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Abstract in English

Mass spectrometry-based proteomics identifies peptides by matching spectra against
a sequence database, which for humans is typically a collection of reference protein
sequences. However, this approach overlooks protein-altering genetic variants, making
peptides encoded by alternative sequences undetectable even when they are present
in the sample and captured by the instrument. Proteogenomics integrates genomic
and proteomic analyses to address this limitation, developing tools to create protein
sequence databases from lists of individual variants or sequencing data. However,
such tools have primarily been designed to study rare or pathogenic variation, and the
influence of common haplotypes on the human proteome is still largely unexplored.

In Paper 1, we investigated how protein haplotypes—unique protein sequences en-
coded by combinations of alleles inherited together from a parent—affect the pro-
teomic search space and the detectability of variant peptides. We introduced the
concept of the multivariant peptide, defined as a peptide encoded by two or more
alternative alleles within the same haplotype. Using a published protein haplotype
database, accounting exclusively for single nucleotide polymorphisms within the 1000
Genomes Project, we estimated that 7.82% of the human proteome can be mapped to
common variant peptides, and up to 12.42% of the amino acid substitutions are discov-
erable in multivariant peptides. Reanalysis of raw proteomic data from healthy tonsil
tissue identified thousands of variant peptides, including multivariant peptides, and
demonstrated that haplotype-aware databases may prevent misassignment of spectra
to canonical proteins.

Paper 2 introduces ProHap, a Python-based software pipeline for generating haplotype-
resolved protein sequence databases from phased genotype datasets. These databases
account not only for amino acid substitutions, but include insertions, deletions,
frameshifts, and loss of stop codons. Using ProHap, we generated databases from
the 1000 Genomes Project, the Haplotype Reference Consortium, and the Human
Pangenome Reference Consortium datasets. In the database based on the 1000
Genomes Project, we found that at least 9% of the proteome in all major popula-
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tions could be attributed to variant peptides, with higher diversity in individuals with
African ancestry. Application to a blood plasma proteomic dataset enabled identifica-
tion of specific variant peptides in multiple individuals, and personalized analysis of
stem cell data using donor genotypes confirmed the detection of peptides encoded by
both the reference and alternative allele at heterozygous loci.

Paper III presents ProHap Explorer, a web-based visualization platform for integrative
analysis of proteogenomic data. The tool shows variation across gene, transcript, and
protein, and maps peptides identified in a public mass spectrometry dataset to their
genomic origin. ProHap Explorer features interactive views for both global and gene-
level exploration, with exportable data tables. The tool enables detailed exploration
and validation of variant peptides, building on the findings and resources developed
in Papers 1 and 2.

By integrating haplotype-aware database generation, population-based analysis, and
interactive visualization into proteomic studies, these contributions enable deeper in-
sights into the diversity of the human proteome, and open new opportunities for inter-
rogating its functional implications in biology and medicine.



Sammendrag

Massespektrometri-basert proteomikk identifiserer peptider ved 8 sammenligne spek-
tra mot en sekvensdatabase, som for mennesker vanligvis er en samling av referanse-
proteinsekvenser. Denne tilneermingen overser imidlertid proteinendrende genetiske
varianter, noe som gjgr at peptider kodet av alternative sekvenser ikke blir oppdaget
selv om de er til stede i prgven og kan fanges opp av instrumentet. Proteogenomikk
integrerer genomiske og proteomiske analyser for & lgse denne begrensningen, og
utvikler verktgy for & lage proteinsekvensdatabaser fra lister over individuelle vari-
anter eller sekvenseringsdata. Slike verktgy har hovedsakelig veert utviklet for & stud-
ere sjeldne eller sykdomsrelaterte varianter, og innflytelsen av vanlige haplotyper pé
det menneskelige proteomet er fortsatt understudert.

Artikkel 1 undersgkte hvordan protein-haplotyper—unike proteinsekvenser kodet av
kombinasjoner av alleler som arves sammen fra en forelder—péavirker proteomet og
deteksjonen av variantpeptider. Vi introduserte begrepet multivariant peptid, defin-
ert som et peptid kodet av to eller flere alternative alleler innenfor samme haplo-
type. Ved & bruke en protein-haplotype-database, som utelukkende tar hensyn til
enkelt-nukleotid-polymorfismer fra 1000 Genomes Project, estimerte vi at 7,82% av
det menneskelige proteomet kan knyttes til vanlige variantpeptider, og opptil 12,42%
av aminosyresubstitusjonene kan oppdages i multivariant-peptider. Reanalyse av rd
proteomikkdata fra friskt mandelvev identifiserte tusenvis av variantpeptider, inkludert
multivariant-peptider, og viste at haplotype-bevisste databaser kan forhindre feiltilord-
ning av spektra til kanoniske proteiner.

Artikkel 2 introduserer ProHap, en Python-basert programvarepipeline for  generere
haplotype-beviste proteinsekvensdatabaser fra fasete genotypedata. Disse databasene
tar ikke bare hensyn til aminosyresubstitusjoner, men inkluderer ogsa insersjoner, de-
lesjoner, rammeskift og tap av stoppkodon. Ved bruk av ProHap genererte vi databaser
fra 1000 Genomes Project, Haplotype Reference Consortium og Human Pangenome
Reference Consortium. I databasen basert pa 1000 Genomes Project fant vi at minst 9%
av proteomet i alle stgrre populasjoner kunne tilskrives variantpeptider, med hgyere
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diversitet hos individer med afrikansk opphav. Ved anvendelse av ProHap pé et pro-
teomikkdatasett pd blodplasma klarte vi & identifisere spesifikke variantpeptider hos
flere individer. Videre bekreftet vi deteksjon av peptider kodet av bide referanse- og
alternativt allel pd heterozygote loci ved bruk av personspesifikke stamcelldata med
donorens genotyper.

Artikkel 3 presenterer ProHap Explorer, en nettbasert visualiseringsplattform for
integrert analyse av proteogenomiske data. Verktgyet viser variasjon pa tvers av
gen, transkript og protein, og kobler peptider identifisert i et fritt tilgjengelig
massespektrometri-datasett til deres genomiske opphav. ProHap Explorer kan visu-
alisere data bade globalt og pd gennivé, med eksporterbare datatabeller. Verktgyet
muliggjer detaljert utforskning og validering av variantpeptider, og bygger pd funnene
og ressursene utviklet i de to fgrste artikkelene.

Ved & integrere haplotype-bevisst databasegenerering, populasjonsbasert analyse og
interaktiv visualisering i proteomikkstudier, gir disse bidragene dypere innsikt i mang-
foldet i det menneskelige proteomet og dpner nye muligheter for 8 underspke dets
funksjonelle betydning for biologi og medisinsk forskning.
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1 Introduction

1.1 Precision medicine and omics technologies

Modern medicine aims to understand disease and the human body at a deep level, integrating
insights from molecular biology and clinical research to develop more targeted therapies and
treatments!. This approach has led to significant advances in the diagnosis and management

of complex conditions.

Just over 20 years ago, a 15-month-old boy was admitted to a hospital in Wisconsin, USA,
with a severe Crohn’s disease-like autoimmune condition?. After initial treatment and main-
tenance, he returned at the age of four with new, severe complications. When all standard
forms of treatment proved unsuccessful, the medical team identified genetic variants responsi-
ble for the disease. Based on this finding, a cell transplant was recommended, and the patient
subsequently regained the ability to eat and drink, with no further recurrence of the disease
recorded?. This case was one of the first instances where sequencing technology was applied
directly in the clinic, enabling timely diagnosis and treatment of a potentially life-threatening

condition.

Around the same time, it was discovered that for a substantial proportion of diabetes cases
diagnosed before three months of age and requiring permanent treatment, the release of in-
sulin from the insulin-producing cells in the pancreas is impaired due to rare variants in a
single gene3. Following the discovery of the exact molecular mechanism, an alternative oral
medication was proposed instead of permanent insulin injections®. Similar mechanisms were
observed in several types of maturity-onset diabetes of the young (MODY) >°, and patients with
both subclasses of diabetes can now be routinely identified by genetic testing”-8, and benefit

from the improved treatment with lower impact on their quality of life.

These two examples illustrate the principles of precision medicine — a term popularized by Pres-
ident Obama in his 2015 State of the Union address, which outlined the vision for a national
Precision Medicine Initiative in the United States'. While therapeutics are rarely developed for
single individuals (an approach known as personalized medicine), precision medicine defines

subgroups of individuals and develops targeted treatments for these groups’?.
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Discoveries like these have been greatly enabled by the development of novel methods in
molecular biology and advances in downstream data interpretation. The mechanistic under-
standing of the subclasses of diabetes, followed by the implementation of genetic testing in the
diagnostic process, is allowed by the ability to systematically characterize genetic variants at
a decreasing cost. Similarly, the precise diagnosis of the rare inflammatory bowel disease was
achieved thanks to the ability to rapidly sequence all protein-coding genes in an individual and
compare them to reference sequences.

In another example, the principle of tailoring medical advice to specific subgroups becomes
crucial. Genetic testing is now routinely used in risk stratification for a heart condition called
hypertrophic cardiomyopathy (HC) . Between 2005 and 2007, several individuals of either
African or unspecified ancestry received reports that they carried pathogenic variants associ-
ated with HC. In such cases, patients and their relatives are advised to modify their lifestyles
and undergo prolonged risk screenings, which may cause stress and economic burden. How-
ever, the genetic variants originally identified as pathogenic were actually common among
the Black American population, while being rare among individuals of European ancestry, and

were later reclassified as benign1°.

Instead of targeting advice and treatment to a specific group, an assumed “one-size-fits-all”
reference panel was used, violating the principle of precision medicine. This highlighted the
problem of lacking diversity in genetic studies!!; had individuals of African ancestry been

included in the control cohorts, the misclassification of variants could have been prevented 1°.

1.1.1 High-throughput omics technologies

An essential asset of modern biomedical research is methodologies referred to as omics.
These are large-scale approaches aiming for comprehensive measurements of biological entities
within cells, tissues, or organisms. Such approaches aim to capture the entirety of a specific
type of biological information, such as genes (genomics), RNA transcripts (transcriptomics),
proteins (proteomics), or metabolites (metabolomics), among others1%-14 (Figure 1.1).

The initial completion of the Human Genome Project catalyzed a new research paradigm, re-
ferred to as discovery science!®, and currently known as data-driven approach. Complementary
to hypothesis-driven science, data-driven approaches provide an unbiased view by considering
all the elements of a biological system (such as genes) without prior assumptions about their
function!®. Omics technologies allow us not only to determine the elements of a system, but
also to generate hypotheses about their biologically important properties, which can be tested

in hypothesis-driven research '>16.

The frequent use of these approaches in medical research and clinical practice is enabled by
high-throughput experimental technologies. These technologies, such as next-generation se-

quencing (NGS), are able to analyze thousands to millions of molecules in parallel at a rapidly
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Figure 1.1: The path from the genome to the observable and measurable characteristics or traits of an
organism, known as the phenotype. Figure adapted from?°, illustrations downloaded from NIH BioArt
Source (bioart.niaid.nih.gov), protein model downloaded from Protein Data Bank (PDB)?! entry SHQIL

decreasing cost13-17, These massively-parallel technologies allow for the discovery of biomark-
ers (measurable indicators of biological processes or responses to interventions'®), disease

mechanisms, and therapeutic targets that would be missed by traditional approaches!317:19,

1.1.2 The role of computer science

Handling the data produced by high-throughput instruments required establishing downstream
software tools that enable researchers to analyze and interpret the vast volumes of data gen-
erated by experiments'%?2, Before the advent of high-throughput technologies, software and
algorithms were primarily employed to align sequenced DNA fragments and assemble genomic
maps?3. To manage the computational complexity of these early genomic efforts, techniques
such as Yeast Artificial Chromosomes and Bacterial Artificial Chromosomes allowed scientists
to efficiently clone, map, and organize large fragments of human DNA, which could then be
systematically sequenced?*. This proved instrumental in the success of the Human Genome

Project.

As omics data grew in volume and heterogeneity, the need for more advanced computational
approaches and infrastructure became clear>2>26, Key algorithmic innovations in sequence
alignment, such as the use of suffix trees, followed by Burrows-Wheeler Transform-based meth-
ods, have greatly improved computational speed and memory efficiency, enabling the growing
scope and scale of genomics27-28,

In state-of-the-art biomedical research, the overall success of a project depends as much on
data interpretation as on sample processing?2. Furthermore, data generated by experiments is
commonly deposited into shared repositories, with data volumes growing exponentially 122939,
Increasingly, re-analysis of existing datasets using new tools and approaches can yield novel

biological insights2%-30

, reducing both the cost and labor required for new research projects. As
a result, fluency in computational methods is often essential for biologists to perform their work

effectively. While multidisciplinary teamwork is common, a disconnect between data analysis
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and interpretation can lead to errors, such as mistaking artifacts for genuine findings3!. It is
therefore crucial to develop scientific software that is user-friendly and well-documented31-33,

Taken together, these developments highlight the increasingly central role of computational
methods in modern biomedical research. As the field continues to evolve, the integration of
robust software tools and interdisciplinary expertise will be essential for translating complex

data into meaningful discoveries.

1.2 Human genetics and genomics

The study of the laws of heredity, which evolved into the field of genetics, has occupied biol-
ogists for over a century?®. Genetics focuses on genes as the fundamental units responsible
for passing on traits, studying the modes of transmission of traits between generations, mech-
anisms by which genes affect the physical properties of organisms, and the distribution of
heritable traits within populations3*. Major milestones include the discovery of chromosomes,
the structure of the DNA double helix3®, and the development of DNA sequencing technolo-
gies36:37,

Early sequencing methods could only analyze short stretches of DNA and RNA37. However,
advances in computational sequence alignment and increased sequencing speed eventually
made it possible to sequence the complete DNA of entire organisms (i.e., their genomes)38
(Figure 1.2). This enabled the emergence of the field of genomics, which studies the genome
in its entirety, an approach that is better suited to address complex traits resulting from the

combined effect of many genes and environmental factors.

The first genomes to be sequenced were those of bacteria, viruses, and yeast3’. In 2001, the
first draft of the human genome was published, covering 94% of the genome and requiring
15 months to complete. However, its completion was preceded by more than a decade of
preparation and legwork?3. Two years later, a sequence covering 99% of the human genome

was published®?, and the Human Genome Project was declared essentially complete.

1.2.1 The reference human genome

The first human genome was assembled from the sequencing of samples from 20 donors; how-
ever, 70% of the sequence was derived from a single individual*!. As a result, the published
human genome is not a true “standard”, but rather an assembly of long stretches of individ-
ual genomes. For example, it has been shown that the donor most represented in the initially

published human genome sequence had a high risk for developing type 1 diabetes*2.

