observational count) metrics are plotted over instrument operation time course.
Sharp drops in all metrics indicate possible instrument issues a)&b).

levels. A second dip b) occurred after the instrument’s turbo-molecular pump exhibited
performance issues, warranting replacement and additional replacement of the trap
column (purpose: removal of anion or cation contaminants from eluents) to restore
instrument performance to previous levels.

Study Level

On the study level, QC metrics can be used to check the integrity of the experimental
design, assure comparability of the individual measurements within a study variable,
and detect outliers, which may, if the study guidelines allow, be removed. Best practice
may involve the removal of outliers after determination that a technical issue prevented
a correct measurement. QC metrics can be used for the detection of outliers and to
provide clues to where an issue might have compromised a measurement. In complex
measurement systems such as LC-MS/MS, reliance on a single metric may reduce the
potential of QC, especially to detect outliers and multivariate methods are preferred.
The Isolation Forest algorithm?’? is an ensemble method, using multiple base models
to derive a more robust predictive model. Here, the base models are Isolation Trees,
performing recursive random partitioning of a multidimensional dataset (e.g., a set
of metrics for each run under analysis), effectively isolating a datum by a number of
successive partitions from the rest of the data, which can be represented by a tree
structure. As such, Isolation Forests are a specialisation of Random Forests2”3. Outliers,
by definition distinct and less frequent than normal observations, will be isolated with
fewer partitions on average than 'normal’ data. This distinguishes the Isolation Forest
algorithm as an outlier detection method from other methods like clustering (e.g., KNN)
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HCC Set-Metric PCA and IsolationForest Outlier Detection
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Figure 6.9: Multivariate isolation forest outlier detection applied to the set of HLA-
ligand detection runs from hepatocellular carcinoma (HCC) tissue of the individualised
immunotherapy study (Chapter 7). a) principal component analysis (PCA) 2D visualisation
of the multivariate set metric (number of MS2 per run, number of PSM per run, number of
peptide features detected per run, number of peptide features identified per run, number
of source proteins identified; n=151), isolation forest outlier detection applied to the
same set metric overlaid. b) Table of detected outlier runs and probable outlier reason.
Run names are displayed as recorded in the acquisition system, the name encodes i.a.
the acquisition date (e.g.,’131025’), sample identifier (e.g., ’"HCC24"), sample type (e.g.,
"TUMOR’) and measurement mode ("SIM#1 50cm195min’ for SIM mode with a 50 cm LC
column on a 195-minute gradient).
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and classification approaches (e.g., support-vector machine (SVM)), which inherently
detect or learn groups of observations as 'normal’, and label the remainder as outliers.
As such, the Isolation Forest algorithm is an unsupervised method, making it effective
for unlabelled data, and well suited for application to new sets of data like a study
dataset.

We performed the Isolation Forest outlier detection for demonstration on the dataset
of all HLA-peptide detection runs from HCC samples included in the Personalised
Immunopeptidomics study discussed in the Applications - Personalised Immunopep-
tidomics chapter. Included were both samples from normal and tumour tissue, with a
varying number of runs per sample depending on sample availability, totalling n=151
runs. The dataset features, i.e., set-QC metrics, were chosen from the observational
counts of the runs’ MS2, detected peptide features, PSM, identified peptide features,
and identified peptide source proteins.

For visualisation purposes, we performed a PCA dimensionality reduction of the metric
dataset to highlight the detected outlier runs in 2D (Fig. 6.9 a)) and annotated the
respective runs with probable outlier causation in a table (Fig. 6.9 b)). Outlier iii
was found to have the electron spray failed during acquisition, and marked as such.
As explored in Fig. 6.5, a failed spray can leave parts of the LC gradient without
MS acquisition, hence making portions of the sample unavailable to peptide-feature
detection and identification. Outliers ii,iv were measured with a shorter gradient,
making them less comparable to the rest of the runs. For outliers v, vi, vii, viii a semi-
targeted acquisition mode was used. Here, parts of the LC gradient were focused on
the acquisition of a specific mass range in a selected ion monitoring approach. The
mass and RT ranges were derived from potentially mutated HLA-ligands as predicted
with input from the sample’s genetic sequencing and in-silico HLA-binding prediction
(details see Chapter 7).

The sample from outlier i was found to be challenging and a second tissue lysate
sample preparation was run on the same day (131025_NT_HCC24_Tumor_LysatReRun_W_20%_#1
< _50cm195min5s_msms12). Some of the detected outliers are are not directly apparent as
such from the PCA plot of first and second principal component, but appear different
when considering their position in plots of the other principal component combinations
(see Appendix). Also notable is that all detected outliers were from tumour tissue sam-
ples, underpinning that the detection of HLA-ligands from tumour tissue is complicated
by sample varying factors such as volume and immunoprecipitation yield.
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Add-on QC

Using the JY-sample measurements as a reference, though HLA peptide analysis mea-
surements can vary widely depending on the sample source, the application of a QC
add-on to the HLA peptide analysis workflow required to spend on average only 7.1%
(~20 s) of total CPU time on QC. The minimal overhead is due to the reuse of the
intermediate results of the workflow for QC purposes and a lean implementation with
efficient data integration.

6.4 Discussion

Structuring complex data analysis tasks into a collection of small, easily executable,
simpler computations brings the benefit of adding a certain degree of reproducibility, an
aspect desired in all scientific endeavours. From a software development perspective,
this meshes well with the UNIX philosophy: write programs that do one thing and do it
well. By definition, these tools cannot perform a complex analysis and therefore need
software to orchestrate. Workflow orchestration software such as KNIME offers advan-
tages to the data producer in need of developing custom analysis workflows to process
their data. KNIME offers the visual construction of workflows through the chaining
of nodes representing the workflow steps/data analysis tools necessary to complete
a given analysis. Such workflows also represent a superior way to share and com-
municate complex analysis methods over monolithic software constructs. Workflows
can be shared ready for re-use as we demonstrated with the combined multi-omics
workflow for HLA peptide analysis (6.3). Their modularity allows for a better overview
of the data analysis steps taken and better sustainability, should better alternatives for
a given step become available or novel use cases/data necessitate slight changes in
the workflow. Workflow orchestration also enables the automated, high-throughput
analysis of large datasets. These, as discussed in the context of MS proteomics standard
formats (Chapter 3), are becoming more common, as life-science disciplines are moving
towards comprehensive data collections using systematic information capturing.

The frictionless combination of tools, next to operating system and other software re-
quirements, depends heavily on the compatibility of inputs/outputs. The combination
of data from different scientific disciplines is becoming more effective the better tools
can interoperate. For this, as for any general use case involving the handover of data
from one software to the next, it is highly advantageous to have standardised data
formats to facilitate unambiguous data exchange between software, which has been
discussed in detail in the previous chapters.

117



6. Automated Workflows for Quality Control and Immunopeptidomics

In this chapter, we demonstrated, how data analysis tools from these different disci-
plines can come together in shared workflows through the integration into a common
workflow orchestration system, KNIME. KNIME has the advantage over web-based
workbenches like Galaxy because of the better options to locally develop integration so-
lutions and later run workflows flexibly on different (local) systems. This is in part due
to the server-based setup of web-based solutions, which usually provide only limited
or at least hard-to-access integration development opportunities. As a consequence,
novel resources and methods for scientific disciplines with smaller communities, like
immunoinformatics, are available first in local solutions such as KNIME. It’s utility
becomes apparent when comparing the visual capabilities to more specialised solutions
like Galaxy and TOPPAS. Another benefactor for KNIME is a thriving extensions system
to integrate more tools. For immunoinformatics, we showed with the implementation
of FRED2, the benefits of a unified framework for novel tool development and the strat-
ified integration into greater workflow orchestration with the ImmunoNodes. Being
fully integrated into KNIME using GKN, the ImmunoNodes enable a wide audience to
develop complex analysis workflows without the need to have mastered a programming
language. Also, the complexity of installation and configuration of required third-party
libraries has been lifted from the end user as a result of the provided Docker images.