Nevertheless, this published sequence is referred to as the reference genome and serves as the
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Figure 1.2: De novo assembly of a genome. Figure adapted from4°.

foundation for most scientific and clinical work in human genomics. The Genome Reference
Consortium (GRQ) is responsible for curating and improving the reference human genome*3.
Each new build incorporates additional data, corrects errors, and may include alternative rep-
resentations of complex regions. Consistency is ensured through the standardization of genome

assembly steps, software tools, and procedures*4.

Of particular importance was the 19th release of the human genome by the GRC, known as
GRCh37 or HG19, published in 2009444>, While it offered higher overall quality and fewer
gaps compared to previous versions, this reference genome is derived from about 13 individ-
uals#®. GRCh37 has been widely used for the analysis of high-throughput sequencing data,
especially with the advent of Illumina’s technology*®. As a result, GRCh37 is still commonly
used today, even though more recent assemblies are available. The 20th release, GRCh38, was
published in 2013 and represents a further improvement in quality, enabling more accurate

analysis of human genomic sequencing data“?.

Despite these advances, some regions of the genome, such as centromeric regions and regions
with highly repetitive sequences, remained unresolved. In 2022, the Telomere-to-Telomere
(T2T) Consortium announced the first truly complete human genome sequence, known as
T2T-CHM1347. This assembly is derived from the CHM13hTERT cell line, which is uniformly
homozygous, meaning both copies of the genome are identical. The T2T-CHM13 genome filled
in all previously missing regions, including centromeres and the short arms of chromosomes,

providing the most comprehensive and accurate human reference genome to date?’.
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1.2.2 Genetic variants and their consequences

With NGS technology becoming exponentially cheaper and faster, by 2015, it was estimated
that almost a million human genomes had been sequenced*®. When a genome is sequenced us-
ing NGS, the resulting reads are aligned to the reference human genome to identify differences
between the reference and the sequenced genome. This process is known as variant calling?,
and the identified differences are referred to as variants. A variant locus is a specific, fixed po-
sition on a chromosome where genetic variation is observed. This variation can range from a
single base pair (bp) to several thousand base pairs in length. An allele is one of the possible
genetic sequences that can exist at a given locus. In diploid chromosomes, such as the non-sex
chromosomes (called autosomes) in humans, an individual is expected to have two copies of
each locus. If both copies carry the same allele, the individual is homozygous at that locus; if
the two copies carry different alleles, the individual is heterozygous at that locus. The genetic
makeup of an individual - the set of all alleles at their variant loci — is called the genotype. The

process of determining an individual’s genotype is known as genotyping>°.

To assess the significance of different loci in the genome and the potential consequences of
genetic variation, segments and features of the genome are annotated with their presumed

roles in biological processes>!.

The most notable annotated segments are genes — regions
of the genome that code for proteins or functional RNA molecules (Figure 3)°1-53. While
early studies estimated between 25,000 and 40,000 human genes, current evidence suggests

there are between 19,000 and 20,000 protein-coding genes®%5%5°

, which account for only
one to two percent of the entire human genome®®. The vast majority of genetic variant loci
are therefore located within intergenic regions, where they can still exert regulatory influence
on gene expression. These regulatory effects are often mediated through mechanisms such
as altered binding and post-translational modification of histone proteins®’, changes in DNA
methylation patterns, or disruptions of enhancer and silencer elements. These processes can

modulate the transcription levels of nearby or even distant genes>6-58,

The architecture of genes is further subdivided into exons and introns (see Figure 1.3). Exons
are sequences that remain in mature RNA following transcription and RNA splicing®®®°; in
messenger RNA (mRNA), they directly encode the amino acid sequence of proteins. In contrast,
introns are sequences located between exons that are transcribed into RNA but removed during
splicing, and do not contribute directly to the final RNA or protein product. Since introns are
typically several kilobases long, while exons usually span only a few hundred base pairs®!,
the majority of variants mapping to gene regions are found within introns. These intronic
variants can influence the regulation of transcription, affect mRNA processing, or contribute to
alternative splicing (see Figure 1.4)%°. While whole-genome sequencing (WGS) aims to cover
the entire genome, whole-exome sequencing (WES) focuses specifically on capturing all exons

of all known genes®!.

Within exons, a critical distinction exists between regions that are translated into protein and



1.2 Human genetics and genomics 7
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Figure 1.3: Canonical structure of the eukaryotic gene. Introns and exons are transcribed into RNA,
followed by the removal of intron regions during splicing. Mature spliced mRNA is divided into the
untranslated regions (UTRs) and the main open reading frame (ORF), which is translated into protein.
Figure adapted from 62

regions that are not. The portion of the spliced transcript that is translated into a functional
protein is referred to as an open reading frame (ORF). Within the ORF, three nucleotides always
code for one amino acid or signal the termination of translation; these triplets are known as
codons. As there are 64 possible codons, but only 21 amino acids, multiple different codons can
encode the same amino acid. Three codons, known as stop codons, do not encode an amino
acid but signal the end of translation. The main ORF of a transcript defines the annotated
protein-coding sequence, beginning with a start codon (AUG) and ending at the nearest stop

codon®?

Sequences outside the boundaries of the main ORF, but still part of the mature mRNA, are
known as untranslated regions (UTRs). While traditionally considered non-coding, recent ad-

vances have led to the annotation of novel small ORFs within UTRs%%6>

, some of which have
been shown to be translated, suggesting that the functional output of these regions may be
more complex than previously thought. Genetic variants located in UTRs can impact gene
expression at the post-transcriptional level. Such variants may disrupt motifs required for ri-
bosome recognition and binding, alter mRNA stability and localization, or affect regulatory
elements within UTRs, such as microRNA binding sites and promoter regions®®. Changes in
these regions predominantly influence the efficiency of translation rather than the protein se-

quence itself.

In contrast, variants within the main ORF directly modify the canonical protein-coding se-
quence, potentially resulting in amino acid substitutions, insertions or deletions, premature
termination, or frameshifts. While these variants can have profound consequences for the
structure and function of the encoded protein, contributing to altered cellular processes or dis-
ease phenotypes, most of them are not pathogenic and are commonly observed both between

and within human populations©®.
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Figure 1.4: Five different splicing alternatives of the insulin gene (INS), with annotated genetic variants.

The variants inherited from our parents, called germline variants, are present in every cell of our
body and can be passed on to future generations. Germline changes affect the entire organism’s
genome. Conversely, new genetic variants also continuously arise throughout an individual’s
lifetime via random events - these are known as somatic or de novo variants. Somatic variants
appear in non-reproductive cells and are not inherited or passed to offspring; instead, they
can result in cellular mosaicism within the body, and their accumulation is linked to diseases
such as cancer®”-%8, Variants which newly arise either in the sperm or egg of the parent prior
to fertilization are known as pregygotic de novo variants, and are found in every cell of the
offspring®°.

1.2.3 Variant classification

Genetic variants can be classified in two principal ways: by their pathogenicity (clinical sig-
nificance) and by their molecular consequence (effect on the transcript or protein sequence).
The most widely adopted scheme for classifying pathogenicity was developed by the Amer-
ican College of Medical Genetics and Genomics (ACMG)7°. This system categorizes genetic
variants into five classes based on the likelihood that a variant causes or contributes to dis-
ease: ‘pathogenic,” ‘likely pathogenic,’” ‘uncertain significance,” ‘likely benign,” and ‘benign’7°.
Variants of uncertain significance (VUS) are those for which there is insufficient or conflicting
evidence regarding their role in disease. As of 2023, 41% of the over 2 million variants in the
ClinVar database were classified as VUS or conflicting”!, highlighting that the classification of

variant pathogenicity remains a major challenge in modern medical research 7273,

Variants, regardless of their pathogenicity, can also be classified based on their effect on the
gene, transcript, or protein sequence. The nomenclature for sequence variants was developed
by the Human Genome Variation Society (HGVS), providing an essential tool for consistency

in reporting genetic variation’47>

. HGVS offers standardized variant descriptions at three lev-
els: DNA, RNA, and protein. In short, all three levels describe six common types of variants:
substitution, deletion, duplication, insertion, inversion, and deletion-insertion (indel)74. Ad-
ditionally, variants at the protein level can be described as frameshifts if the number of bases

inserted or deleted from a coding sequence is not a multiple of three. Frameshift variants
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completely alter the reading frame downstream and, in most cases, introduce an early stop
codon”475,

The HGVS nomenclature differs from other commonly used terms by strictly focusing on se-
quence alterations and avoiding terminology that implies biological interpretation’47>. For
example, substitutions in DNA sequences are commonly referred to as single nucleotide poly-
morphisms (SNPs) 7577, At the RNA level, substitutions are often described as missense variants,
where the altered codon encodes a different amino acid’>78 or nonsense variants, where a
codon encoding an amino acid is changed to a stop codon, resulting in a truncated protein’879
(see Figure 1.5). Substitutions at the RNA level that do not change the encoded amino acid

sequence are referred to as synonymous variants80-81,

é Protein M H C M H C M H C
S RNA codons AUG iCAU: UGU | AUG CAU UGU 'AUG CAU UGU
; NP L
........... DNAsequenceATcéCA-r.\.rGT ATGCA-ITGTATGCA-ITGT
[0} ATCCACTGA ATGCATTATTGT ¢ ATGGCATTGT
> : : :
= I L NN YN
c RNA codons AUC ECACE UGA | AUG CAU UAU UGUEAUG GCA UUG
(0] N N B
g Protein I :H: =* M H Y C M A L
DNA-level Substitution .
classification (SNP) Insertion
RNA-level Substitution Insertion
classification (missense) (synonymous) (nonsense)
Protein-level - ~ Stop codon (In-frame) )
classification SISl gained Insertion FrImEs it

Figure 1.5: Classification of variants on the level of DNA, RNA, and protein. While HGVS classifies
variants arising from a single nucleotide change as substitutions on all three levels’4, other commonly
used terms for variant consequences on the RNA and protein sequence are illustrated here. The asterisk
sign (*) denotes the stop codon.

Similarly to the term polymorphism, HGVS discourages the use of the term mutation, as it
implies pathogenicity”®. The nomenclature also recommends standardized numbering systems
for nucleotides or amino acids within the reference sequence at multiple levels, each indicated
by a specific prefix in the variant description (see Table 1.1)74. The process of mapping the
genomic coordinates of features from one reference build to another (e.g. from GRCh37 to
GRCh38) is known as liftover8%83,
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Variant description

prefix Position relative to

Level

First nucleotide of the genomic refer-
ence sequence

First nucleotide of the translation start
Coding DNA c. codon of the coding DNA reference se-
quence

First nucleotide of the translation start
codon of the RNA reference sequence

Genomic DNA g.

RNA r. . . .
or first nucleotide of the noncoding
RNA reference sequence
. First amino acid of the protein se-
Protein p-

quence

Table 1.1: Numbering of positions in the reference sequence as defined by HGVS. Table adapted from 74

1.2.4 Haplotypes and phasing

While genetic variants are often described as individual loci scattered across the genome, in re-
ality, they are not inherited in isolation. Instead, alleles of germline variants are passed down
in groups that originate from the same parental chromosome. This non-random distribution of
alleles is known as linkage disequilibrium (LD)34. The specific combinations of alleles present

on the same physical copy of a chromosome are called haplotypes8>86.

In the regular hu-
man genome, there are two haplotypes for each of the 22 autosomes: one inherited from the
mother and one from the father. For the sex chromosomes, females carry two haplotypes on
chromosome X, while males carry one haplotype on chromosome X and one on chromosome Y.
Importantly, the X and Y chromosomes share small homologous segments known as pseudoau-
tosomal regions (PARs) at both ends (the 5’ and 3’ ends), where their sequences are identical

and can recombine during meiosis87-88,

When a genome is sequenced, the reads are aligned to a reference genome and variants are
called, producing a list of loci where the sequenced genome differs from the reference. At this
stage, it is possible to determine for each variant whether an individual is homozygous (both
alleles identical) or heterozygous (two different alleles). However, this information alone does
not reveal which alleles are located together on the same parental chromosome — in other
words, we lack the assignment of variants to the paternal and maternal haplotypes8®. To re-
construct this arrangement and identify which variants are inherited together, a process called
phasing is required. Phasing resolves the chromosome-specific pattern of alleles, enabling a
haplotype-level view of the genome that is essential for understanding inheritance, compound
heterozygosity, and the combined effects of multiple variants within the same haplotype %9,

Phasing can be achieved directly using individual sequencing reads — a method known as read-
based phasing — which relies on sequencing technology to provide physical evidence for hap-

lotype structure9%9! (Figure 1.6). This approach typically offers high accuracy and low er-
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ror rates but is limited by read length and coverage gaps. Statistical phasing, also known as
population-based phasing, is an indirect approach that uses large population datasets to im-
pute haplotypes. While it can cover genome regions not connected by sequencing reads, it may

perform poorly for rare variants or in genetically diverse populations86°1.

Sequencing reads
from an individual —
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Reference genome —lll NN N Iaam maaaaae —

Aligned reads B BN N
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Variant calling
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Figure 1.6: Overview of variant calling and read-based phasing. Figure adapted from“2.

1.2.5 Population-wide genomic data and genetic epidemiology

Large-scale genotype datasets have enabled new insights into human evolutionary history and
admixture®3%4, and, when combined with clinical, phenotypic, or environmental data, provide
unique opportunities to deepen our understanding of complex traits and disorders®>. Genome-
wide association studies (GWAS) are a central approach in genetics, investigating the entire
genome of large groups of individuals to identify genetic variants statistically associated with
specific traits or diseases?®. Unlike traditional candidate gene studies, GWAS helps remove bias
in gene selection by scanning the entire genome without prior assumptions, thereby targeting

the actual genes associated with diseases?”.

The genetic makeup of a disease is known as
its genetic architecture, which encompasses the number of genetic variants involved, and the

magnitude of their effects on the phenotype.