In a similar fashion, the provision of OpenMS and TOPP tools has been simplified for
the data producer/analysis architect with the OpenMS community nodes. The same
benefits as presented by the ImmunoNodes for the immunoinformatics community,
are available for the proteomics community. Although the TOPP tools already had a
visual workflow environment available with TOPPAS, the broader scope of compatible
tools from different fields of the life sciences has the promise to significantly impact
multi-omics study feasibility in the future. The easier sharing and reuse of workflows
contribute to deeper insights into data and the development of more robust procedures
in regards to reproducibility, due to the applicability to similar datasets from different
data producers. To assure the comparability of those datasets and in general control
the integrity of measurements, QC methods can be applied in the same workflow or
dedicated workflows to conduct dedicated quality control of the involved instrumenta-
tion. Run-level monitoring is the first measure to control the success of a measurement
and can be directly included in the data analysis workflow. The instrument setup of
LC-MS/MS measurements usually involves many points of failure and QC in line with
the data analysis makes particular issues easier to pinpoint. It is a rational choice to
monitor two of the biggest contributors to variation, the LC and ESI, for each run. As
demonstrated with the TIC plot (Fig. 6.5), using dedicated QC metrics to monitor usual
suspects as sources of issues can be a simple but often time-saving action. We also rec-
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ommend monitoring along the (often hours long) RT of a run to detect inconsistencies
during the run as seen in Fig. 6.6, which can potentially be rectified post-acquisition
with recalibration methods®’#?”* to improve the data analysis.

Longitudinal QC monitoring has proven an effective method to proactively keep instru-
mentation in optimal working condition in proteomics2%%27277 and related fields like
metabolomics?”82”? to reduce sample waste due to in-measurement instrumentation
failure or performance degradation. It shows promise to have the same effects for HLA-
ligandomics, where low-concentration samples dominate. For such a specialised case,
a dedicated QC sample measurement operating procedure would need to be designed.
This would have to include 1) the design of a QC sample to mirror the type of peptides
in the ranges of concentrations usually seen within a sample of HLA-ligandomics, ii)
a strictly standardised sample preparation method, and iii) the establishment of a
baseline for each combination of instrument setups and measurement modes. While the
JY-sample measurements used in Fig. 6.8 can arguably serve as an appropriate base for
such a QC sample, we still observed a good amount of variation in the measurements
that can be in large parts attributed to the use of different instrument setups (e.g.,
different LC gradients) and less obviously to minor deviations from a common sample
preparation method. With the outlined improvement in QC sample application, it is
conceivable that a predictive maintenance regimen could be established improving
the chances for predictive algorithms to detect arising issues and enable more timely
maintenance interventions, improving overall consistency between measurements.
For consistency, especially in a study setting, (multivariate) set-metric QC can be of
aid. To assure all of the measurements included in a study are comparable, variation
should be attributable to either measurement sensitivity deviation, checked by com-
parison to QC sample runs over the study’s data acquisition period, or variation due
to sample concentration differences. For the latter, methods of outlier detection from
multiple QC metric values can be used as demonstrated in Fig. 6.9. Variation from
sample differences can arise either because of expected study variable differences (e.g.,
tumour vs. normal tissue) or unexpected differences hinting at sample preparation
issues, either of which need to be explained should the study require the samples to be
compared.

Isolation Forest is an unsupervised detection algorithm, i.e., it does not need to train
on labelled data which is of advantage for the application to MS runs, where variation
from many different sources can express in very different kinds of anomalous data,
unlikely to be covered by even exhaustive training data set. Because Isolation Forest
uses a random ensemble of isolation trees for anomaly estimation, the algorithm can be
used online, training with subsampling from the input data set to be analysed. Another
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benefit of the algorithm is the indifference to different feature scales, meaning any
difference in value scaling of the combined QC metrics does not influence the detection.
In many distance-based detection algorithms, e.g., KMeans, the feature scales may
create an implicit weighting of feature importances, given they are different enough,
and additional methods for normalisation need to be applied. The Isolation Forest algo-
rithm depends on the characteristics of anomalies to be few and different. In general,
outlier detection algorithms are less effective in detecting collective anomalies like runs
affected by a defective part in the instrumentation. There, longitudinal monitoring
with QC samples can help to detect systematic anomalies, given a sufficiently high QC
sample frequency is applied.
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Chapter 7

Applications - Personalised Immunopep-
tidomics

This chapter includes partially identical or adapted content with permission from:

Multi-omics discovery of exome-derived neoantigens in HCC
Loffler MW, Mohr C, Bichmann L, Freudenmann LK, Walzer M, Schroeder CM, Trautwein N, Hilke FJ, Zinser RS,
Miihlenbruch L, Kowalewski DJ, Schuster H, Sturm M, Matthes J, Riess O, Czemmel S, Nahnsen S, Konigsrainer I,
Thiel K, Nadalin S, Beckert S, Bosmiiller H, Fend E Velic A, Macek B, Haen SB Buonaguro L, Kohlbacher O,
Stevanovi¢ S, Konigsrainer A, HEPAVAC Consortium & Rammensee HG

(2019). Genome Medicine, 11(28). https://doi.org/10.1186/s13073-019-0636-8

7.1 Introduction

Motivation

Personalised Cancer Immunotherapy has great appeal because of its targeted approach
and leveraging of the body’s own defence mechanisms. Targeted, because it allows
the selection of tumour specific antigens present on a patient tumours’ cancer cells,
introduced by cancer specific mutations or the change of expression. Though all
cells accumulate mutations, including the usual and common hallmark mutations
that are found in cancer, the mutations are random in a general sense, and present
a tumour-specific pattern, not present in healthy tissue. This pattern should ideally
trade down to the immunopeptides presented on the patients’ cells, making cancer cells
distinguishable by the host immune system with so-called neo-epitopes, and therefore
present a target for personalised cancer vaccine therapy. A cancer vaccine should then
elicit de novo T cell responses targeting the tumour cells, thereby leveraging the body’s
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own defence mechanisms against the cancer.

MS is essential in the development of personalised vaccines as it is able to identify and
validate specific targets. One aspect of such an analysis, in particular in a clinical setting,
is the quality control of the data being acquired. Another aspect is the automated
processing for a timely and reproducbile analysis, affording the vaccine formulation
and synthesis the necessary lead time. Based on the work of the previous chapters,
we have thus developed a data analysis workflow able to analyse the multi-modal
omics data generated for the analysis of personalised immunopeptidomes. As part of a
larger study, we have applied the workflow to the clinical pipeline for exome-derived
neoantigen discovery in HCC. We performed unprecedented in-depth multi-omics
analyses encompassing whole exome and transcriptome sequencing, combined with
proteome and HLA ligandome profiling in selected HCC patients aiming to obtain
evidence for the natural presentation of exome-derived mutated HLA ligands.

Background

280 and with

HCC is among the malignancies with the highest death toll on a global scale
very limited therapeutic options. Particularly in advanced stage, long-term survival
is uncommon?®!. Although it has been shown that the microenvironment of the liver
is tolerogenic and impairs immune responses?®?, antigen-specific T cell responses do
occur?®, Since infiltration of HCCs with T cells?®* and spontaneous immune responses
correlate with longer survival®®® but mostly prove weak and insufficient on their own,
immunotherapies unleashing the immune system hold great promise.