So-called polygenic diseases arise from the combined influence of many genetic variants, each
contributing a small effect to the overall phenotype®’. On the other hand, in monogenic dis-
eases, few risk variants in a single gene with a large effect disrupt a physiological pathway?®.
Such large-effect variants tend to be rare in populations due to the negative selection pressures
they introduce (see Figure 1.7). While the genes having extreme effects on diseases, caus-
ing monogenic phenotypes, can be different from those with mild influence, causing complex
traits; there can be some overlap or crosstalk between monogenic disease-associated genes and

those that contribute to polygenic risk97:98.
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Each variant identified in GWAS is assigned an effect size value, which can be used to quantify
the aggregated risk of developing a disease for a given individual. The sum of the number
of risk alleles in an individual, weighted by their effect size, is referred to as a polygenic risk
score (PRS)%9-101 A valuable resource for GWAS analysis and PRS development is the UK
Biobank, which includes genotyping data from over 490,000 participants, as well as extensive
phenotypic data, environmental exposures, and electronic health records?>192. Additionally,
the Genome Aggregation Database (gnomAD) presents a dataset of genetic variants aggregated
from over 140,000 human exomes and genomes’2. GWAS and PRS predictions enabled by such
resources are now available for most non-communicable disorders with major public health
impact®9:103,

Variants are often characterized by their frequency within a population — common variants
typically have small individual effect sizes, while rare variants are much less prevalent but
may have larger effects on traits and diseases. Detecting low-frequency variants in GWAS is
challenging because most of them are not captured by genotyping arrays. As a result, standard
GWAS approaches are better suited for identifying common variants of modest effect than rare

variants of large effect!104 (Figure 1.7).
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Figure 1.7: Comparison of common and rare genetic variants by their population frequency and effect
size. Rare variants of low to modest effect size are hard to identify in GWAS, resulting in most significant
associations found in alleles of frequency of 1% or higher of moderate to lower effect size. Figure
adapted from1%4,

1.2.6 Social and ethical implications of diversity in genomic research

As introduced in Section 1.1, allele frequencies and effects differ between populations. Large

genetic panels are predominantly composed of individuals of European ancestry; over 93%
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of UK Biobank participants are European®®, and as of 2017, approximately 79% of all GWAS
participants were of European ancestry!0%106 Additionally, UK Biobank exhibits a “healthy
volunteer bias”: participants are, on average, healthier, older, more highly educated, and of
higher socio-economic status than the general UK population %7198, Such biases limit the gen-
eralizability of observed associations. For example, when using European-derived statistics to
calculate PRS for 17 anthropometric and blood-panel traits in the UK Biobank, prediction ac-
curacy dropped for non-European populations, with a 1.6-fold decrease for Hispanic American
and South Asian ancestry, and up to a 4.5-fold decrease for African ancestry'%. Similarly, gno-
mAD has reported an absence of representation from regions of Asia, as well as Oceania and
the majority of the African continent’2.

Similarly to the example of Section 1.1, where several benign variants were misclassified as
pathogenic - leading to a series of misdiagnoses in Black American individuals'® — PRS derived
from predominantly European-ancestry panels are less accurate for other populations100-105,
While association studies and the calculation of risk scores are not the central topics of this the-
sis, they serve as well-established examples of how the lack of diversity in reference databases
hinders our ability to generalize findings and predictions. These issues have also motivated the

development of more diverse genomic panels, upon which this work heavily relies.

The 1000 Genomes Project (1kGP), launched in 2008 and conducted until around 2015, was
among the first global efforts to create a diverse catalog of human genetic variation across
populations. It involved over 2,500 individuals from 26 populations worldwide, using a combi-
nation of low-coverage whole-genome sequencing and higher-coverage whole-exome sequenc-
ing1%9. Anonymized, phased genotypes from the 1000 Genomes panel are publicly available
with unrestricted access.

More recently, the ongoing All of Us Research Program aims to enroll over 1 million diverse par-
ticipants from the United States, collecting genotype data, electronic health records, and other
comprehensive phenotype data®'?. Similarly, other national genome projects, such as the PRE-
CISE initiative in Singapore!!1 and Biobank Japan!!2, strive to capture the genetic diversity of
their respective populations, making these datasets broadly available to researchers®>. These
projects share in common the commitment to data sharing and aggregation as a tool for in-
novation on a global scale, delivering more value and greater insight from already existing
resources 113114 As with the early Human Genome Project, making data publicly available can
also be seen as a way to counteract private companies’ control over scientific knowledge 115,

Consortia that aggregate data from hundreds of thousands of individuals operate under the as-
sumption that participants receive equitable and fair treatment, with an even distribution of
risks and benefits 114, However, numerous examples demonstrate that Indigenous Peoples, mi-
nority populations, and disadvantaged groups often bear greater risks while receiving fewer
benefits 114116, Cases of inadequate informed consent and consultation, as well as misinterpre-
tation or misuse of samples and data, highlight the need for improved community involvement

and oversight in research projects114116-118
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Notably, failures in consultation with Native American tribes occurred within the All of Us
project, prompting the National Congress of American Indians to pass a resolution urging the
National Institutes of Health to immediately develop guidelines requiring individual tribal na-
tions to provide consent and oversight for any samples or data collected from their community
members 114119 Concerns regarding consent, ownership, and access to genetic data are in-
creasingly addressed by data sovereignty approaches, which prioritize the rights of individuals
and communities to control their genomic information. An example of this is the “DNA on
loan” protocol, which emphasizes that biological samples are not owned by researchers but
are considered “on loan” for the specific purpose and duration of the research agreed upon
with the donor or community 120121, Such initiatives reflect a growing recognition within the

genomics community of the importance of community participation in research!1117:122,

A review by Hudson et al. 114

identifies three main principles for promoting better research
practices: (1) building trust with communities through early consultation and participation in
data governance 123124; (2) enhancing institutional accountability through community-specific
review boards that oversee resources, databases, and biobanks!17:12>; and (3) improving equity
by appropriately disclosing the origin of samples, ensuring that any value generated from the
data is shared, and allowing secondary users to engage with the relevant communities 126127,

Several projects already implement these principles. The Aotearoa New Zealand Variome is a
Maiori-led initiative developing the country’s genomic catalogue!28. The Silent Genomes study
in British Columbia, Canada, consults and collaborates with Indigenous partners, developing a
governance structure for a genomic database as a clinical tool and establishing policy guidelines
for the oversight of biological samples and data!2!. Such projects illustrate good practices for
the inclusion of diverse communities in genomic resources; however, their integration into

larger consortia remains a challenge.

1.2.7 Pangenomes

Recently, a new approach has emerged as an alternative to using a single genome reference
complemented by panels of diverse genotypes. A pangenome is a comprehensive collection of
genome sequences from many individuals within the same species, designed to capture the full
breadth of genetic variation present in populations. Pangenomes can be described in terms
of their core genome, which contains sequences shared by all individuals, and the accessory
genome (also known as flexible or dispensable), which comprises regions and alleles present
only in some individuals 9.

Pangenomes are typically represented as graphs — data structures composed of vertices (nodes)
connected by edges (links) — allowing for a compact and efficient representation (Figure
1.8)129, The first draft of the human pangenome reference was published in 2022 by the

Human Pangenome Reference Consortium (HPRG) 130, This initial draft was assembled using
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high-quality long-read sequencing of 47 samples from the 1kGP, selected to best represent the
individual subpopulations included in the original panel.

ATTGGGCATCGGGTGAGAGTGACCCAAATTCGCAGG
ATTGGGC-———- GTGAGCGTGACCCCTTAAAGCAGG

GCAGG]

Figure 1.8: Example of a pangenome graph. Figure adapted from !3°.

The project is ongoing, and future releases are expected to include a much larger and more
diverse set of genomes. The current pangenome already provides much better coverage of
the whole genome compared to the GRCh38 reference, and is comparable to the T2T-CHM13
build!3°. While the pangenome can be used for variant calling after alignment with the
GRCh38 reference, producing phased genotype files!31, its most significant improvement is
in the annotation of structural variants (i.e., variant loci longer than 50,000 bases) 130.

1.3 Mass spectrometry-based proteomics

While genomics provides a view of an organism’s genetic material, it alone cannot capture the
full complexity of biological systems!32. The actual presence and abundance of proteins—the
functional products of genes—vary greatly not only between tissues and cell types, but also in
response to physiological changes. Factors such as disease, injury, infection, circadian rhythm,
growth, and aging all influence which proteins are expressed and in what quantities at any
given time133-135,

Proteomics is the large-scale study of the entire set of proteins, known as the proteome, detected
within a biological system such as a cell, tissue, or organism1%13%. Since proteins, the blue-
collar workers of biology!°, carry out most cellular functions and directly influence phenotype,
proteomics has become a cornerstone of modern biomedical research137.

The earliest proteomic methods, such as two-dimensional gel electrophoresis, relied on an-
tibodies to detect and quantify proteins separated on gels'38. Today, affinity-based methods
remain widely used for protein quantification. These approaches use binding reagents — most
commonly antibodies — developed specifically for each target protein3%140, Modern platforms

141

such as OLINK and Somalogic*** employ carefully designed arrays of binding reagents to probe

broad or focused panels of proteins, offering a high-throughput and less labor-intensive means

of quantification, especially in complex samples like blood plasma 142.
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However, affinity-based methods are limited to detecting proteins included in pre-defined pan-
els and depend heavily on the availability and specificity of high-quality binding reagents for
each protein of interest40. Additionally, these methods do not provide sequence-level infor-
mation, making it impossible to distinguish between proteins encoded by different haplotypes

or alternatively spliced transcripts of the same genel43.

For this reason, mass spectrometry
(MS)-based analysis is often considered the gold standard in proteomics, as it provides both
sequence-level and quantitative information for all detectable proteins. Despite technical limi-
tations in sensitivity and coverage, MS enables global, unbiased characterization of proteomes,

making it invaluable for both discovery and targeted analyses in biomedical research 137-144,

1.3.1 Laboratory methods for mass spectrometry-based proteomic experiments

Proteomic experiments can be performed on a wide variety of sample types. Typical samples
include cell lines cultured in the laboratory'#® as well as frozen tissue sections obtained from
biopsies or surgical specimens!34. In addition to solid tissues, a broad range of body fluids
— such as blood plasma, serum, cerebrospinal fluid, urine, and breast milk — are profiled to
investigate both normal physiological processes and disease states14.

Proteins are first extracted from the biological sample using a suitable lysis buffer. The buffer
(e.g., 5% sodium dodecyl sulfate (SDS)) and additional treatments like sonication and heating
help disrupt cells and solubilize proteins while minimizing degradation!4’. Pairs of cysteine
residues within or between protein molecules often form disulfide bonds. While these bonds

are important for maintaining the folded structure of the protein 48

, in sample preparation,
they are reduced using reagents such as tris(2-carboxyethyl)phosphine (TCEP), followed by
alkylation (often with iodoacetamide) to prevent their reformation'47. This step ensures pro-

teins are unfolded and accessible for enzymatic digestion.

In so-called bottom-up proteomics, proteins are digested into peptides by proteases, with
trypsin being the gold standard!47:149. The resulting peptide mixture is purified to remove
residual salts, detergents, and other contaminants, and the purified peptides are diluted to ap-
propriate concentrations4’. In liquid chromatography coupled with tandem mass spectrom-
etry (LC-MS/MS), the peptides generated from protein digestion first enter the liquid chro-
matography (LC) system. Typically, less hydrophobic peptides elute from the LC column faster,
while more hydrophobic peptides interact longer and elute later!#4, reducing the number of
peptides entering the mass spectrometer simultaneously. The time at which a peptide elutes
from the column is referred to as its retention time>°.

After separation by LC, peptides are ionized into charged ions to be analyzed by tandem mass
spectrometry. The ionized peptides, referred to as precursors, enter the mass analyzer, where
their mass-to-charge ratios (m/z) and intensities are measured (MS1). Selected precursors are

then fragmented, often by higher-energy collisional dissociation (HCD), producing fragment
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ions that are analyzed in a second mass analyzer (MS2)!>!. The MS/MS spectrum consists of
the m/z and intensity of the fragment ions.

In data-dependent acquisition (DDA), only the most abundant precursor ions detected in the
MS1 scan are selected for fragmentation and MS2 analysis. This approach aims to reduce re-
dundant precursor selection and maximize the depth of proteome coverage!®2. Alternatively,
data-independent acquisition (DIA) strategies select all precursors within a series of defined
m/z windows for fragmentation and MS2. This reduces the bias introduced by filtering precur-
sors 153, However, since all precursors within an m/z window are fragmented simultaneously,
the resulting spectra are more complex, posing challenges for data interpretation!53154, Re-
cent advances in instrumentation — such as increased acquisition speed and reduced isolation

54 155,156

width of m/z windows!>* — as well as improvements in software for DIA data analysis

are leading to DIA gradually replacing DDA-MS for many applications 54,

1.3.2 Standard proteomic data processing

Raw spectra from the instrument contain discrete intensity values for each m/z at high reso-
lution. Initial preprocessing steps remove high-frequency noise by smoothing, low-frequency
noise by baseline correction, and detect meaningful peaks using one of many peak picking

157,158

algorithms , resulting in a sparse representation of the spectra.

A key step in interpreting MS spectra is the correct assignment of a peptide sequence. Most
approaches use a database of protein sequences to generate a list of expected peptides, simulat-
ing enzymatic cleavage of each protein sequence (in-silico digestion). Such a list of all possible
peptides in the context of mass spectrometry data processing may be referred to as the search
space. For each peptide, a list of expected m/z values for its fragment ions is generated and
compared to the experimental spectra to identify the closest match. Numerous software tools

have been developed to match peptide sequences to mass spectra!59-162

, commonly referred
to as proteomic search engines. After searching, these tools report a list of peptide-spectrum

matches (PSMs).

In the following, this thesis will focus on DDA mass spectrometry, and thus assume a sin-
gle correct peptide assignment to each spectrum. However, this is not always the case, as
even in DDA, several precursors may be selected for fragmentation simultaneously, resulting in
chimeric spectral63164_ This, and the application to DIA, will be further touched upon in the

discussion.

1.3.3 Confidence scoring and error rate estimation

Ideally, the search engine would return a list containing all and only the peptides actually en-

tering the instrument. However, the resulting list of PSMs includes peptides wrongly assigned
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to spectra (false positives) and fails to identify peptides that were in fact measured (false neg-
atives) 165, While it is impossible to fully compensate for false negatives, there are established

methods to control the rate of false positives.

Before searching, the protein sequence database can be appended with sequences known not
to be present in the sample but that will generate theoretical peptides with identical precursor
m/z and different fragmentation patterns. This is typically achieved by reversing or shuffling
the target (real) peptide sequences from the database 1%° resulting in a set of decoy sequences
that are submitted to the search engine alongside the target sequences!%7. This is called the

target-decoy approach 168,

The list of PSMs returned by the search engine will then include both target and decoy matches.
For each PSM, a set of features is collected to describe the quality of the match, such as search
engine scores, and other indicators. Since decoy matches are known to be false (i.e., “true
negatives”), a machine learning classification model can be trained to discriminate between
negative and positive PSMs1%9. The model then assigns a score to each PSM, and target PSMs

scoring above a selected threshold are considered significant.