Immune checkpoint (ICP) inhibitors demonstrating the potency and effectiveness of
the immune system to fight malignancy2®® have set the stage for cancer immunother-
apies. In contrast to established cytostatic treatments for cancer, this new class of
drugs has enabled long-term survival in advanced and metastatic disease previously
considered incurable®®”. However, although in some malignancies ICP inhibitors have
proven highly effective, results for other cancers remain disappointing. One probable
mode of action for ICP inhibitors is the induction and/or restoration of T cell effector
functions against individual somatic tumour mutations presented by HLA molecules
(i.e., mutated neoepitopes) 288, Since these mutated HLA ligands were unacquainted to
the immune system before carcinogenesis, they have been proposed as ideal tumour-
specific targets 28929,

In malignant melanoma (Mel), where ICP inhibitors were established first, mutational
load was shown to strongly correlate with survival?!. This has been corroborated

in lung cancer®? and colorectal carcinoma, where in the latter impressive survival
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benefits remained strictly limited to mismatch repair-deficient carcinomas featuring
very high numbers of mutations?%?. As elevated somatic mutation rates raise the odds
for generating neoantigens, this supports the notion they may be critical for ICP in-
hibitor effectiveness?4. Another line of evidence suggests that neoantigens recognised
by T cells can generate impressive clinical effects, when identified and exploited for
therapeutic purposes. This has been shown in remarkable case reports inter alia in

12% and metastatic cholangiocarcinoma?°®.

advanced Me
With current affordable NGS and bioinformatics, an array of approaches predicting
HLA-restricted neoantigens from virtually any tumour has emerged*”-**°. Indeed, at
present most attempts are restricted to in silico analyses, lacking actual proof that the
predicted neoantigens are relevant or even exist. So far, tangible evidence is scarce
and mainly restricted to T cell recognition®%. Therefore, one frequently missing link is
proof of neoantigen presentation on native tumour tissue. Such an endeavours is very

301

challenging and has been shown feasible in mouse models3®! and cell lines3°? but in

human solid tumours hitherto merely in Mel at low numbers using MS, defining the
current state-of-the-art39%-304,

Since both individual cancer traits and mutational load vary strongly between different
tumour entities3°>3% these properties may ultimately restrict the foreseeable success
and feasibility of neoantigen-targeted precision cancer medicine. In HCCs, only a small
proportion of about 10% of patients showed mutations potentially accessible for drug
therapy>?’, whereas preliminary data for ICP inhibitors showed objective response

308

rates in 15-20% of patients combined with a manageable safety profile>”®, making

neoantigens in principle an interesting case for precision cancer medicine.

7.2 Methods

HLA Ligandomics Data Analysis

MS data obtained from HLA immunoprecipitates was analysed using OpenMS(v2.3) 309

TOPP tools. Identification and post-scoring were performed using the TOPP adapters
to Comet 2016.01 rev. 33!° and Percolator 3.1.13!! and filtered with a FDR threshold
of 5% at PSM level. Database search was performed against a personalised version
of the human reference proteome (UP000005640'), including the patient-specific
mutanome without enzymatic restriction and methionine oxidation as the only variable
modification.

" https://www.uniprot.org/proteomes/UP000005640, accessed: 29.02.2016
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HLA Typing and Peptide Prediction

To define the sample-specific mutated peptide search space, peptides of 8-11 amino
acid length were constructed by sliding a shifting window of the peptide length over
the affected mutated positions. Resulting peptides were filtered against the human
reference proteome (UP000005640') and the Ensembl proteome reference (release
84) to exclude peptides contained within wild-type proteins. Transcript information
was retrieved via BioMart, based on the stable database version of GRCh37 ii. HLA
typing at four-digit resolution using whole exome sequencing data was performed
with OptiType3!? for HLA class I alleles as previously described®!® and confirmed
in selected cases by molecular HLA typing (using clinically validated LUMINEX and
sequence-based typing) during clinical routines. HLA-binding prediction was performed
with SYFPEITHI®'*, netMHC 4.03'>31®| and netMHCpan 3.03'738, The workflow was
implemented using FRED23!°. Data management was performed through the qPortal
instance at the Quantitative Biology Center (QBiC), Tiibingen32°.

7.3 Materials and Data

Clinical Specimens

Clinical specimens from patients (n=16; median age: 74 years; min.-max. 55-85 years;
75% men) undergoing liver resection for HCCs, encompassing both non-malignant
and malignant liver tissue as well as peripheral blood, were obtained directly after
surgery and cryopreserved. HCC diagnosis and predominant tumour fraction within
samples were histologically confirmed by an expert pathologist. All included patients
were negative for chronic viral hepatitis (hepatitis B and C) and without systemic
pretreatment for their malignancy.

Next-Generation Sequencing

DNA and RNA were extracted from fresh frozen tissue and PBMCs, respectively. After
sample preparation and enrichment, paired-end whole exome sequencing and whole
transcriptome sequencing were performed on an Illumina system at the Institute of
Medical Genetics and Applied Genomics, Tiibingen, Germany.

i https://www.uniprot.org/proteomes/UP000005640, accessed: 29.02.2016
i http://feb2014.archive.ensembl. org, release feb2014
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Materials and Data

Isolation of Naturally Presented HLA ligands from Tissues for HLA Ligandomics

HLA class I-peptide complexes were isolated from HCC and corresponding (non-
malignant) liver tissue samples by immunoaffinity purification using the pan-HLA
class I-specific monoclonal antibody W6/3232! (produced in-house at the Department
of Immunology, Tiibingen, Germany) and eluted using 0.2% trifluoroacetic acid as

described previously>22.

Analysis of HLA Ligands by LC-MS/MS

HLA class I ligand extracts were measured once or in multiple technical replicates, as

322323 Samples were separated by HPLC and eluting peptides

described previously
were analysed using CID in an online coupled Orbitrap MS. In addition to DDA, selected
ion monitoring (SIM) and PRM targeted tandem MS (tMS2) was performed for selected

samples to enhance the sensitivity and robustness of neoantigenic peptide identification.

Variant Calling

Reads were processed using the megSAP pipeline!” and the ngs-bits package" by the De-
partment of Medical Genetics and Applied Genomics (Tiibingen, Germany). Reads were
mapped against the Genome Reference Consortium Human Build 37 (GRCh37) using
BWA-mem?>2?*, Somatic variant calling was performed using Strelka and Strelka232>326
or with a proprietary software (CeGaT GmbH, Tiibingen, Germany). Somatic mutations

were annotated using SNPEff 4.1k3%7,

Gene Expression Analysis

Gene expression values were calculated as fragments per kilobase of exon per million
reads mapped (FPKM) of the corresponding transcripts and RNA tumour sequencing
depth at the corresponding variant position. Mapping of RNA reads was done using
TopHat 2 (v2.0.12)3%8,

Protein In-Gel Digestion for Shotgun Protein Identification

Sample lysates were separated by SDS-PAGE. Coomassie-stained gel pieces were di-
gested using trypsin. Peptides were desalted using C18 Stage tips. LC-MS/MS analyses
were performed on an EasyL.C nano-HPLC system (Proxeon Biosystems, Roskilde, Den-
mark) coupled to an LTQ Orbitrap Elite MS (ThermoFisher). Resulting data were

¥ https://github.com/imgag/megSAP
V https://github.com/imgag/ngs-bits
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processed with MaxQuant software suite v.1.5.2.83%°, The human reference database
was obtained from UniProt (containing 91,646 protein entries and 285 commonly
occurring laboratory contaminants) and concatenated with the patient-specific mu-
tanome. Endoprotease trypsin was fixed as enzyme with a maximum of two missed
cleavages. Oxidation of methionines and N-terminal acetylation were specified as
variable modifications, and carbamidomethylation of cysteines defined as a fixed modi-
fication. Initial maximum allowed mass tolerance was set to 6 ppm. Re-quantify was
enabled. A FDR of 1% was applied at peptide and protein level. Proteome analysis
was performed at the Proteome Center Tiibingen (PCT), Germany.

Dataset Availability

The MS data generated and analysed during the study, including proteome and lig-
andome data, are publicly available through PRIDE (dataset identifier PXD013057).
Somatic variant lists and expression data generated and analysed during the study are
available from figshare". The whole exome and transcriptome sequencing raw data
generated and analysed for the study are not publicly available, as participants did not
provide respective informed consent for broad sharing of their data.

Alternative dataset for additional workflow validation: Mel

For additional workflow validation, we also processed a publicly available dataset®®® of
somatic variants from whole exome sequencing (EGAS00001002050) and HLA-peptide
MS data (PXD004894) of five Mel patients as a reference.

7.4 Results

7.4.1 A Multi-Omics Approach to Detect Mutated HLA Ligands in HCC

We performed analyses of malignant and non-malignant liver tissue, resected during
surgery for HCCs, by a multi-omics approach encompassing analyses on exome (n=16),
transcriptome (n=16), shotgun proteome (n=7), and HLA ligandome level (i.e., HLA-
presented peptides; n=16). Multi-allelic HLA class I expression was confirmed in all
patients of our HCC cohort. The overall aim of our research was to identify individual
exome-derived somatic tumour mutations resulting in natural HLA ligands presented
to T cells.

Y https://figshare.com/s/6c09d3095a32402b4717 https://figshare.com/s/
c02d184d8f55a813456a
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Results

Detection of Somatic Variants in HCC

On average, we detected 151+40 somatic variants (Var) per HCC, including single
nucleotide variants, small insertions/deletions, and frameshift variants; thereof, 44%
(66+19) cause changes in the amino acid sequence of the encoded protein (i.e., non-
synonymous variants; Var™), when referenced against DNA from blood. From these
Var™, on average half were also detectable on transcript level (44£10%; Fig. 1a).
Across all patients, we observed 1039 unique Var™ in total, affecting 864 different
genes and 45% of them (n=392) with additional evidence on RNA level (Var®*®). This
translates to an average tumour mutational burden (TMB) (estimated as previously
described®*°) of 1.89+0.49 per megabase observed in our HCC cohort.

Assessing mutational hotspots, we observed alterations (Var®") in -catenin (CTNNBI;
50%) and in neuroblastoma breakpoint family, member 1 (NBPF1; 38%), but also
in genes encoding proteins typically expressed in the liver, such as albumin (ALB,;
19%), apolipoprotein b (APOB; 13%), and y-glutamyltransferase (GGT1; 19%). Var®*®
frequently affected the HLA class II loci HLA-DRB1 (6%), HLA-DQA1 (13%), and HLA-
DRB5 (19%). However, due to the highly polymorphic nature of the HLA locus®3!,
variant detection in these regions is particularly error-prone and results should be
cautiously interpreted as potential artifacts. For HLA class I loci, suitable computational
pipelines for mutation detection are available®, whereas for HLA class II to the best of
our knowledge this is not the case. Overall, only 1.5% (6/392) of Var®*®-containing
genes were shared among >2 patients and only one single mutation (in NBPF1; Chr.
1:16891365 G>T) reoccurred identically in three patients. Figure 7.1 shows the
variation in numbers of Var, Var®?, PubMed identifier (PMID), and PNE®? in our
HCC cohort. Considering established driver mutations included in the Cancer Gene
Census'i232| we observed respective Var® in most of the HCCs (n=9; 1-3 Var™ per
patient), foremost the previously mentioned gene CTNNB1 (n=8) but also the androgen
receptor, mediator complex subunit 12 (MED12), nuclear receptor corepressor 1 (NCOR1),
neurogenic locus notch homolog protein 1 (NOTCH1) (all n=2), and NOTCH2 /PIK3CA
(n=1). Nevertheless, except from CTNNB1, Var™ comprised in the Cancer Gene Census
appeared rather infrequently among the examined HCCs.

Vi https://cancer.sanger.ac.uk/census
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Variant and Predicted Neoepitope Counts
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Figure 7.1: Variant-count variations between samples of the HCC cohort on different
levels of detection and prediction.

7.4.2 Discovery of Mutation-Derived HLA Ligands on Different Omics Levels

Exome

As a first step, we sought to assess the number of mutation-derived PNE per patient.
On average, 244+77 PNE per HCC patient were predicted to exceed the respective HLA
class I alleles binding thresholds from 66418 Var™ (Fig. 7.2). The observed increase
in PNE numbers compared to Var™ is explained by the fact that Var™ may give rise to
multiple PNE due to the shifting window approach used with different peptide lengths
(8-11 amino acids) as well as the HLA-binding prediction for up to six individual HLA
alleles. Comparing the numbers of PNE to the numbers of protein-altering variants
(Var™) resulted in a very weak correlation (Pearson’s correlation coefficient r=0.38).

Transcriptome

When accounting for supplemental evidence for PNE on RNA level, numbers of predicted
peptides (PNE®*?) decreased by half (49+8% of PNE), yielding an average of 118+40
PNE®® per patient. The correlation between expressed protein-changing genomic
variants (Var®P) and PNE®*P was moderate (Pearson’s correlation coefficient r=0.50).
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Figure 7.2: The number of potential neoepitopes within the HCC cohort (left) diminishes
along the successive steps of analysis in the workflow. The analysis of the Mel dataset
(right) start out with more variants in general, no expression or shotgun-proteomics is
available, however neoepitopes could be detected.

Evidence for Mutated Proteins on Shotgun Proteome Level

To obtain the best available evidence for the presence of mutated proteins we first
used shotgut MS to identify the proteins in HCC tissue samples (n=7). Evaluation
of the identified proteins revealed support for the source proteins of a total of 159
PNE (17+14% of PNE®®, on average for 23+21 PNE per patient). Only in one pa-
tient(HCC034), no protein source evidence for any PNE was found.

We found direct evidence for mutated proteins with identified peptides carrying single
amino acid variations (SAV) corresponding to mutation sources for the PNE. We discov-
ered one somatic mutation in albumin (ALBK375E) on proteome level represented by
the tryptic peptide LAETYETTLEK in HCC025 (Fig. 7.3a), which was corroborated on
both exome (Var™) and transcriptome (Var®*®) levels. Strikingly, we not only detected
the tryptic wild-type peptide LAKTYETTLEK in the proteome of non-malignant liver
tissue, but unexpectedly also the mutation-derived peptide LAETYETTLEK. This was
corroborated by two additional replicate measurements from serum samples taken at
different time points from the patient. Patient HCCO25 showed tumour recurrence
and active disease at both time points and the mutated peptide was detected in both
samples, proving that the tumour synthesised a mutated ALB protein secreted into
circulation. For HCC026, a Var®*® in the ATP-dependent DNA helicase Q1 (RECQL; HI9R)
could be verified based on an additional tryptic cleavage site introduced through the
arginine gained by mutation, which resulted in the proteotypic peptide AVEIQIQELTER.
This peptide was not detected in the corresponding non-malignant liver tissue (Fig.
7.3b).
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Figure 7.3: Evidence for mutated proteins in the shotgun proteome. Annotated spectra
of albumin (ALB) showing sequences of wild-type (LAKTYETTLEK; top) and mutated
(LAETYETTLEK; bottom) protein measured by LC-MS/MS.

HIA ligandome

To directly assess the presence of mutated HLA ligands we used LC-MS/MS measure-
ments of isolates of naturally processed HLA peptides from HCCs and non-malignant
liver tissues. These analyses yielded on average 1403+621 HLA class I-associated
peptides from HCC and 11594525 peptides from non-malignant liver tissue (FDR 5%,
length 8-11 amino acids). On average, 51+11% of these peptides were shared between
matching malignant and non-malignant liver tissue. When applying HLA-binding
prediction on detected peptides, on average 1026+451 peptides per tumour (73+£10%)
and 867+450 peptides per non-malignant liver sample (72%=+11%) exceeded the
respective patients’ HLA class I allotype binding thresholds. Of those, on average
58+12% peptides occurred in both matched malignant and non-malignant liver tissues.
Importantly, we did not find any evidence for naturally presented mutated HLA ligands
(NE"®) in HCCs, independent of filtering criteria. However, in two HCC patients, we
identified the wild-type sequence HLA ligand (WT!®) to a corresponding PNE each.
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Targeted mass spectrometry for discovery of mutated HLA ligands

As no NE"8 could be confirmed in HLA ligandomics data acquired in DDA mode, we used
a SIM approach to avoid the sensitivity limitations inherent to DDA%*3, To corroborate
the PNEP™" observed in ALB and RECQL by targeted MS approaches as well as other
carefully selected PNE®* in three chosen patients, we selected sets of PNE from three
HCCs (HCC025-27) for SIM. Heavy isotope-labeled peptides were used as a reference
and to improve the probability of detection. Nevertheless, we could not validate any of
the candidates and comparisons of low confidence annotations with synthetic peptides
did not yield evidence for peptide presentation.

Since peptides harbouring the mutations confirmed on proteome level (PNEP™") seemed
of particular interest (i.e., ALBK375E in HCC025 and RECQLH19R in HCC026), we
additionally performed parallel reaction monitoring (PRM) measurements targeting
the best ranking PNE as well as corresponding wild-type HLA ligands (WT"#) covering
the mutation site. Despite a high number of HLA class I peptides identified in DDA
mode (HCCO025 malignant: 5063; HCC025 non-malignant: 1497; HCC026 malignant:
3678; HCC026 non-malignant: 3197), PRM could not corroborate any of the PNEP™*
as naturally presented HLA ligands in HCC.