In almost all cases, thresholding will result in a proportion of decoy PSMs scoring above the
threshold. Consequently, some accepted target PSMs will also be incorrect, and statistical
measures help estimate the prevalence of such misclassified significant PSMs (Figure 1.9).
Given a score threshold, the false discovery rate (FDR) quantifies the percentage of target PSMs
scoring above the threshold that are expected to be incorrect!7. This is the most commonly
reported statistic in proteomic experiments, as it describes the overall quality of a group of
reported PSMs. The g-value of a PSM is the minimal FDR threshold at which that PSM would
be accepted!70. For statistics describing the quality of individual PSMs, the posterior error
probability (PEP) is reported, representing the probability that a target PSM, given its score,
is incorrect 19>, Both PEPs and q-values can be estimated using the model trained for scoring
PSMs, and are typically returned by software tools along with the score for each PSM. Further
research on identification procedures in the context of the work of this thesis can be found in
Additional Paper 1.

It is important to note that in DDA mass spectrometry, multiple PSMs are often reported for
each peptide!”1. While the statistical methods described above consider sets of PSMs, in many
scenarios only the highest-scoring PSM is selected per peptide. Applying the same methods for
estimating PEPs and g-values after such filtering produces peptide-level statistics, and reporting
the percentage of falsely identified peptides may be preferred over the percentage of incorrect
PSMs17t,

Technical limitations, such as the resolution and sensitivity of mass spectrometry, account for
only some of the errors. When matching mass spectra against a database which does not fully
capture the range of peptides present in the sample, search engines will force matches to the

closest available entries rather than the true underlying peptides, or these spectra may remain



1.4 Proteogenomics 19

Incorrect PSMs Correct PSMs
A
a
P .
X
Score
FDR = B/(A+B) PEP = b/(a+b)

Figure 1.9: False discovery rates (FDR) and posterior error probabilities (PEP) can be estimated by
modeling the distributions of correct and incorrect PSMs. Figure adapted from 165,

unassigned 172, Conversely, expanding the search space excessively increases the chances of
random PSMs at a given score, raising the false discovery rate!73. False and missing peptide
identifications may therefore be attributed to the limited representativeness of the search space,
and choosing which sequences to include in the protein database is a critical and non-trivial
decision.

1.4 Proteogenomics

While the fields of genomics and proteomics are often presented as two separate scientific
disciplines, their objects of study are inherently interconnected. Genes are the units that en-
code proteins, and variants in the genome affect both their sequence and their abundance (see
Section 1.2.2). Numerous methods have been developed to interconnect the genomic and pro-
teomic analysis. For example, with recent advancements in affinity-based methods for quanti-
fying protein abundances, large-scale studies investigating genome-wide associations between
variants in non-coding regions and protein abundances are becoming increasingly popular74.
Genomic regions where variation is statistically associated with the abundance of a protein are

known as protein quantitative trait loci (pQTLs) 17>

17

. For example, pQTL studies have identified
novel loci associated with Parkinson’s disease176, as well as type 1 and type 2 diabetes177:178  In
addition to affinity-based techniques, some pQTL studies use DIA mass spectrometry to quan-
tify protein abundances. For instance, a recent study by Niu et al.17? identified QTLs regulating

at least one third of all detected proteins during pediatric development.
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Traditionally, mass spectrometry-based methods rely on searching experimental spectra against
a database of reference protein sequences. These sequences are typically derived from the
reference genome sequence, which is composed of a limited number of arbitrarily selected
individual genomes (see Section 1.2.1). This approach assumes that all peptides potentially
present in the sample are represented in the reference database. However, this assumption can
never be fully met, as genetic variants in protein-coding regions alter amino acid sequences,
and novel protein sequences may arise from unannotated ORFs or alternatively spliced tran-
scripts 173, Similarly, pQTL studies employing antibody-based techniques typically quantify only
the abundance of epitopes and are not designed for sequence-level analysis. This can lead to
artifacts where isoforms or sequence variants are undetected, biasing protein quantification. If
unaccounted for, these artifacts may be falsely identified as pQTLs 174179180,

While the proteomic search space can never be truly complete, it can be expanded by incor-
porating additional information from genomics and transcriptomics. The scientific field inte-

grating genomics and proteomics is known as proteogenomics 173181

. This approach enables
systematic investigation of how genetic variation shapes the proteome and, conversely, pro-
vides experimental validation for the presence of variant peptides and novel protein-coding

loci173.182 (Figure 1.10).

Customized protein sequence database building

Genomics Transcriptomics Proteomics

. RNA-seq
DNA sequencing Ribosome profiling LC-MS/MS

Protein-level validation, gene model refinement

Figure 1.10: The concept of proteogenomics — a field integrating genomic, transcriptomic, and pro-
teomic approaches. Figure adapted from173.

Since their emergence, proteogenomic approaches have been widely used in biomarker dis-
covery and in the investigation of disease-specific genetic variants83-186, However, while the
field of genomics has extensively researched the prevalence of common, rare, and somatic vari-
ants and associated biases and limitations caused by a lack of diversity in reference data (see
Section 1.2.6), knowledge is sparse on the overall impact of common genetic variation on the

human proteome and the biases introduced by reference databases in proteomic analyses.
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1.4.1 Reference and extended sequence databases

Reference protein sequence databases provide representative protein sequences for each known
gene. These resources are typically optimized to present the most relevant set of sequences
for download and use in search engines!8”. In this thesis, three major resources providing

reference sequence databases for proteomics are considered.

The Universal Protein Knowledgebase (UniProtKB) 188 consists of a reviewed, non-redundant
database (SwissProt) providing a single, representative protein sequence for each gene, as well
as an unreviewed, computationally annotated set (TrEMBL) that includes protein sequences

188 The Reference Sequence

encoded by multiple alternatively spliced transcripts for each gene
(RefSeq) project, maintained by the National Center for Biotechnology Information (NCBI),
provides annotated sets of genomic, transcript, and protein sequence records!8®. Similar to
UniProt, RefSeq offers both manually curated and computationally predicted and annotated

databases.

Ensembl®® is a platform that integrates available genomic data for species across the tree of
life. For humans and common model organisms, Ensembl provides sequence and annotation
information at the level of the genome, individual genes, spliced transcripts, and proteins®>.
Due to its comprehensive annotation — linking the locations of genes, exons, transcripts, and
start codons — Ensembl is often used as the reference for proteogenomic analyses. Additionally,
the recent Matched Annotation from NCBI and EMBL-EBI (MANE) project>* has defined a set of
representative transcripts (and corresponding proteins) for protein-coding genes in the human
GRCh38 reference genome, ensuring identical annotation between Ensembl and RefSeq®4°°.
Proteogenomic approaches rely on software tools to build upon these resources and extend
reference databases to include the consequences of genetic variants, as well as novel protein
sequences encoded by non-coding RNAs or previously unannotated ORFs173. Proteogenomic
database generation tools typically use in-silico translation, a computational process in which
nucleotide sequences (DNA or RNA) are split into codons and converted into predicted pro-
tein sequences!®l. These sequences can be generated by applying genetic variants to modify
reference cDNA sequences of spliced transcripts, or by using transcriptomic data such as RNA
sequencing or ribosome profiling 181190, The list of genetic variants can either be provided as
input to the tool1°! or automatically retrieved from public resources92.

When the annotation of the ORF is known, in-silico translation is straightforward. However,
when working with novel or non-coding transcripts, tools often rely on six-frame translation.
In this approach, nucleotides can be divided into codons in three different ways on the forward
strand and three ways on the reverse strand. While this method ensures that no potential
protein-coding sequences are missed, it results in six different protein entries for each sequence,

even though only one is likely to be correct 19.

The alternative approach of using RNA sequencing or ribosome profiling presents additional
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challenges. mRNA and proteins are not necessarily simultaneously present in a sample: mRNA
can be present in a cell at one time point, but the accumulation of the corresponding protein
may occur later; similarly, proteins may be detected in other locations where the mRNA cannot
be captured®’. A classical example is the protein insulin, that can be detected in biofluids but
is produced in pancreatic beta cells. As a result, even if transcriptomic and proteomic data
are generated from the same sample at the same time point, the sequenced mRNAs may not

accurately reflect the proteins present in the sample.

1.4.2 Sequence variants and proteomics

The problem of missing variant peptides in standard proteomic workflows gained attention in
cancer research, where tumors are characterized by a high rate of somatic mutations!931%4,
Initiatives such as the Clinical Proteomic Tumor Analysis Consortium (CPTAGC) !> have demon-
strated the impact of proteogenomics, particularly in oncology, by enabling the identification
of cancer-associated variants and neoantigens at the protein level and enhancing our ability to
link genetic changes to functional biology 184195, Rare variants have also been characterized
by proteogenomic studies beyond cancer. For example, a de novo SNP introducing a prema-
ture stop codon in NAA30 was shown to disrupt the NatC-mediated acetylation of protein
N-terminal, linked to developmental delay!®®. De novo duplications of the ATAD3 gene locus
were reported to cause perinatal mitochondrial cardiac failure 186,

Approaches to investigating sequence variants in proteins by mass spectrometry are often per-
formed in a personalized manner, where individual whole-genome, whole-exome, or RNA se-

quencing data are used to construct protein sequence databases 34185191

. Furthermore, pro-
teogenomic studies of sequence variants typically focus on disease-associated variants to iden-
tify biomarkers. Such methods have been applied in cancer!84194 and in neurodegenerative

diseases such as Alzheimer’s disease 7.

While the expansion of the search space increases the likelihood of random matches, the chal-
lenges of identifying variant peptides reach beyond this issue. Variant peptides often differ from
their canonical counterparts in a single amino acid. Matches of spectra arising from variant
peptides to canonical sequences are therefore not entirely arbitrary, while still being false!73.
As the current methods of FDR estimation are designed to distinguish between random and
non-random identifications, false matches to variant peptides are often overrepresented in the
reported sets of confident peptide identifications 134173, Wang et al.134 have characterized the
transcriptome and proteome of 29 healthy human tissues, showing strong differences between
the abundance of mRNA and protein in the same sample, and confirming known challenges
associated with identifying protein sequence variants. Overall, this study observed 7.4% of
non-synonymous variants uncovered by WES in confidently identified peptides, 32% of which

were further experimentally verified 134.
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1.4.3 Population-based studies of protein sequence variation

Population-based studies that account for amino acid variants in mass spectrometry-based pro-
teomics remain relatively rare. Cao and Xing 19! performed a re-analysis of three publicly avail-
able mass spectrometry to account for common and population-specific variants retrieved from
GENCODE, reporting an increase of 0.3% in the number of PSMs!91. Rodrigues et al.198 ana-
lyzed 1,064 tumor and matching blood samples from the CPTAC dataset using cohort-specific
protein sequence databases, detecting over 18,000 germline variants in PSMs and relating
these findings to GWAS and QTL studies to provide a comprehensive view of germline varia-
tion’s impact on cancer patients’ proteomes 98,

Additionally, Wang et al.!%® built a protein sequence database using 97 samples from the
pangenome reference (some of which are not publicly available from HPRC) and re-analyzed
two public mass spectrometry datasets, reporting 4,991 novel peptide sequences and 3,921

amino acid substitutions.

1.4.4 Protein haplotypes

Tools for the generation of proteogenomic sequence databases that rely on user-provided or
public lists of genomic variants typically consider these variants independently, generating
one protein sequence per alternative allele®?. However, as described in Section 1.2.4, alle-
les of germline variants are inherited in groups from each parent, resulting in each individual
carrying two unique combinations of alleles, known as haplotypes. In datasets with phased
genotypes, the assignment of each allele to a specific haplotype can be determined.

This was first addressed by Spooner et al.®2, who introduced the concept of protein haplo-
types — unique protein sequences encoded by specific combinations of alleles (Figure 1.11).
Haplosaurus, a resource available through Ensembl both online and as a command-line tool,
enables the inspection of protein haplotypes encoded by individual genes®2. This thesis builds
upon the concept of protein haplotypes in the context of mass spectrometry-based proteoge-

nomics.

1.5 Algorithms and tools for high-throughput omics

The concepts introduced so far — genomic, proteomic, and proteogenomic analysis of human
samples - have been established not only through the development of novel experimental meth-
ods and instruments. Equally, they rely on the existence of relevant computational methods and
tools enabling data interpretation, and ultimately drive new scientific discoveries22. While not

aiming to give an exhaustive review, this section introduces some of the fundamental software
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Figure 1.11: Protein haplotypes can be obtained by the alignment of phased genotype data with se-
quences of spliced transcript, and in-silico translation. Figure adapted from“2.

tools and discusses their relevance to the work presented in this thesis.

1.5.1 Tools for genomics

Sequence assembly methods play a fundamental role in genomics by enabling the reconstruc-
tion of complete genome sequences from the millions or billions of DNA fragments generated by
sequencing technologies2%°. These algorithms made the initial assembly of the human genome

reference possible 20!

and remain essential in every genome sequencing project. Once a refer-
ence genome is assembled, reads from genome sequencing experiments can be aligned to the
reference to identify variants. While NGS technologies enabled a breakthrough in sequenc-
ing throughput, the use of the Burrows-Wheeler Transform for indexing the reference genome
led to more than a tenfold improvement in the speed of read alignments while simultaneously

reducing memory footprint27-28,

The 1kGP catalyzed many of the advances in tool development in genomics. Of high impor-
tance was the development of specialized data file formats for storing read alignments (SAM)
and genetic variant calls (VCF) 202, Accompanying these formats are toolkits such as SAMtools
and BCFtools, which handle file format conversions, querying, statistics, variant calling, and
variant effect analysis 202

In addition to read alignment and variant calling, phasing also relies on efficient algorithms
and software tools. A widely used method that improved the accuracy and speed of statistical
phasing is the Segmented Haplotype Estimation and Imputation Tool (SHAPEIT)203, Fast and

accurate read-based phasing, particularly beneficial for long-read sequencing techniques, can
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be performed using WhatsHap2%4. These algorithms, which scale linearly with respect to the
number of reference haplotypes (SHAPEIT) or the number of variant loci (WhatsHap), are

essential for haplotype analysis.

These sets of tools have enabled the creation of genomic reference sequences and panels of
phased genotypes, which are crucial for the proteogenomic analyses presented in this work.