Workflow Validation in Absence of Mutated HLA Ligands in HCC

To demonstrate the neoepitope identification workflow to its full extent, we additionally
processed a publicly available dataset of somatic variants from five Mel patients as a
reference3®. A generally higher mutational burden of Mel in comparison to HCC was
found from a survey of the cancer genome atlas (TCGA)": a mean number(£SD) of
Var™ of 90+100 for HCC (n = 363) and 461+£761 for Mel (n = 467). This is reflected
by the Var™ from the Mel dataset and resulting PNE from our analysis: 531 Var™ on
average in the Mel dataset versus 66 in our HCC cohort; 1550 PNE on average in the
Mel dataset versus 243 PNE in HCC (Fig. 7.2). The workflow analysis reconfirmed
all of the NE"¢ previously reported by Bassani-Sternberg et al.>*® and four additional
NE!# in two Mel samples that could be validated by matching spectra from synthetic
peptides.

viii

retrieved from Genomics Data Commons Data Portal https://portal.gdc.cancer.gov/, accessed
16.09.2018
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7.5 Discussion

Neoepitopes, i.e., unique peptides derived from tumour-specific mutations presented as
natural HLA ligands and recognised by T cells, have been suggested as highly attractive
targets for cancer immunotherapy. There is mounting (albeit indirect) evidence to sug-
gest that increased numbers of mutations may render malignancies more immunogenic
through their neoantigenic repertoire (i.e., mutated HLA ligands) and therefore more
amenable to immunotherapies?%®. Particularly for tumours that are characterised by a
high TMB, a correlation with benefits of ICP inhibition has been shown??1-293:334,

One of the greatest challenges in understanding and ultimately harnessing this neoanti-
genic repertoire of cancers is the selection and validation of suitable targets from an
array of PNE derived from computational algorithms>3°. From Fig. 7.2, it is plausible
to assume that most PNE are irrelevant and would ultimately fail to make an impact on
treatment outcomes of individual patients. On the other hand, the selection of a single

296,336 and such

suitable neoepitope may have unprecedented therapeutic consequences
a single neoepitope has already been shown to be a target of T cells induced by ICP
inhibition3°!. Certainly, this notion is not limited to neoepitopes, but it also applies to
tumour-associated antigens, which can possess a comparable immunogenicity®*”. Con-
sequently, non-mutated tumour-specific or highly tumour-associated antigens should
be considered prime choice for personalised immunotherapy, if they can be individually
validated>*®. A knowledge-based approach for PNE prioritisation using previously mea-
sured wild-type HLA ligands (WT!¢) has been proposed®*°. As shown, when filtering
detected HLA peptides for binding prediction, around 27-28% fell below the respective
patients’ HLA class I allotype binding thresholds. This can be either interpreted as a
step to enrich for high probability HLA class I ligands, or as in silico accuracies that
need to be considered in a prioritisation scenario.

Although many assumptions regarding mutated neoepitopes are theoretically and

294 there remains a fundamental lack of knowledge con-

bio-mechanistically plausible
cerning the precise immunological underpinnings behind tumour specificity**° and
therapeutic implications.

Moreover, biomarkers predicting response to ICP inhibitors with higher precision than
TMB?33* are sought-after®*!. A respective biomarker might not only assess the odds
for ICP therapy success but may simultaneously allow the development of tailored
neoantigen-targeted immunotherapies.

E342343 often derived

In contrast to the vast array of data available relating to PN
from data of consortia like the international cancer genome consortium (ICGC) or

TCGA, current physical evidence for exome-derived mutated HLA ligands (NE'®) seems
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anecdotal (reviewed by Freudenmann et al.***) and positive examples for finding this
proverbial needle in the haystack are scarce. Lacking detection of mutated HLA ligands
(NE!8) does not equal their absence due to several reasons: inter alia (1) detection
limits of the LC-MS/MS instrumentation, (2) lacking ionisability of respective peptides,
(3) particularly strongly hydrophilic and hydrophobic peptides may be missed by the
UHPLC method, (4) unknown temporal dynamics of the HLA ligandome3*. Hence, to
be able to benchmark our results obtained in HCC, we used the best evidence available
to us. Our HCC dataset is characterised by close to 70 amino acid-changing mutations
(Var™) on average translating to a TMB of about two per megabase, numbers corre-
sponding very well with data from a comprehensive set of resectable HCCs>*®. These
mutations encompass established hotspots, and a limited number of genes were found
to be recurrently mutated*®, affecting the well-established CTNNB1 primarily but also
NBPF1. The latter remained the only gene with a repeat identical mutation in our
patient cohort, emphasising that in combination with an individual set of HLA class
I allotypes, a neoepitope-targeted therapy needs to be strictly personalised®*. Since
in HCCs only about half of the initially 244 Var™ could be corroborated by RNA level
evidence (Var®®), this bisected the computationally predicted neoepitope numbers
to an average of 118 expressed PNE (PNE®?). Further, the correlation of both PNE
and PNE®® numbers with mutation counts, showed only a weak correlation. This
may imply that there is no direct interconnection between mutation frequency and
respective HLA ligands but rather a probabilistic model applies®’!, which is governed
by the HLA ligandome with distinct rules of presentation®#’. Since we had shotgun
proteomics data to the subset of our cohort available, we also assessed whether we
could establish any additional physical evidence for the respective source proteins
(PNEP™) constituting the immediate proteomic context of NE'8, which was the case
in about one-fifth of PNE®*® and comprised about 10% of the initial PNE pool. Even
less direct evidence of mutated proteins was found, with two out of seven patients
where we could confirm a mutation in the proteome, once directly and in the other
case through the introduction of an additional tryptic cleavage site by mutation. This
is however in line with previously reported fractions of genomic alterations detectable
on protein level by LC-MS/MS (~2%3%®). Nevertheless, since this neither implies the
actual absence of synthesis of mutated proteins, nor the HLA presentation of a NE'S,
we assessed the eluted HLA ligands and searched for any PNE with actual evidence for
HLA presentation by LC-MS/MS. Although the ~1400 HLA-bound peptides detected
on average in HCCs are generally comparable with the numbers previously published
in solid cancers®?>3% they do fall short of the considerable depth reached in Mel,
particularly in one single exceptional case, for which more than 20,000 HLA-bound
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peptides were reported (Mel153%%). We demonstrated with the application of our anal-
ysis workflow to the Mel data available, that results can be reproduced and improved.
Improving identification sensitivity is essential for future approaches of the kind for
Future. We used percolator to promote true target PSMs, and new developments
show promise for further improvement. MSBooster®>*° and Prosit®*! have provided
approaches combining percolator with neural networks to increase sensitivity for this
purpose.

However, in the direct cancer type comparison, it becomes particularly clear that Mel
and HCC, despite both representing solid tumours, feature fundamental differences
on a variety of biological levels. This notion is confirmed by an extensive analysis of
30 cancer types using comprehensive sequencing data from ICGC and TCGA3*, with
striking differences concerning the PNE pool between HCCs and Mel or lung and col-
orectal cancer®*. Those differences may imply disparities in antigenicity, determining
the odds for immunotherapy success?**. Indeed, we only found a single case with
comparable Var™ counts among Mel*% similar to our relatively homogeneous HCC
cohort, where a NE8 could be verified.

In three other studies, all conducted on either Mel samples, Mel cell lines, or oe-
sophageal adenocarcinoma (OAC), also a cancer with a high mutational burden, only
very few neoantigens were detected (Mel: 2352, cell lines: 33%* & 2353, OAC: 1%°%). The
studies used bespoke workflows to identify neoantigen targets, that are hardly automat-

1.354 355356 4 containerised collection of

able. Noteworthy, Nicholas et a used pVAC-seq
dedicated tools for identifying tumour neoantigens. However, all approaches lack the
workflow orchestration integration our OpenMS and FRED2 combination affords.

Hence, chances for the presentation of exome-derived NE"8 in HCC may be commonly
very low, possibly due to cancer immunoediting>>’. Furthermore, the odds for adminis-
tering targeted therapies available to HCC patients in our cohort remained small as
previously encountered®®’. For cancers with such limited target space, the scope may
need to be widened to selections of tumour-associated antigens for immunotherapy
to succeed, which also necessitates a better understanding of antigen presentation in
such cases. There have been efforts towards the characterisation of the HLA-class I
peptidome with the HLA-atlas>*® and the Human Immunopeptidome Project>*°. For
confident TAA selection, immunopeptidome-wide association studies have to be applied

on a large scale, for which OpenMS and FRED2 can provide the necessary automation.
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Chapter 8

Conclusion

For personalised immunotherapy approaches or research with emergent experimental
methodologies, a well-integrated analysis tool ecosystem which is also easy to inte-
grate new tools into is key for flexible workflow design and adaptation to current
needs without reimplementation of the foundational aspects. We showed how this
can be achieved with the design and implementation of standards. The mzIdentML
implementation in OpenMS opened up easy search engine and post-processing tool
integration, broadening the ecosystem of analysis tools available for workflow de-
sign and subsequent high-throughput analysis. The design and implementation of the
crosslinking use case illustrated this, as it acted as a keystone, bridging the development
of a novel search engine for cross-linked peptides to existing visualisation solutions to
form a better understanding of results. It also allows OpenPepXL to export the results
into a standardised format accepted by major data repositories like PRIDE, usually a
requirement for research publication in many established journals. As it is, there is
a case to be made for the compounding effects of an early adoption of standards for
emerging fields. The mzIdentML developments for crosslinking proved its utility to the
field and resulted in increased interest in standard adoption, and further refinement in
an upcoming version of the mzIdentML standard for a more detailed representation of
crosslinking.

The development of mzQuantML has proven instrumental to consensus formation in
quantitative proteomics research and a push towards common (reporting) goals. Its
design greatly influenced the development of mzTab as a more accessible method to re-
port commonly expected elements of analysis results. So, too, had the early exploration
of embracing cross-field commonalities with other MS-based life sciences through the
inclusion of small molecules, first mzQuantML, then in mzTab. This paid dividends in
the development of a compatible mzTab-m standard for metabolomics, expansion of
available tools, and opportunity for tighter collaboration between the fields. Reluctant
adoption of mzQuantML revealed the need for flexibility in analysis workflow design
as the highly dynamic field of quantitative methods is rich in diverse methodology
and favours insular solutions for reporting. mzTab has found the lowest common
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denominator with a spreadsheet-compatible method of reporting, its use however can
still be complex due to the rich diversity in result elements important for particular
methods. Future format developments might take advantage of recent developments
to capture the relation between (proteomics) samples and the data generated in a
standardised fashion®®° to reduce schema complexity by referencing the experimental
design described with SDRE

The inherent flexibility of qcML has proven optimal for the use cases of QC, which span
acquisition and analysis. Potentially each step of a workflow is thus a QC monitoring
opportunity, for which qcML’s hierarchical structure with CV control provides simple
add-on capabilities. In later and ongoing developments, the lessons from mzQuantML
led to the development of a less demanding format basis using JSON instead of XML
in the qcML successor format mzQC. Though virtually the same format structure was
preserved, the new PSI standard for QC improved accessibility. The qcML format
showcased the benefits of tight integration of QC processes along any MS-based data
analysis workflow and its dual utility as hand-over and report format, continued by
mzQC.

We illustrated in Chapter 6 the synergistic effects of standard file format implementa-
tion and workflow management integration. With standard formats for data hand-over,
workflows can be designed without custom glue code, implicitly increasing the available
toolset. This renders even complex workflows for advanced studies more transparent
and transferable, therefore improving reproducibility. As exemplified in Chapters 6 and
7, workflows become complex when designing for comprehensive life sciences, demon-
strated with the combination of a computational MS workflow and an immunopeptide
workflow with applied QC. This also highlighted another benefit of workflow man-
agement integration: enabling high-throughput analysis for a laboratory’s total data
output of immunopeptide MS experiments. Particularly useful is automation for the
longitudinal-QC use case, as the day-to-day ready use captures a consistent stream of
instrument health data. We have shown the utility of longitudinal quasi-QC samples
(JY), but we imagine a dedicated QC sample for immunopeptidomics run regularly to
perform much better and for example, enable predictive maintenance. This, combined
with the demonstrated QC metrics, can help boost instrument sensitivity, which has a
dominating impact on immunopeptide MS measurements. The combination of work-
flows also underlines another set of synergistic effects through the development and
integration of larger frameworks into workflow management systems as shown with
FRED2. The development of inclusive frameworks has benefits of its own as discussed
in Chapters 5 and 6. In short, they lower maintenance and make for easier integration
of existing tools with inter-compatible base structures and a reduced development
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burden for new tools and methods. FRED2, as the version in the name implies, reflects
the consistent development of a software framework for computational immunology.
This consistency has great value to the community and is seen to an even greater extent
with OpenMS, with a track record spanning almost two decades and support from
multiple institutional partners.

In future life-science studies, combining different disciplines will become important
to consolidate new findings and develop novel approaches for disease diagnosis and
therapy. The integration of OpenMS and the ImmunoNodes with KNIME offers great
opportunities for combined experiment and analysis approaches through the commu-
nity extensions. Finally, we concluded the integration of data and workflows with
a demonstration of the application of omics-spanning data analysis in a pre-clinical
study of personalised immunotherapy development for HCC. Unfortunately, we were
not able to detect any neoepitopes on immunopeptide level, however, demonstrated
the workflow functionality by reanalysis of a previously published melanoma dataset
and detected the reported and additional neoepitopes. We believe the described ap-
proach holds promise, though apparently not all cancer types are equally suited. We
showed that a higher mutational burden seems to coincide with successful neoepitope
presentation and is therefore important for taking advantage of such personalised
immunotherapy approaches. The ongoing research with similar approaches to other
cancer types has provided further insight into potential applicability of the approach.
Sustained and comprehensive studies including immunoinformatics and computational
MS will be necessary for the discovery of novel methods to treat cancer and can now
take advantage of existing solutions integrated into a wider ecosystem for analysis
design.

We feel therefore confident that our workflows, or updated versions thereof, will have
a place in future research in that direction. As the integration of immunopeptidomics
and MS workflows is only one demonstration of the synergistic effects of data and
tool integration for a wider community of life-science analysis development, we are
equally confident, that other combinations will be able to take advantage of format
standardisation and tool integration efforts. In general, we hope to have successfully
demonstrated the benefits of data and analysis tool integration into software solu-
tions for automated high-throughput analysis with a lasting impact on the quality and
reusability of published research.
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KNIME Konstanz Information Miner: a workflow management software. 36, 37,
101-110, 117, 118, 137
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LC Liquid Chromatography: a technique for the separation of complex samples. 18,
19, 21-23, 25, 77, 110-113, 115, 116, 118, 119

LC-MS Liquid Chromatography Mass Spectrometry: LC coupled to a MS. 20, 52,
55-57

LC-MS/MS Liquid Chromatography Coupled Tandem Mass Spectrometry. 27, 49, 62,
68, 79, 80, 84, 107, 110, 114, 118, 125, 130, 133

LIMS Laboratory Information Management System. 85, 86

LOWESS Locally Weighted Scatterplot Smoothing: a local polynomial regression for
scatterplot smoothing. 111, 112

LSF Load Sharing Facility. 101

m/z mass-to-charge ratio. 23, 24, 26, 27, 54, 195
Mel Malignant Melanoma. 122, 123, 126, 129, 131, 133, 134

MHC Major Histocompatibility Complex: a highly polymorphic region on chromosome
6 with genes particularly involved in immune functions. 6, 11, 12, 16

MS Mass Spectrometry. 2-5, 8, 18-22, 24, 25, 28-30, 32, 34, 35, 40-43, 49-53, 58,
61-63, 66, 72, 74, 77, 78, 82, 101, 105-108, 110, 111, 113, 116, 117, 119, 122,
123, 125, 126, 129, 136, 137, 195

MS1 Survey Scan: MS spectrum from scans of the whole (preset) mass range.. 25-27,
31

MS2 Tandem Mass Spectrum. 26, 29, 31, 77
NGS Next-Generation Sequencing. 1, 7, 15, 19, 89, 123