1.5.2 Tools for proteomics

The transformation of mass spectrometry from a technique for characterizing individual, iso-
lated proteins to a high-throughput approach for untargeted proteomic analysis was in part
enabled by the development of search engine software that assigns peptide sequences to spec-
tra using a protein sequence database. The pioneering SEQUEST algorithm !9 inspired the
development of several other search engines, including X!Tandem %0, Crux16!, Mascot2%%, or
Tide2%°. After the database search, a set of features is collected for each PSM or peptide, and
a machine learning model is used to estimate g-values and PEPs for each entry, allowing the
selection of a set of identifications at a desired FDR (see Section 1.3.3). The Percolator algo-
rithm1%® automatically constructs a training dataset from high-scoring target PSMs and decoy

PSMs, and iteratively trains a support vector machine to perform the classification.

This approach presents an advantage over using a fixed, pre-trained model for each experi-
ment, as the characteristics of spectra and the distributions of true and false PSMs can vary
between experiments1%®. Another advantage of Percolator is that it does not require a prede-
fined number of features to model the underlying score distribution, allowing the addition of
novel features better describing the quality of PSMs207.

In proteomic applications that require a large search space, such as proteogenomics or the
identification of post-translational modifications, search engines typically report higher rates

8

of false positive matches2%8. To better model the score distribution and distinguish be-

tween random and true identifications, novel approaches use machine learning-based predic-

09

tors to extend the feature space used by Percolator or similar algorithms? For example,

MS2PIP210 predicts the intensity of fragment ions in the MS2 spectrum given a peptide se-
quence, DeepLC2!! predicts the expected chromatographic retention time, and Prosit?12 is ca-
pable of predicting both the retention time and fragment ion intensities. Differences between
these predictions and the observed values can serve as auxiliary confidence metrics, improving

the accuracy of PSM scoring in Percolator?%.

The lack of advanced computational skills has often been a barrier preventing researchers
from using search engine tools and interpreting proteomic data. User-friendly interfaces and
software such as FragPipe?!3, MaxQuant?!4, or PeptideShaker?!® have lifted this barrier by
providing accessible platforms for data analysis. These tools facilitate downstream interpre-

tation by combining outputs from multiple search engines, inferring protein presence from
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peptide identifications, and enabling intuitive filtering by FDR at the PSM, peptide, and pro-
tein levels21>. PeptideShaker also supports automated reanalysis of selected publicly available

215 " and more recently, PepQuery21® enables a fast and targeted identifica-

proteomic datasets
tion of a peptide or protein sequence of interest in almost any public proteomic dataset, greatly

improving possibilities of peptide validation and discovery.

1.5.3 Proteogenomic database-generation tools

Proteogenomic analyses use all of the above-mentioned methods to investigate the interplay
between the genome and the proteome. The critical step that bridges genomic and proteomic
toolsets is the creation of extended protein sequence databases. Early approaches to custom
database construction for proteogenomics relied on exhaustive six-frame translation of the
genome, gene prediction, or translation of expressed sequence tags. While comprehensive,
these methods often resulted in databases containing extremely large numbers of protein se-
quences unlikely to be present in the sample, hence inflating the search space and making

downstream analysis challenging?!”.

A major advancement was the development of integrated toolsets such as customProDB2!8,

which allow users to create protein databases that incorporate splice variants, non-canonical
ORFs, and sample-specific sets of variants. These tools work directly with aligned sequenc-
ing reads and VCF, enabling more precise and relevant database construction. More recently,
Haplosaurus 2 allowed the inspection of protein haplotypes encoded by individual genes, and
published a set of databases of protein haplotypes derived from the 1kGP, aligned with the
GRCh37 reference genome. Specialized bioinformatics packages such as py-pgatk!'%? and Pre-
cisionProDB 191 have further automated the creation of customized protein databases. These
tools can download reference data from resources such as Ensembl and use VCF files to align

variant calls, generating a set of expected protein sequences with less manual intervention.

1.5.4 Open-source software and reproducible science

Whether we are gathering and annotating a set of variants from a sequencing project, searching
a mass spectrometry dataset against a sequence database and filtering the results to a given FDR
threshold, or creating a protein database from a list of variants, each of these tasks involves
numerous steps. As novel methods require increasingly complex workflows, managing each
step manually is becoming infeasible2!9. To address this, bioinformatic tools often aggregate
different steps of the workflow into so-called pipelines. While custom scripts can be written
to create pipelines, workflow management systems such as Snakemake and Nextflow are now
commonly used?!®. In these systems, users define a series of analysis steps as distinct “rules”,
each specifying its required input, output, and the commands or scripts to be executed. The

tools automatically determine dependencies between steps and construct a Directed Acyclic
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Graph to optimize the execution order.

Such workflow management tools are essential for the reproducibility of published scien-
tific work (Figure 1.12). By automating and formalizing complex analysis steps into defined,
version-controlled workflows, pipelines make it possible to re-run the same sequence of steps
with the same parameters, software versions, and configurations - either on new data or by

different researchers - and achieve consistent results219:220,

Continuous validation

Code version

control and Persistent
i data
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Figure 1.12: Main principles of computational reproducibility. Literate programming combines analyt-
ical code with human-readable text; version control allows tracking changes through the development
process; environment control requires providing software in container images or environment packages;
data sharing enables reproduction, auditing, and reuse; documentation should outline the contents of
the software package, and give instruction for usage and reproduction. Figure and concept adapted
from?220.

Consistency in software versions is achieved through the use of containers or environments.
Containers are complete, portable software units that encapsulate an application and all its
dependencies (e.g., libraries, binaries, and configuration files). Created with tools like Docker
or Singularity, containers bundle everything needed for a program to function, isolating it from
the host operating system and minimizing compatibility issues 221,222,

Environments, managed by tools such as Conda, specify a collection of software packages and
their versions, enabling reproducible installation of dependencies, but they operate within the
host operating system rather than providing full isolation like containers do223. By integrating
a workflow management tool (e.g., Snakemake) with an environment manager (e.g., Conda),
one can create pipelines where a single command will install all dependencies and execute the

entire workflow from start to finish. The Nextflow community has taken this a step further
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with nf-core?%*

, a set of tools to automate pipeline creation, testing, deployment, and synchro-
nization. The project also maintains a curated collection of pipelines that can be readily used
by scientists. For example, the proteogenomic database generation tool py-pgatk is available

through the pgdb pipeline in nf-core%2.

A concept closely related to the principles of reproducibility is open-source software (OSS).
In OSS, the source code is made freely available to the public, allowing anyone to view, use,
modify, and distribute it for any purpose??>. Naturally, OSS fosters sharing, community en-
gagement, and dialogue?2® — qualities that are strongly encouraged by the guiding principles
of Findability, Accessibility, Interoperability, and Reusability (FAIR)214. These principles have
been further detailed and extended to research software applications by the FAIR4RS Working
Group??7, as outlined in Table 1.2.

Software, and its associated metadata, is easy for both

Findabili . )
ty humans and machines to find.
s Software, and its metadata, is retrievable via standard-
Accessibility .
ised protocols.
Software interoperates with other software by ex-
- changing data and/or metadata, and/or through inter-
Interoperability ging / ’ / &

action via application programming interfaces (APIs),
described through standards.

Software is both usable (can be executed) and reusable
Reusability (can be understood, modified, built upon, or incorpo-
rated into other software).

Table 1.2: The FAIR principles for research software. Table adapted from??7.

Reproducibility has been a central focus in the development of the software presented in this
thesis. By adhering to open-source principles and using workflow management tools, all anal-
ysis steps, dependencies, and configurations are fully documented and reproducible. This en-
sures that other researchers can easily reproduce the results, extend the methods, or apply the

software to new datasets.

1.5.5 Proteomic data sharing

Data sharing in proteomics accelerates scientific discovery, fostering collaboration across the
global research community, and ensuring that results of proteomic studies are reproducible?28.
ProteomeXchange (PX)22° is a consortium of proteomic resources with the primary goal of
standardizing and disseminating public MS proteomic datasets. It integrates several key re-
sources, including the Proteomics Identifications (PRIDE) 230 database maintained by the Eu-
ropean Bioinformatics Institute, and the Mass Spectrometry Interactive Virtual Environment
(MassIVE) 23! maintained by the University of California, San Diego. A notable feature of these
systems is the Universal Spectrum Identifier (USI) 232, a unique identifier that can be used to re-

trieve a single spectrum from a specified deposited dataset. When appended with the assigned
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peptide sequence, the spectrum can also be visualized with annotated fragment ion peaks.

In 2021, users downloaded an average of 210,555 GB of data from PX each month??°, and as of
21 August 2025, 21,442 datasets involving human samples had been deposited into PX. How-
ever, when dealing with human proteomic data, implementing FAIR principles presents chal-
lenges as such data may contain sensitive information that could compromise personal privacy,
and patients might not have consented to sharing these data. Alternatively, such data is pub-

lishable only via controlled access repositories, accessible only to authorized researchers®?8.

1.6 Data visualization

Long before the emergence of high-throughput technologies and bioinformatic software
pipelines, visual methods were used to gain insight from complex medical information. In
the 1850s, a century before the discovery of the DNA double-helix structure, the work of John
Snow mapping cholera cases in London helped identify the source of the outbreak?33. Simi-
larly, during the Crimean War, Florence Nightingale’s charts revealed that more soldiers were
dying from preventable diseases than from battle wounds (Figure 1.13), persuading authorities
to improve sanitary conditions in military hospitals233-234,

In the ongoing effort to manage and interpret ever more complex datasets, both automated
data analysis and effective data visualization are critical23>236. For example, Rittenbruch et
al.237 show that visual applications facilitate effective communication between experts from
diverse fields such as biology, computer science, and medicine. Today, as medical and life

sciences rely on data science more than ever, visualization plays a crucial role.

1.6.1 Principles of abstract data visualization

While there are experimental methods that produce visual output within the field of molecular
biology, and even proteomics?38, the methods central to this thesis produce data that are nu-
merical, and apart from a position within a sequence, do not have a spatial dimension. Abstract
data visualization is founded on principles of clarity and efficiency, and is guided by several key

frameworks. The core principles of clear data visualizations were laid out by Tufte?233

, who in-
troduced the so-called data-ink ratio, maximizing the proportion of space used to represent
actual data relative to the total “ink” used in the graphic. Central to this is the directive to
“show data variation, not design variation”, which means reducing or eliminating all unnec-

essary visual decorations or redundant elements?33,

For instance, visualizations of genome
annotations, as exemplified by Figure 1.14, show relatively dense tracks of elements, with ev-

ery visual channel (position, color, length, height) encoding a property in the data.

While the principles by Tufte focus on the static visual clarity and integrity of the visualization
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Figure 1.13: The diagram created by Florence Nightingale, showing the causes of death in the British
Army during the Crimean war. Public domain via Wikimedia Commons.

itself, Shneiderman23°

addresses how users engage with data visually in an interactive manner.
His Visual Information Seeking Mantra — Overview first, zoom and filter, then details on demand
— advocates first presenting an accessible overview to give context and reveal large-scale pat-
terns, then enabling zooming and filtering to focus on specific subsets without losing overall
context, and finally offering details on demand to explore fine-grained information only when
needed?*®. Genomic visualizations, especially genome browsers, follow this pattern, showing
the overview of the genome, before the user selects a subsequence or searches for a specific

gene, revealing a more detailed view, as shown in Figure 1.14.

Expanding on Tufte, Kindlmann and Scheidegger2® argue that while useful, these directives
should be understood as qualities of good visualizations, rather than guidance on how to create
those. They highlight three aspects of visualizations: the structure of the data itself, how the
data is represented in the computer, and how humans perceive the visual result. Based on these
distinctions, they propose three main rules: (1) changing the data’s digital format shouldn’t
change what viewers see; (2) if you change the actual data, the visualization should change to
show it; and (3) important changes in the data should be clearly reflected in the visuals240.

While Tufte emphasizes design clarity, Kindlmann formalizes systematic design processes, and
Shneiderman guides user interaction, Munzner and Brehmer?2*! offer a framework that bridges
the gap between high-level user goals and low-level actions. This multi-level typology cate-
gorizes the motivation behind visualization tasks (why), the techniques and operations used
(how), and the relevant data or outputs involved (what), providing concise descriptions for
visualization tasks24!. These foundational principles underpin all effective data visualization
tools in bioinformatics, a selection of which will be discussed below.
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1.6.2 Visualizing biological sequences

Unlike general abstract data, biological sequences (DNA, RNA, and protein) are naturally se-
quentially ordered, with the position of each element (e.g., nucleotide or amino acid) being
important for biological interpretation. This strict ordering requires that visualizations preserve
and emphasize the linear arrangement of sequence elements—unlike many general visualiza-
tions, which can often rearrange data without loss of meaning®*?. Another distinguishing
feature is the sparse distribution of biologically relevant patterns across multiple scales242.
Functionally important motifs, conserved regions, or variants may be scattered over very long
sequences, sometimes spanning tens of thousands or millions of bases. As with the standard-
ized numbering systems for variant loci along chromosomes, genes, transcripts, and proteins
established by HGVS (see Section 1.2.3), elements in sequence visualizations can be mapped
onto axes that may use different scales.

In genomic and transcriptomic visualization, specialized tools enable exploration and analysis
of sequence data. Platforms such as the Integrative Genomics Viewer?4® and UCSC Genome
Browser (Figure 1.14)2** provide comprehensive environments for viewing genomic informa-
tion, presenting multiple annotation tracks aligned along a unified genomic coordinate system.
While the work presented in this thesis does not build upon these tools directly, the display
of different splice alternatives of a single gene as separate rows, displaying exons as rectan-
gles along a common scale, as well as highlighting variant loci by vertical lines, provides a well
established way to display the genomic context when visualizing proteogenomic datasets.

Scale Tkbf | hg
crit: 2150700 2150000 215090 21600001 2160100 2180200 210030 2160400 2100500 260,000 2160700 2160800 21000001 161000l 216100 2161200] 2 161300]
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Figure 1.14: The INS gene locus shown in the UCSC Genome Browser244.
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Resources providing reference sequence databases like Ensembl~~ and UniPro also offer in-
teractive interfaces for browsing and exploring their data. Ensembl features a genome browser
that integrates gene annotations, sequence variants, and transcript splicing, while UniProt pro-
vides visualization tools highlighting functional domains, post-translational modifications, an-

notated sequence features, and variant positions within protein sequences.

1.6.3 Visualizing proteomic data

Various visualization approaches address additional aspects of proteomic data beyond pro-

tein sequence analysis. Extensive research has focused on visualizing protein structures2*>,

including protein-protein interactions and complexes2*6, and highlighting key structural fea-
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tures®¥7. These structural visualizations are essential for investigating protein function and
molecular mechanisms within the cellular context. Protein interaction networks are commonly
represented using interactive graph-based visualizations, as implemented in several Cytoscape

plug-ins?*8, often using data from the STRING database of protein interactions?4°.