OpenMS Open Mass Spectrometry: a software framework for computational mass
spectrometry. 3, 34-37, 41, 42, 47-50, 61, 62, 72, 78, 81, 87, 88, 97, 101-110,
118, 123, 134, 135, 137, 195

PCA Principal Component Analysis: a linear dimensionality reduction technique. 115,
116

PCR Polymerase Chain Reaction. 8, 15

PNE Predicted Neoepitopes: mutation-derived predicted neoepitopes. 127-134
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PPI Protein—Protein Interaction. 9, 190

PRIDE Proteomics Identifications Database: the worlds largest repository for pro-
teomics mass spectrometry data. 40, 74, 109, 126, 135

PSI Proteomics Standards Initiative: a working group of the Human Proteome Orga-
nization to define data standards for proteomics to facilitate data comparison,
exchange and verification. 30, 41, 44, 47, 49-51, 63, 67, 71, 73, 74, 78, 79, 81,
136

PSM Peptide-Spectrum Match: a peptide sequence matched to a tandem mass spec-
trum, indicating a possibly identified peptide. 32-34, 43, 45, 46, 68-73, 82, 84,
111, 115,116, 123, 134

PTM Post-Translational Modification: a covalent modification of proteins following
protein biosynthesis, usually enzymatic. 9, 11

QC Quality Control. 77, 78, 81, 82, 105, 107, 110, 111, 113, 114, 116-120, 136

RNA Ribonucleic Acid. 6-8, 89, 96, 124, 125, 127, 128, 133

RT Retention Time. 19, 25, 29, 30, 108, 110-112, 116, 119

S/N Signal-to-Noise Ratio. 25

SILAC Stable Isotope Labeling By Amino Acids In Cell Culture. 29
SNP Single Nucleotide Polymorphism. 9

SNV Single Nucleotide Variation. 9, 94

SVM Support-Vector Machine. 116

TAA Tumour Associated Antigen. 16, 134
TAP Transporter Associated With Antigen Processing. 11, 105

TCGA The Cancer Genome Atlas: a catalogue of genomic alterations in cancer. 131,
132, 134

TCR T-Cell Receptor. 10-13

TIC Total Ion Current. 110, 118
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TMB Tumour Mutational Burden: the number of somatic mutations per megabase of
interrogated genomic sequence. 127, 132, 133

TOPP The Openms Proteomics Pipeline. 35, 36, 41, 48, 61, 62, 72, 101-104, 106,
118,123

TOPPAS TOPP Assistant: a GUI to create, edit, and run TOPP workflows. 101-103,
106, 118

VCF Variant Call Format: a text format for storing gene sequence variations. 9, 91

XML Extensible Markup Language: a markup language and file format for storing,
transmitting, and reconstructing data. 41, 44, 45, 47, 58, 63, 67, 73, 78, 79, 81,
84, 85, 102, 136

XSLT Extensible Stylesheet Language Transformations: a language designed for trans-
forming XML documents. 79, 82, 84-86
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The mzIdentML Data Standard Version 1.2, Supporting Advances in Proteome Informat-
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in Proteome Informatics. © the American Society for Biochemistry and Molecular
Biology."
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Proteomics 160
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The mzTab data exchange format: communicating mass-spectrometry-based proteomics

and metabolomics experimental results to a wider audience. 2%’

Permission to reuse text, figures, and charts was granted by the American Society for
Biochemistry and Molecular Biology. Creative Commons Attribution (CC BY 4.0).
"This research was originally published in Molecular & Cellular Proteomics, Volume
13, Issue 10, 2765 - 2775; J. Griss, A.R. Jones, T. Sachsenberg, M. Walzer, L. Gatto, J.
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communicating mass-spectrometry-based proteomics and metabolomics experimental
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wrote the paper.

qcML: An Exchange Format for Quality Control Metrics from Mass Spectrometry Experi-

ments 203

Permission to reuse text, figures, and charts was granted by the American Society for
Biochemistry and Molecular Biology. Creative Commons Attribution (CC BY 4.0).
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J.A. Vizcaino, H. Hermjakob, O. Kohlbacher, L. Martens; qcML: An Exchange Format
for Quality Control Metrics from Mass Spectrometry Experiments. © the American
Society for Biochemistry and Molecular Biology."

MW, LEB SNas, SNah, PK, JAV, OK, and LM designed research; MW, LEB SNah, PK,
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SNas, WB, SNah, PK, PB AnS, JV, MM, TT, RAS, LG, SA, DV, JAV, and LM analyzed data;
MW, LER SNas, WB, PK, PR HWyv, KL, KSL, JVO, AJH, KM, RA, KG, JAV, HH, OK, and
LM wrote the paper.
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FRED 2: an immunoinformatics framework for Python3!?

Permission to reuse text, figures, and charts was granted by the Authors. Creative
Commons Attribution (CC BY 4.0).
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research; BS and OK wrote the paper.

Workflows for automated downstream data analysis and visualization in large-scale

computational mass spectrometry %!

Permission to reuse text, figures, and charts was granted by the Authors. Creative
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Multi-omics discovery of exome-derived neoantigens in hepatocellular carcinoma33°
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Appendix B: Background

HLA Polymorphy and Worldwide Population Diversity

Certain Alleles dominate in certain populations**~!. This is demonstrated for HLA-A in Fig.
B.1b). The four most frequent HLA-A alleles in four populations' (Germany, Ireland, Mexico

City, Rwanda) are compared in pie charts, where HLA-A*02 is the only frequent commonality.

HLA-A Frequencies World
Germany Ireland
Number of Discovered HLA Class | Alleles
10000 02

8000

x4 oth Others
6000 - e
Type

Alleles

Proteins Mexico Rwanda

Count

4000 4

2000 1

(a) (b)

Figure B.1: Examples for HLA polymorphy and worldwide population diversity. a) shows
the number of different HLA class I alleles (left bars) and distinct HLA class I proteins
(right bars) for HLA-alleles A, B, and C discovered in the worldwide population. b) shows
the percentual share of the four most frequent HLA-A alleles in four populations.

Fig. B.1 a) shows the number of different HLA class I alleles (left bars) and distinct HLA class
I proteins (right bars) for HLA-alleles A, B, and C discovered in the worldwide population.
Polymorphy, Mendelian inheritance, and codominant expression result in a huge diversity of
HILA types found in the worldwide population. However, certain Alleles dominate in certain

populations -1,

Crosslinking

Mass spectrometry-based protein identification has been focused on the amino acid sequence
and their detection in samples of tissue. We now have a basic if however still incomplete under-
standing of protein occurrence in different tissues19%363-36> Yet knowledge of occurrence is

not equal to understanding the function of proteins. Protein function is in large parts conducted

Data taken from https://www.allelefrequencies.net, Germany (n=11407), Ireland South Pop 2
(n=17624), Mexico Mexico City Center (n=152), Rwanda (n=280), accessed 01.07.2024
i https://www.ebi.ac.uk/ipd/imgt/hla/about/statistics/, accessed 01.07.2024
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Background

by interacting with other proteins. Natural proteins have tertiary and quaternary structure
and lose their function when denatured. This implies their structure as part of their function,
with parts of their amino acid sequence internal, others surface exposed, some with restricted
access by crevices formed from other sections of their sequence as seen with the HLA molecules.
Other protein structure investigation techniques such as electron microscopy (EM), NMR and
crystallography have sample preparation requirements and necessary purification steps that
keep them from observing PPI in situ. This is a complicating factor for function investigation,
as proteins are known to undergo conformation changes in response to their environment
and to activate or deactivate their function3°®3¢7_ Protein crosslinking provides methods to
investigate PPI in an unbiased fashion in complex protein mixtures. This is accomplished by
the use of bifunctional cross-linking molecules that link two amino acids in close proximity
with a covalent bond. Cross-linkers are molecules of reactive end groups divided by a spacer.
The reactive groups targeting specific amino acids simplify data analysis. The spacer defines
the spatial resolution as longer spacers have longer reach, so have more combinations available
to connect residues. The limit is however only an upper-bound distance restraint, increasing
data analysis complexity. After proteolytic digestion of the protein-protein complexes, four

distinct peptide products are formed:

1. Single peptides not captured by the cross-linking reagent, therefore yielding no structural
information

2. Monolinks, single peptides captured by only one side of the cross-linking reagent. They

do however give evidence that the identified section of the protein was surface-exposed

3. Loop links, single peptides captured with both sides of the cross-linking agent. They, too,
give evidence of surface-exposed protein sections.