Other visualization tools are designed to represent raw MS proteomic data for quality assess-
ment purposes. Applications like PeptideShaker?!>, PDV2%0, and Skyline25! offer graphics
to evaluate the quality and reliability of proteomics experiments, including PSMs. Common
displays in these tools include annotated mass spectra, where peaks correspond to peptide
fragments, and line charts illustrating peptide elution profiles - representing the quantity of
a peptide eluted from the chromatographic column over time. The updated version of Pep-
tideShaker Online33 extends this functionality by integrating visualizations of protein struc-
tures and interaction networks into a single comprehensive interface. Large mass spectrometry
data repositories, such as PRIDE2? and MassIVE23!, provide similar interactive visualizations
of mass spectra annotated with corresponding fragment ions (Figure 1.15). Any of the bil-

1232

lions of deposited spectra can be accessed using the USI=4, making it a valuable resource for

proteomics data analysis and verification.
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Figure 1.15: An example of a PSM visualization, showing peaks in the spectrum annotated with corre-
sponding fragment ions, accessed via USI?*2 in the PRIDE?® repository.

1.6.4 Evaluation of visualisation design

While the concepts outlined in Section 1.6.1 provide a framework for creating high-quality
visualization tools, validating their design is essential to ensure that these tools genuinely en-
hance understanding, support accurate interpretation, and meet the needs of their intended

253 introduced a nested model that offers a structured approach to visual-

users2>2, Munzner
ization design and validation (Figure 1.16). This model divides the design process into four
interconnected levels: understanding the context and user needs (domain problem character-
ization), determining the most relevant data and tasks (data abstraction), selecting effective
visual representations and interactions (visual encoding and interaction), and ensuring that

computational methods efficiently support these choices (algorithm design)2%3. The nested
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structure of the model means that decisions or errors at higher levels propagate through the
system, making early-stage clarity and validation especially important. This framework was
considered during the development of a visualization tool presented in this thesis, which will
be discussed further.

Threat: wrong problem
Validate: observe and interview target users

Threat: Bad data / operation abstraction

Threat: ineffective encoding / interaction technique
Validate: justify encoding / interaction design

Threat: slow algorithm
Validate: analyze computational complexity

Validate: measure system time / memory

Validate: qualitative / quantitative result image analysis
(test on any users, informal usability study)
Validate: lab study, measure human time / errors for operation

Validate: test on target users, collect anecdotal evidence of utility

Validate: field study, document human usage of deployed system

Validate: observe adoption rates

Figure 1.16: A nested model for visualization design and validation. Figure adapted from?2>3.
Various methods have been developed to validate visualizations at different levels of this model.
While many evaluations focus on how well a visualization conveys explicit data "facts," such
as values, relationships, and trends2*, others assess broader qualities like insight generation
and user engagement. In the following, I will discuss selected examples of these validation

approaches.

Among the simplest and most commonly used validation tools is the System Usability Scale
(SUS) 255, which uses a structured questionnaire to quickly gauge overall user satisfaction and
usability. SUS provides a single score based on responses to 10 questions and can be easily ap-
plied to a wide range of tools or products, making it useful for benchmarking2>>. However, SUS
lacks diagnostic depth. It indicates whether usability is a concern but does not reveal specific
issues or their underlying causes. The ICE-T (Insight, Confidence, Engagement, Tasks) frame-
work?># evaluates visualizations by assessing the insights users gain, their confidence during
exploration, engagement level, and effectiveness in task completion. This framework quan-
tifies the value of a visualization through a series of low-level heuristics, rated by evaluators

using a standardized scale. As a more detailed and visualization-focused method, ICE-T is pri-
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marily intended for use by visualization experts and can help identify specific issues within a

visualization system 24,

A variety of other approaches are also available, including user studies with think-aloud pro-

tocols256:257  cognitive walkthroughs2°8

, or formal task-based performance assessments mea-
suring speed, accuracy, and error rates2°%260, Ideally, a multi-method approach—combining
quantitative surveys, qualitative interviews, and task performance metrics—would provide a
comprehensive view of visualization effectiveness and support iterative design improvements.
However, implementing such approaches can be challenging, as it requires substantial re-
sources, time, and access to a sufficiently large and diverse group of users. Recruiting par-
ticipants and designing and coordinating evaluation methods can be particularly demanding

for specialized tools with a limited user base.



2 Aims of the study

The work presented in this thesis aims to advance our understanding of how common haplo-
types influence protein sequences in humans, and to improve the integration of genetic infor-
mation into proteomic analysis, with a focus on applicability in precision medicine.

1. The aim of the study presented in Paper 1 is to utilize the concept of protein haplotypes,
unique protein sequences encoded by sets of genetic alleles in linkage disequilibrium, to
investigate the discoverability of novel variant peptides encoded by haplotypes by mass
spectrometry.

2. The aim of the study presented in Paper 2 is to provide an open-source software pipeline
for the creation of sequence databases of protein haplotypes, based on phased genotypes
of population panels.

3. The aim of the study presented in Paper 3 is to present a visual and interactive web-
based platform to explore the protein haplotype sequences possibly encoded by human
genes, and to browse the identifications of variant peptides in public mass spectrometry
data.



3 Main results

3.1 Paper1

Vasicek, J., Skiadopoulou, D., Kuznetsova, K. G., Wen, B., Johansson, S., Njglstad, P. R., Bruck-
ner, S., Kéll, L., Vaudel, M. Finding Haplotypic Signatures in Proteins. GigaScience 2023, 12,
giad093.

The first study investigates the signatures left by common haplotypes in protein sequences
and their discoverability using mass spectrometry. Following enzymatic digestion, protein hap-
lotypes produce peptides classified into three categories: (1) canonical peptides, encoded
by gene regions without alternative alleles that change the amino acid sequence; (2) single-
variant peptides, where one alternative allele produces a non-synonymous change; and (3)
multivariant peptides, in which two or more alleles in LD encode non-synonymous changes

within the same peptide.

To demonstrate the utility of this approach, we used a database of common protein haplo-
types, built from the 1000 Genomes Project (Phase 3, GRCh37) by Spooner et al.“2. Through
in-silico tryptic digestion and peptide alignment, we found that 7.82% of the human proteome
can potentially be mapped to variant peptides. Specifically, of 102,595 amino acid substitu-
tions encoded by common haplotypes, 12.42% could be discoverable in multivariant peptides
(Figure 3.1).

Reanalyzing raw mass spectrometry files from healthy tonsil tissue published by Wang et
al. 134 we assessed the prevalence and quality of spectra matching multivariant peptides. Af-
ter database search, we detected alternative alleles for 4,582 variants, 6.37% of which were
found in multivariant peptides. Overall, only 0.6% of all reported PSMs corresponded to vari-
ant peptides - a proportion lower than the expected 1% error rate. To address reliability, we
present further evidence supporting selected multivariant peptide matches through predicted
fragment ion intensities (MS2PIP219) and additional validation by PepQuery216.

As an example, we highlight a multivariant peptide encoded by the actin-like domain of the

POTEI gene, differing from canonical actin in a single amino acid residue. We emphasize
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that without including the relevant POTEI protein haplotypes in the search database, spectra
arising from these variant peptides would likely be arbitrarily assigned to actin, demonstrating

the importance of haplotype-aware proteomic analyses.

A Mapping of 2,647,815 unique discoverable tryptic peptides
- always canonical
80.73% of the proteome is covered by canonical peptides
W 782%  of the proteome maps to peptides that may contain variation
11.45% not discoverable

B Types of expected tryptic peptides

always canonical Va”at\oﬂ variation
Coverage ¥

Reference protein MHSLPGWAVGYINEAIDEGNPLRDEIQQAV NVRAKKESSWVTPESKESWLTGK

Protein haplotype MHSLPGWAVGYINEAIDEGNPLRDEIQQAV NVERAKKESSWVTPESF KESWLTGK

Canonical peptide Single-variant peptide Multi-variant peptide 1 Linked a.a. substitutions

102,595 discoverable amino acid substitutions

87.58% always discoverable in single-variant peptides

239%  discoverable only in multi-variant peptides

10.03 % discoverable in multi-variant or single-variant peptides, depending on the
number of missed cleavage sites or splicing

Figure 3.1: Coverage of the human proteome by variant tryptic peptides, and discoverability of amino
acid substitutions. Proteome coverage is expressed as the proportion of residues that may map to at
least one variant peptide, as illustrated in part B.
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3.2 Paper 2

Vasicek, J., Kuznetsova, K. G., Skiadopoulou, D., Unger, L., Chera, S.;, Ghila, L. M., Bandeira,
N., Njglstad, P. R., Johansson, S., Bruckner, S., Kall, L., Vaudel, M. ProHap Enables Hu-
man Proteomic Database Generation Accounting for Population Diversity. Nature Methods
2025, 12, 273-277.

In Paper 1, we used a protein haplotype database generated by Haplosaurus®? based on the
GRCh37 genome build, which only included amino acid substitutions, excluding insertions,
deletions, and loss of stop codons. As Haplosaurus is meant to investigate specific proteins
with a focus on drug design, a haplotype-aware database-generation tool suitable for mass

spectrometry-based proteomics was missing.

To overcome these limitations, the Paper 2 introduces ProHap, a Python-based software
pipeline designed to efficiently create comprehensive protein haplotype sequence databases
from phased genotype datasets (Figure 3.2A). Alongside ProHap’s release, we provide three
sets of protein databases derived from major population genomics resources: the 1000
Genomes Project Phase 3 aligned to the GRCh38 reference genome 26!, the HRC Release 1.186,
and the Human Pangenome Reference Consortium Release 1130,

In-silico digestion of the 1000 Genomes-derived databases revealed that the set of protein se-
quences derived from individuals of African ancestry exhibits a larger fraction of the proteome
mapping to variant peptides, yet all five superpopulations showed at least 9% of the proteome
potentially attributable to variant peptides (Figure 3.2B). This suggests that similarly to the

105

biases reported in genomic association studies'“>, using only canonical protein databases in

mass spectrometry created biases against populations with different haplotypic structures.

The analysis of in-silico digested peptides also suggested that using haplotype-aware databases
is advantageous even when working with individuals of European or East Asian ancestry. To
validate their practical utility, we searched a blood plasma proteomics?%? dataset against the
protein sequence database created by ProHap from the European superpopulation in the 1000
Genomes dataset. Among the identified variant peptides, we highlight four specific exam-
ples, identified respectively in 44, 39, 13, and 12 of the 52 individuals included in the study.
Additionally, we analyzed mass spectrometry data from a stem cell experiment for which
donor genotypes are publicly available. Using ProHap, we constructed a personalized pro-
tein database reflecting the donor’s haplotypes. This analysis identified peptides encoded by
both the reference and the alternative allele for 87 loci in the genome where the donor is
known to be heterozygous. Additionally, a multivariant peptide mapping to a haplotype of the

CAP1 protein was identified, containing five amino acid substitutions.
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Figure 3.2: A: Overview of the ProHap pipeline to create protein haplotype databases from phased
genotype datasets. B: Coverage of the proteome by variant peptides in the databases derived from the
five superpopulations included in the 1000 Genomes panel shows a higher percentage of the proteome
mapping to variant peptides in the African superpopulation.
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3.3 Paper 3

Vasicek, J., Skiadopoulou, D., Kuznetsova, K. G., Kill, L., Vaudel, M., Bruckner, S. ProHap
Explorer: Visualizing Haplotypes in Proteogenomic Datasets. IEEE Computer Graphics and
Applications 2025, 45(5), 64-77.

In both Paper 1 and Paper 2, we have presented novel approaches to bridge the interpretation of
proteomic and genomic datasets. Genetic variants (combined into haplotypes), annotations of
exons and open reading frames, peptide identifications in mass spectrometry datasets, and the
associated confidence metrics are considered together, enabling a comprehensive exploratory
analysis. Until now, visualization tools have primarily focused on either genomics or proteomics
independently, lacking an integrative platform to explore the complex relationships between
genetic variation and proteomic evidence.

This work introduces ProHap Explorer, a web-based interactive visualization tool designed to
bridge this gap by enabling researchers to investigate the influence of common human haplo-
types on protein sequences in breadth and depth. The presented approach models proteoge-
nomic data as a graph across four primary layers: gene, transcript, protein, and peptide. To
contextualize experimental data, additional nodes in the graph represent mass spectra and
biological samples. ProHap Explorer features a dual-view interface facilitating transitions be-
tween broad exploration and in-depth gene-level analysis. The Explore View offers an overview
of all human genes, displaying coverage and variation in mass spectrometry datasets, while
the Detail View allows detailed examination of protein sequences encoded by one gene, corre-
sponding transcripts, splice variants, and peptide identifications. Both views include interactive

visualizations and exportable data tables, enhancing user accessibility.

ProHap Explorer’s practical utility is exemplified through case studies where variant peptides
from the CPN2 (Figure 3.3) and CAP1 proteins, previously identified in Paper 2, have been val-
idated within the interface. Users can easily visualize these peptides in the broader proteoge-
nomic context, viewing the frequency of the respective haplotypes within the 1000 Genomes
panel. Notably, we find that all participants in the 1000 Genomes panel carry the haplotype
encoding the multivariant peptide in CAP1, suggesting that the reference sequence in GRCh38

at this locus is not expected to be present in the general population.

This platform represents an important advance building upon the previous development of
ProHap in Paper 2, and the foundational observation in both Paper 1 and 2 that a substantial
fraction of the human proteome maps to variant peptides. The three studies presented in
this thesis together enable the proteogenomic community to more accurately characterize and

explore protein diversity across and within human populations.
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Figure 3.3: Detail of the CPN2 gene in ProHap Explorer. A: Several haplotypes encode the same protein
sequence. B: Presence of the reference or alternative allele cannot be estimated due to lacking coverage.
C: We only see the alternative allele for the second substitution, and the reference allele for the third
substitution. However, the respective peptides are observed in different tissue samples.



4 Methodological considerations

4.1 Data sources

This thesis is based on three principal sources of data: genome annotations, phased geno-
types, and raw mass spectrometry proteomic data. First, reference genome annotations were
systematically retrieved from the Ensembl®® database, which provides a consistently updated
and version-controlled resource for both gene models and reference sequences. This approach
ensures that the analytical pipelines can flexibly specify the desired Ensembl release, automat-
ically downloading the relevant annotations and sequences as the foundational layer for all

downstream analyses.

For genotype data, the 1kGP Phase 319 dataset served as the primary resource for phased hu-
man genotypes. In Paper 1, we used the 1kGP data as processed by Spooner et al.?2, aligned
with the older GRCh37 genome build, while Papers 2 and 3 utilized the same project’s geno-
types aligned to the more recent GRCh38 assembly26!. Additionally, Paper 2 incorporated the
HRC Release 1.180 dataset, which was restricted to variant calls mapped to GRCh37; to use
these with up-to-date genome builds, we performed a liftover of coordinates using GeneBe 263,
The tool was chosen for its convenient Python implementation, and support for variant descrip-
tion in various formats. Noting that recent reviews assessed the most commonly used liftover

tools to be performing similarly 26426

, we did not compare multiple liftover tools specifically
for this dataset. Further, as part of Paper 2, a publicly available healthy donor genotype—also

aligned with GRCh37—was employed to generate a personalized protein database.

While the liftover of variant coordinates to GRCh38 was required, such that these results are
comparable to the databases created using 1kGP, this process is not optimal: differences be-
tween genome builds can cause conflicts, such as instances where an alternative allele in

GRCh37 becomes the reference sequence in GRCh38 or vice versa26®

. In such cases, indi-
viduals carrying the ‘reference’ allele in GRCh37 will not have that variant called at all, and
after liftover to GRCh38, the same allele — now classified as ’alternative’ — will be missing from

the updated genotype dataset.

Thirdly, public MS proteomic datasets were used to exemplify the usage of protein haplotype
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databases in proteomic studies, and take the first steps towards charting the influence of com-
mon haplotypes on the human proteome. In Papers 1 and 3, a subset of a reference dataset of
29 healthy human tissues 134 was used, allowing to chart the presence of variant peptides across
different tissues. Specifically, Paper 1 focused on tonsil tissue samples, matching the original
study’s aim to detect non-canonical peptides and alternative splicing signatures, while Paper 3
expanded this comparison to multiple tissues, using our interface for highlighting cross-tissue
peptide identification. Paper 2 pivoted to blood plasma samples, reflecting a common clinical
research scenario, to assess the robustness and applicability of our methods in biobank-scale
analyses. In addition, we incorporated MS data from an in-house experiment on healthy-donor
stem cells. Having the donor genome enabled linking personal-level genomic and proteomic
analyses.

4.2 Mass spectrometry data analysis

We developed an MS data analysis pipeline using Snakemake to identify and score peptides,
as detailed in Paper 1 and Additional Paper 1, with the coordination and bioinformatic im-
plementation led by Dafni Skiadopoulou. The workflow begins by converting raw spectra
into the mzML format using ThermoRawFileParser 1°8. Peptide identification is performed via
SearchGUT’s command-line interface 162 with the X!Tandem !0 algorithm (employed in Paper 1
and Paper 2), and the Tide !®! algorithm (in Paper 2 and Paper 3). PeptideShaker2!> is used for
downstream processing and the export of PSM lists for feature prediction and rescoring with
Percolator 1%°. Fragment ion intensities are predicted using MS2PIP210, while chromatographic
retention times (RT) are predicted using DeepLC2!!. Calculation of similarity metrics between
the observed and predicted RT and fragment spectra is detailed in Additional Paper 1.

In Paper 1, Percolator 1%° was initially run with only the default features, and similarity metrics
were analyzed independently. In Paper 1, PSMs corresponding to variant peptides are further
analyzed using PepQuery?21°, and were rejected if a canonical peptide match (with or without
post-translational modifications) scored better or equal. In Additional Paper 1 we showed that
including prediction-based metrics in Percolator’s feature space can improve PSM rescoring,
leading to Paper 2’s adoption of extended features as the standard approach. For stem cell ex-
periments in Paper 2, peptide identification used the MSFragger algorithm within the FragPipe
pipeline267:268 ' and was paired with retention time and fragmentation predictors implemented

in MSBooster269.
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4.3 Publishing research software

Publishing research software requires adherence to best practices that ensure the software is
reliable, maintainable, and reusable across different research contexts. The FAIR principles
adapted for research software (FAIR4RS)2%7 provide a set of guidelines which help maximize
its impact and facilitate reproducibility. Here, qualities of the published tools are discussed

within this framework.

4.3.1 Application of the FAIR principles

The tools developed and utilized throughout this thesis broadly align with the FAIR4RS prin-
ciples. Each tool is accompanied by a unique and descriptive name as well as a public GitHub
repository, facilitating discoverability and accessibility (FAIR4RS: F1, A1). The associated code-
bases are maintained, and software is clearly versioned upon publication (F1.2, R1.2). Data
input and output formats are standardized whenever possible, with adherence to domain-
specific norms promoting interoperability (I1). Input files for ProHap are expected in the VCF
format, developed within the 1kGP. Where phasing information is available, a standard for-
mat for phased VCF file is accepted. With phasing unavailable, we have developed a simplified
version of ProHap (called ProVar), considering variants independently, and accepting any VCF
file.

Protein sequence data are typically exchanged in the FASTA format, a widely accepted text-
based file type containing header lines with information such as protein identifiers and gene
or transcript annotations. However, the FASTA files accepted by common proteomic search en-
gines are conventionally structured for canonical proteomes. In ProHap-generated databases,
it is necessary to supplement sequence headers with additional information such as the pre-
sumed translation start site, and identifiers of the encoding haplotypes (accounting for synony-
mous variants). To maintain compatibility, users may export this extended metadata separately
and generate simplified FASTA files suitable for standard search engines, effectively bridging

advanced dataset richness with practical downstream use.

Furthermore, to close the gap between standard protein search engine outputs and insights
gained from viewing peptide sequences in their genomic context, the ProHap Peptide Annotator
pipeline was developed. This tool takes as input PSM or peptide reports from search engines
along with genome annotations from Ensembl and ProHap database files, and produces richly
annotated lists of peptides. These annotations include matched gene names and identifiers,
genomic and protein coordinates of reference and alternative alleles encoding the peptide, and
other biologically relevant features such as splice junction overlaps (I1, 12).

Metadata, licences, and documentation accompany all tools and databases through GitHub

and Zenodo repositories (F2, F3, R1.1). Reproducibility is ensured via Snakemake workflows
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coupled with conda environment specifications; pipelines and a series of steps are available
to automatically download necessary data and reproduce the main results reported in Paper
1 and 2. Similarly, the software and pipeline constructing the graph database for Paper 3,
called ProHap Graph, is openly shared, along with instructions to build the ProHap Explorer
web frontend from source. However, due to the complexity in deploying graph databases and
web applications, full replication of such infrastructure remains challenging, limiting perfect
reproducibility in practical terms.

4.3.2 Validating visualization design

Visualization tools require validation beyond adherence to general software principles such as
FAIR. Designing effective visual representations follows well-established rules and methodolo-
gies discussed in the literature (see Section 1.6). One influential framework is Tamara Mun-
zner’s Nested Model for Visualization Design and Validation?>3, which guides the verification
of visualization systems across four interrelated levels (see Figure 1.16). This section discusses

the validation of the visualization tool presented in Paper 3 within this framework.

The design process begins at the outermost level with a characterization of the domain prob-
lem - ensuring that the visualization’s purpose, domain-specific tasks, and users’ needs are well
understood. This foundational understanding was primarily developed in Paper 1, as the ini-
tial designs for an interactive visual interface were drafted during this study. The second level
involves data and task abstraction, which translates domain-specific vocabulary and challenges
into computer science concepts, data structures, and analytical tasks. Much of this mapping
was realized during the development of ProHap and the ProHap Peptide Annotator pipeline
in Paper 2. This work required an in-depth examination of all the data properties, from han-
dling genome annotations, phased genotypes, protein sequence data, to generating databases
of protein haplotypes. The implementation of these tools provided a purely computational

perspective on the data, beneath domain expertise.

At the third level, the design of visual encoding and interaction is justified. Paper 3 provides a
detailed rationale for chosen visual representations, interactive features, and interface layouts,
drawing from best practices and standards in the visualization community. At the innermost
level, algorithm design ensures efficient implementation of visual and interaction techniques.
While no formal computational complexity analysis was performed, initial performance testing
did not reveal major bottlenecks. This aspect will continue to be monitored as the software
evolves to maintain responsiveness and scalability.

A critical component of the nested model is downstream validation at each level after the
system’s implementation. Paper 3 reports an informal, qualitative usability study involving
domain experts external to the development team, addressing the downstream portion of the

third level. This study generated early feedback on intuitiveness and practical applicability,
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highlighting the tool’s potential and areas for enhancement. As the tool gains wider adoption,
community input is expected to fuel iterative refinements, effectively addressing the outermost

levels of domain characterization and abstraction in a real-world context.



5 Discussion

5.1 Reference genome builds and sequencing quality

Many datasets of phased genotypes remain aligned to the older GRCh37 reference genome,
including key resources such as the HRC Release 1.18%. In Paper 2, when working with the
HRC dataset, as well as the personal genotypes of the stem cell donor, a liftover of variant
coordinates to GRCh38 was performed, for comparability, as discussed in Section 4.1. As there
can be conflicts or ambiguity between genome builds, liftover of variant calls poses challenges.
Ideally, new variant calling should be performed on original sequencing reads, as was done for
the realignment of the 1kGP to GRCh3826!, but this approach requires access to raw read data,
which is often unavailable. The reliance on Ensembl-based annotations further reinforces the
use of GRCh38, since the Ensembl annotations for new human genome assemblies are only
available to a limited extent in the Variant Effect Predictor tool?’%?71, Since the new T2T
CHM13 assembly mainly expands noncoding and repetitive regions, its impact on annotated
protein-coding regions is expected to be minimal. Several new protein-coding genes were
suggested in the novel sequences added in the assembly, however, their presence is yet to be
verified>72.

5.1.1 Using pangenomes

The initial release of the HPRC dataset was published as the work on Paper 2 was already near
completion, and therefore, the tools developed did not consider the graph-based data structures
for genomic reference data. Still, the adoption of pangenomes would present advantages com-
pared to traditional VCF-based representations. Notably, pangenome graphs model structural
variants and repeated regions more effectively'2°. Using a pangenome as the reference instead
of a single, linear sequence brings conceptual changes: the distinction between ‘reference’ and
‘variant’ peptides is blurred, as all observed peptides could be incorporated as part of a com-
prehensive reference. While this shift would not hinder proteomic analysis, the concepts of
variant peptides remain essential for identifying the limitations of canonical proteome-centric

searches and for clinical communication about pathogenicity and trait associations. Integrat-
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ing variant descriptions into a pangenome framework is possible, but methods for this remain
under active development.

Constructing protein sequence databases directly from pangenomes - without annotation re-
sources like Ensembl - remains challenging. It requires alternative strategies for open reading
frame (ORF) selection, such as six-frame translation, which dramatically increases the search
space and introduces a high proportion of biologically irrelevant sequences. While Wang et
al.1%?, have implemented pangenome-derived protein databases, details about ORF selection
in this study remain unclear. For these reasons, in Paper 2, we used the HPRC dataset decom-
posed into a VCF file and aligned with GRCh38, rather than building databases directly from
an unannotated pangenome.

The HPRC dataset was generated using long-read sequencing technologies, such as PacBio HiFi

and Oxford Nanopore?73

, which offer substantial advantages in assembling highly variable
and structurally complex genomic regions. Even after alignment to the GRCh38 reference, the
HPRC provides markedly improved coverage of genes that are difficult to resolve with short-

read data, exemplified by the human leukocyte antigen (HLA) loci.

5.1.2 ProHap and the HLA

The HLA genes encode the major histocompatibility complex proteins, which play a central role
in immune system function by presenting antigens to T cells and initiating immune responses.
HLA proteins are among the most polymorphic in the human genome, with thousands of dif-
ferent alleles known?74, driving substantial inter-population diversity and conferring genetic
susceptibility or resistance to various diseases, from autoimmune conditions to infectious dis-
ease responses2’>, Notably, the frequency and combinations of HLA alleles vary dramatically
between global populations, reflecting adaptation to different pathogen pressures and popula-
tion histories 276277,

What are commonly referred to as HLA alleles are, in fact, protein haplotypes — distinct combi-
nations of nucleotide substitutions that occur together on the same copy of the protein-coding
regions of HLA genes. These substitutions in HLA are systematically annotated in databases
such as UniProt, providing curated sequences for a wide variety of common alleles. While a de-
tailed analysis of the HLA region is beyond the scope of this thesis, comparing the protein hap-
lotypes encoded by the HLA-A gene, generated by ProHap from the 1kGP and HPRC datasets,
to the sequences of the most common HLA-A protein sequences as annotated in UniProt, re-
vealed that the common HLA-A protein haplotypes obtained using the 1kGP did not reproduce
the common alleles annotated in UniProt. However, the protein haplotypes obtained using the
HPRC data resembled more closely the known groups of HLA-A sequences (so-called super-

types?74), indicating a large improvement in resolution.

While the HPRC shows a better ability to resolve complex genetic loci, the panel in its first re-
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lease included sequences of only 47 individuals. In genomics, studies to inspect the association
of HLA alleles with diseases are typically performed across populations with large numbers of
samples (e.g., over 450,000 participants in the UK Biobank 2”8, or over 1,200 participants in a
focused study in First Nations peoples of Oceania®’7). With the upcoming releases of HPRC,
our ability to model the distribution of common protein haplotypes encoded by complex ge-
netic loci will improve, enabling new avenues for investigating their role in human traits and
diseases.

5.2 Looking beyond genetic information

The thesis focuses on the presence and discoverability of peptides encoded by germline genetic
variants in proteomic datasets, which represents an important first step in characterizing pro-
teomic diversity linked to genetic variation. However, beyond identification, the ultimate goal
often lies in accurately quantifying the abundance of both reference and variant peptides to
understand their biological and functional impact. To date, no fully established methods exist
for reliably estimating the relative abundance of variant versus canonical peptides in complex
samples.

One promising avenue involves the use of DIA proteomics, which has recently seen substantial
advances in depth of coverage and quantification accuracy!>4. Unlike DDA, which employs a
spectrum-centric approach — reporting PSMs and inferring peptide presence from these assign-
ments — DIA often utilizes a peptide-centric approach, reporting a single quantitative value per
peptide?>!. Reporting a single value per peptide reduces the complexity associated with mul-
tiple precursors eluting within the same retention time window and being represented by the
same spectrum. Tools such as DIA-NN 156 which use deep learning to quantify peptides from
DIA MS data, allow the use of predicted spectral libraries.