4. Two peptides captured by the cross-linking reagent, providing distance information about
protein tertiary (peptides from the same protein) or quaternary (peptides from different

proteins) structure.

Cross-linked peptides are large and branched, compromising the fragmentation efficiency and
resulting in complicated fragmentation spectra. The cross-linker also increases the number of
potential sequence matches to be considered through the combinations of different peptides plus
cross-linker matching the precursor mass. The quadratic inflation of the search space also makes
false positive control more challenging. MS-cleavable cross-linkers like DSSO3%® and CD13%?
allow simpler mass spectrometry-based identification, reducing the problem to regular peptide-
plus-modification to spectrum matching. The trade-off is the loss of direct linkage partner
information, requiring post-identification analysis. It is therefore essential to provide and

document more crosslinking details than with regular mass spectrometry-based identifications
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for successful analysis result presentation, sharing, and integration. With a sufficient amount
of cross-links identified, it is possible to detect and define protein interfaces. The results can
even be leveraged to produce final protein complex models®7%74. A combination with crystal
structure and cryo-EM data promises to provide a better picture of spatial protein relations and

a better understanding of protein functions.
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Appendix C: Formats

Programmatic Accession of mzQuantML

The simple extraction of values from mzQuantML for further use in statistical software is
another benefit of the mzQuantML design.

Listing C.1: A brief Python script can extract a target layer <DataMatrix> values with the
help of xPATH and the mzQuantML schema.

from lxml.etree import parse

import pandas as pd

# load a mzQuantML file

q = parse(’CPTAC-Progenesis-small-example.mzq’)
ns={’n’:’http://psidev.info/psi/pi/mzQuantML/1.0.0°3}

# fetch the AssayQuantlLayer from the PeptideConsensusList
# containing peptide normalised abundance (MS:1001891)

W N AW N

xml_aql = next(iter(q.xpath("//n:MzQuantML/n:PeptideConsensusList/
— n:AssayQuantlLayer/n:DataType/n:cvParam[@accession=’MS
— :1001891°]1/../..",namespaces=ns)), None)

9 if xml_aql is not None:

10 # extract the normalised peptide abundance values into a proto
— -table
11 peptide_quant_table = []
12 for row in xml_aql.xpath(’.//n:DataMatrix/n:Row’,namespaces=ns
— ):
13 peptide_quant_table.append ([row.attrib[’object_ref’]] +
— row.text.split(’,’))
14 # extract the table header
15 column_header = next(iter(xml_aql.xpath(’.//n:ColumnIndex’,
<> namespaces=ns)), None)
16 if column_header is not None:
17 peptide_quant_table_header = [[’peptide’] + column_header.
— text.split(’,?)]
18 # assemble DataFrame and write tsv
19 if column_header is not None and peptide_quant_table is not
— None:
20 df = pd.DataFrame(peptide_quant_table,columns=
— peptide_quant_table_header)
21 df .to_csv(’normalised_peptide_quant.tsv’, sep=’\t’, index=
— False)
22 else:
23 print ("QuantLayer not,found")
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The script can extract the abundance values stored in the <DataMatrix> of a target layer in an
arbitrary mzQuantML file for direct use in statistical software given the layer is present. In
the example script, the target layer is the <AssayQuantLayer> of <PeptideConsensusList>, i.e.,
the peptide abundances of confidently identified peptides in all assays included in the study.
The correct layer is selected through the combination of the xpatH of the layer and its datatype
accession (here: normalised peptide abundance, MS:1001891). The script will extract the
<DataMatrix> values of the fitting layer into a pandas 'DataFrame’ and subsequent .tsv’ file, ready
for direct use in downstream analysis software such as MSstats3”>. Each assay is represented in a
separate column, and each row is indexed with the respective peptide represented. The peptide
is represented in the script through the eobject_ref pointing each to a <PeptideConsensus>
— element. The eobject_ref, by convention rather than norm, is usually encoded with the
peptide sequence, charge, and running index (e.g., id="pep_AETDDGADVIR_2_10786"). Should a file
be produced without informative @object_ref, the <PeptideSequence> and <EvidenceRef> can
be extracted in similar brevity directly from the same <PeptideConsensusList> to be put as row

index (not shown).

Updating mzIdentML to Report Cross-linking Experiment Spectra Identifications

Another design update to mzIdentML was the addition of a new mechanism to encode the
identification of cross-linked peptides. With the present cross-linking techniques, one spectrum
may identify more than one peptide, which are either the cross-linked peptides or fragments of
the peptides and crosslinker. In case these values are reported, the protocol section needs to
include the CV term "cross-linking search" (MS:1002494) as a use-case label.

The structure of the previous mzldentML standard definitions restricted the reference of
one spectrum identification to one peptide. This was solved with the formation of peptide
pairs, annotating the respective <Peptide> elements with the cross-link modification and a pair-
specific identifier. This is achieved with a CV term in each peptide’s <Modification> element,
either "cross-link donor" (MS:1002509) or "cross-link acceptor" (MS:1002510), the value of
which for both must be a document-unique identifier for the peptide pair. The cross-link
introduced mass difference will be represented by the ’donor’ peptide’s <Modification> element
(emonoisotopicMassDelta attribute), whereas the ’acceptor’ peptide’s <Modification> element
will have no nominal mass difference. The donor/acceptor nomenclature is arbitrary, the donor
is by convention however the longer peptide.

A <SpectrumldentificationItem> then references each peptide via the respective <
— PeptideEvidence> elements, through which they will be implicitly paired, but also need to
be linked explicitly with a CV term "cross-link spectrum identification item" (MS:1002511) that

»rn

will link the items by its shared evalue attribute. Just as with the peptides’ "cross-link donor"

and "cross-link acceptor”, the values need to be file-unique identifiers. The identification scores,
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Figure C.1: Visualisation of cross-linked spectrum with annotated matched peaks and pep-
tide sequence coverage loaded from a mzIdentML (v1.2) file. Visualisation with TOPPView,
identified with OpenPepXL. The integration of cross-linking mzIdentML in OpenMS allows
visualising identified cross-linked spectra with the OpenMS spectrum visualisation tool
TOPPView. Data shown from MS run C_Lee_141014_CRM_dialysis_NCE20_1 (mzML and
mzIdentML), spectrum index 8821, 560-700 m/z of PXD014359. Labels show identified
fragment peaks of the peptide chains. Upper-right corner shows the sequence coverage
indicator. A one-sided arrow means the fragment starting at the marked residue and
containing the rest of the peptide or peptide pair in the direction of the arrow was matched.
A double arrow means fragments starting at the marked residue and containing the rest of
the peptide or peptide pair in both directions were matched.

rank, and charge reported within the pair must be the same. The GexperimentalMassToCharge

and @calculatedMassToCharge attribute values of the <SpectrumIdentificationItem> elements

must represent the mass values of both peptides and the cross-linker.

The implementation of the cross-linking use case, available in OpenMS (v2.5), can be utilised

to write the results from OpenPepXL'7? in mzIdentML or to read cross-linking identification

results for visualisation in Toppview (Fig. C.1).
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Appendix D: Automated Workflows for Quality Control and Immunopeptidomics

Outlier Detection from QC Metrics

HCC Set-Metric PCA and IsolationForest Outlier Detection
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Figure D.1: Multivariate isolation forest outlier detection applied to the set of HLA-ligand
detection runs from HCC tissue of the individualised immunotherapy study (Chapter 7).
Visualised is the 2D combinations of principal component 1 and 3 to complement the
visualisation in the main text.
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HCC Set-Metric PCA and IsolationForest Outlier Detection
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Second Principal Component

Figure D.2: Multivariate isolation forest outlier detection applied to the set of HLA-ligand
detection runs from HCC tissue of the individualised immunotherapy study (Chapter 7).
Visualised is the 2D combinations of principal component 2 and 3 to complement the
visualisation in the main text.
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