Such libraries are obtained by applying retention time and fragment ion intensity predictors
onto a peptide sequence database, and the libraries are then matched against the observed
spectra to identify and quantify peptides. Conversely, a spectrum-centric approach can also

be applied to DIA data by first deconvoluting spectra to represent individual precursors2’?

similarly, chimeric spectra in DDA, which contain fragments from multiple precursors, can be
deconvoluted to improve peptide assignment230. These approaches often employ prediction
tools in a similar manner as DIA-NN. The impact of expanding the search space with protein
haplotypes on DIA analysis remains to be explored. Extending haplotype-aware methods to
DIA proteomics presents a critical step towards the quantification of relative protein haplotype

abundances in large cohorts.

A major challenge in both DDA and DIA is distinguishing true variant peptides from those with
post-translational modifications (PTMs). An observed mass shift in a spectrum can result ei-

ther from an amino acid substitution or the presence of a PTM. “Open” modification searches,
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looking for any possible PTMs, are often not feasible as they substantially inflate the FDR de-
spite rescoring strategies280. Multi-pass searches as implemented in PepQuery?2!®, as demon-
strated in Paper 1, can help differentiate some cases, but further refinement and automation are
needed for reliable large-scale application. Notably, PepQuery analysis revealed that false posi-
tives are overrepresented among variant peptide identifications compared to those encoded by
canonical sequences. This suggests that current FDR control methods, designed to distinguish
between random and non-random peptide identifications, may not adequately account for the
presence of variant peptides, even when using orthogonal feature sets based on predictors, as
falsely assigned variant peptides still may be partially correct. Addressing these challenges is

critical for accurate interpretation and quantification of variant peptides in proteomic studies.

Compounding these difficulties, some of the most variable and medically significant peptides,

such as HLA-bound peptides®®! and hypervariable regions of antibodies 28

, are particularly dif-
ficult to capture and quantify. For instance, HLA-bound peptides are cleaved in the cytosol and
trimmed in the endoplasmic reticulum?8!, and therefore do not follow any known enzymatic
cleavage patterns. Being low in abundance as compared with their source protein, specialized
experimental workflows beyond standard shotgun proteomics are needed for these peptides to

be captured?8!

. The methods investigating the entire repertoire of HLA-bound peptides in a
sample are called immunopeptidomics281:283, Regular proteomic search engines can be used to
match peptide sequences to spectra in immunopeptidomic datasets, however, the need to con-
sider all possible peptide sequences of a given length range (typically 8-11 residues for HLA
class I, 6-24 residues for HLA class II) results in a search space two orders of magnitude larger
than in proteomics?%?. This again results in inflated FDR, which can be compensated through
rescoring and using machine learning-based predictors2%9. Still, the effect of haplotype-aware

analysis on immunopeptidomic studies is yet to be explored.

This work has focused in detail on the discoverability of peptides encoded by different haplo-
types and deriving peptides from genes and proteins. Conversely, inferring proteins and genes
from peptides remains challenging, and even more so when accounting for protein haplotypes.
Peptide identifications often cover only a limited section of the entire protein, and their combi-
nations do not uniquely discriminate between sequences encoded by different splicing alterna-
tives and haplotypes of the same gene. Therefore, inferring the presence of a particular protein
sequence from a set of identified peptides within a sample is often impossible284.

To improve the coverage of proteome by identified peptides, previous studies have used mul-
tiple enzymes for protein digestion in addition to trypsin!3*. Similarly, in Paper 2, we have
included the cleavage pattern of six enzymes in the in-silico digestion, improving the proteome
coverage by discoverable peptides to over 99% (see Figure 3.2), as compared to 89% reported
in Paper 1 (see Figure 3.1), which only used trypsin. Although the digestion using multiple
enzymes, the annotation of peptides with their encoding genomic loci allowed by the ProHap
Peptide Annotator in Paper 2, or the visual alignment of peptides to proteins as shown in Pa-

per 3 may enhance our ability to distinguish between unique protein haplotypes, a systematic
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analysis of the implications of haplotype-aware methods on protein inference is an important
avenue for future research.

5.3 Potential for further software development

The ProHap workflow currently relies on Ensembl gene annotations, which poses challenges
when comparing peptide identifications obtained using ProHap-derived databases with those
from standard proteomic workflows that often depend on UniProt. This discrepancy in ref-
erence sources can complicate the conversion of protein identifiers between Ensembl and
UniProt, making cross-platform analyses cumbersome. Ideally, the pipeline should support
the generation of protein haplotype databases based entirely on UniProt, thereby facilitating
direct comparisons. This approach has previously been adopted by PrecisionProDB!®! and
would be a valuable enhancement to the tools presented here, improving the interoperability
and flexibility of the workflow.

Integrating UniProt protein identifiers into ProHap Explorer would also enhance user experi-
ence, as participants in the tool evaluation highlighted UniProt IDs as an intuitive and familiar
way to search for proteins of interest. Such integration would make the platform more accessi-
ble to a broader community of researchers and align it even better with widely used resources
in proteomics. Beyond mapping identifiers, an integration with UniProt may facilitate access
to protein structure data available from the Protein Data Bank (PDB) 21 and variant loci may
be visualized within the retrieved protein structures.

While the interaction design implemented in Paper 2 generally adheres to Shneiderman’s Vi-
sual Information Seeking Mantra, there are additional recommended tasks that have yet to
be fully realized. Shneiderman’s expanded framework includes seven tasks: Overview, Zoom,
Filter, Details-on-demand, Relate, History, and Extract?3°. Of these, the Relate task is only par-
tially supported; users can compare protein haplotype and canonical sequences encoded by the
same gene, and examine peptide identifications within these pairs across tissues or datasets.
However, relating protein haplotypes or peptide identifications between different genes is not
yet implemented. The History task, which supports actions such as “undo” and progressive re-
finement, is also limited—currently, users can switch between different genes, each opened in
a dedicated tab, but more robust history tracking may be considered. Finally, a zoom feature in
the interactive visualizations representing a particular gene would be beneficial to allow users

a close inspection of gene regions with a high level of variation.

Validation of ProHap Explorer has so far been informal, involving a small panel of experts
who were not involved in its development. Formal validation methods, such as the System
Usability Scale (SUS), require a large number of users, while frameworks like ICE-T demand
significant time investment and expert input. Due to these constraints, formal validation was

not prioritized within the available development timeframe. Nevertheless, rigorous validation
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will be considered in future iterations of ProHap Explorer, especially as the tool evolves and is
potentially integrated with other resources. This will ensure that the platform meets the needs

of the broader scientific community and maintains high standards of usability and reliability.

5.4 Impact of haplotype-aware proteomics

Proteogenomic studies in medical research that use mass spectrometry most commonly focus
on personalized analyses, investigating the effects of rare variants. In contrast, population-
based proteomic studies have primarily examined the impact of variants in non-coding regions
on protein abundance. The work presented here enables the inclusion of protein sequence-
altering variants in both individualized and population-level studies. In Paper 2, we demon-
strate this by searching for common variants in blood serum samples from individuals after
weight loss, as well as by investigating signatures of personal haplotypes in a stem cell experi-
ment using the donor’s genotype.

We also show in Paper 2 that a substantial portion of the proteome may map to variant pep-
tides across all superpopulations included in the 1kGP. These findings reflect both differences
between individual genomes and the reference sequence, as well as the level of diversity within
defined groups. It is well established that the African superpopulation exhibits greater diver-

sity between individuals than other groups 9928

, which explains the larger proportion of the
proteome potentially mapping to variant peptides in this population. Furthermore, even at
the individual level, people of African ancestry differ from the reference proteome to a greater

extent than most other 1kGP participants (Figure 5.1).

Looking ahead, ProHap could be used with mass spectrometry-based proteomics to supple-
ment GWAS and pQTL studies for polygenic traits. For example, after identifying variants
significantly associated with a trait or disease, can we observe the effects of these variants—or
others in linkage disequilibrium—on the protein sequence? Are the corresponding variant pep-
tides detectable? The ability to perform biobank-scale proteomic analysis accounting for pro-
tein haplotypes will enable a better understanding of polygenic disease risk and the associated

molecular mechanisms.

With the adaptation of haplotype-aware approaches to DIA proteomics, the ability to reliably
quantify variant peptides will enable us to compare their abundance to that of reference pep-
tides, providing insights into protein stability, secretion, or degradation. For instance, the CEL
protein truncated by a frameshift variant tends to aggregate in the pancreas, and is secreted
into the blood at a lower rate, causing maturity-onset diabetes of the young (MODY) type
8286287 The alternative protein allele would therefore be observed in a higher abundance in
the pancreatic tissue than the reference allele. Would a systematic comparison of the abun-

dance of different alleles in proteins help explain their role in polygenic traits?



5.5 Ethical considerations 53
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Figure 5.1: Percentage of the individual proteome covered by variant peptides among the participants
of the 1kGP, grouped by superpopulation, where each dot represents an individual.

We have also briefly addressed the application of protein haplotype analysis in cell line studies.
As demonstrated in Paper 2, when working with stem cells derived from a specific donor, incor-
porating the donor’s genotype into the proteomic search space enables the detection of variant
peptides in a manner similar to that observed in blood or tissue samples. However, HelLa cells,
and many other established cell lines, exhibit extensive genomic abnormalities compared to the
normal human genome, including aneuploidy (changes in chromosome number) and complex
structural rearrangements288, In HeLa, these features are partly a reflection of its cancerous
origin but may also be the result of long-term adaptation to cell culture conditions?88. While
accounting for the specific genomic landscape of cell lines could improve the accuracy of such
proteomic studies, the presence of chromosomal abnormalities and large structural variants
would require alternative strategies to fully capture the proteomic complexity of these cell
lines.

Furthermore, the concept of protein haplotypes has so far been explored only in human studies.
While there is potential to extend these approaches to model organisms with well-annotated
diploid genomes, such as mice, the benefit of accounting for common haplotypes in animal
studies has yet to be described.

5.5 Ethical considerations

A growing concern in proteogenomics is that proteomic data may require the same level of con-

fidentiality as genomic data if enough rare variant peptides are detected and linked to specific
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individual haplotypes®®®. In the context of multi-omics association studies, where genetic in-
formation is already included, this development should not introduce new ethical challenges,
as participants provide informed consent for secure handling of their genomic data. While
we have shown that it is possible to confidently map hundreds of variant peptides in an in-
dividual without accessing their genetic information, in our case, these variants are common
and cannot uniquely identify an individual within the general population. Nevertheless, re-
search in forensic science has demonstrated that even this number of variant peptides can help
distinguish one individual from another2?®. Moreover, as ProHap can now generate protein
haplotype databases from large genomic datasets, such as the All of Us Research Program,
there is a realistic possibility that increasingly detailed proteomic references will reflect rare
haplotypes. These developments will have implications for informed consent regarding the use
of proteomic data, as well as for data publishing and protection practices28°.

Beyond data confidentiality, other challenges remain. Genomic studies have highlighted biases
introduced by the overrepresentation of European populations in reference datasets. GWAS
is commonly performed exclusively on individuals of European ancestry (see Section 1.2.6),
and the percentage of participants of European ancestry in GWAS has increased since 2017,
reaching over 88% as of August 2025, as obtained from the list of studies available in the GWAS
Catalog?°!. The extent of European overrepresentation in proteomic studies has not been well
described.

Our approach enables haplotype-aware analysis in proteomics using any available panel of hap-
lotypes — including underrepresented populations. However, when obtaining informed consent
from individuals in vulnerable groups, special consideration of risks, benefits, and community
involvement is essential 122, These steps are crucial, and while the methods developed here can
be applied in line with the best practices, and the software tools executed in secure environ-
ments without breaching data privacy; it is likely that haplotype-aware proteomic analysis will
first be applied in populations already well represented in genomic studies.
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In summary, this thesis advances the field of proteogenomics by enabling the systematic iden-
tification and analysis of common protein sequence variants at both individual and population
levels. By integrating haplotype-aware databases, robust data processing pipelines, and an in-
teractive visualization platform, this work provides a new framework for exploring proteomic
diversity encoded by common genetic variation. The results demonstrate that based on the
1000 Genomes Project data, a substantial share of the human proteome may be obscured
to mass spectrometry-based proteomic analysis unless common haplotypes are accounted for.
Moreover, individuals of the African superpopulation present the highest share of the proteome
covered by variant peptides both individually and combined, indicating that proteomic analy-
ses not accounting for haplotype diversity will be biased against these populations.

We also show that haplotype-aware approaches are capable of identifying peptides encoded by
common haplotypes in mass spectrometry-based proteomic datasets. These findings may lay
the groundwork for more nuanced studies of the biological and clinical significance of protein
haplotypes, and for the integration of haplotype-aware proteomic workflows into population-
scale multi-omics studies. To better chart the overall impact of common haplotypes on the hu-
man proteome, we developed a visual web-based tool to allow researchers to explore the pro-
tein haplotypes encoded by any gene. Identifications of peptides in public mass spectrometry-
based datasets are mapped to the protein haplotype sequences, and peptides identified in spe-
cific tissues, or in specific datasets can be distinguished. This tool is available online and will

be updated to further encompass more public mass spectrometry data.

The examples illustrating the principles of precision medicine — the identification of the causal
mechanisms of an individual autoimmune condition, and the improvements of treatment op-
tions for several subclasses of diabetes — have shown how the close inspection of candidate
genes, or of the genetic makeup of a single individual, can allow for life-changing medical
interventions. This work was completed with the hope that the developed approaches and
resources will open new avenues for investigating the functional consequences of genetic vari-
ation in an unbiased manner at scale, improving applications in risk scores, disease association

studies, and precision medicine.



7 Future perspectives

So far, this work has demonstrated that including common protein haplotypes in the proteomic
search space can enhance peptide identification in healthy tissues and plasma. By accounting
for the actual combinations of genetic variants present in individuals, we address a key lim-
itation of traditional reference-based searches, which may miss variant peptides or misassign
spectra, especially in genetically diverse populations. The initial findings in healthy samples
lay a foundation for extending these methods to more complex biomedical contexts.

Most applications of these proteogenomic methods will focus on understanding disease phe-
notypes. In particular, the study of polygenic non-communicable diseases stands to benefit
from a direct investigation of variant proteins themselves, rather than solely relying on genetic
association studies. By identifying and quantifying variant peptides, we can begin to system-
atically answer new questions about the functional consequences of genetic variation. For
example, how do variant proteins interact with other proteins, or form functional complexes
and polymers? How does the presence of variant peptides influence the results of pQTL stud-
ies, especially in regions of high linkage disequilibrium where multiple variants may co-occur

and jointly alter protein sequences?

Additionally, the systematic inclusion of haplotype information allows us to investigate the
significance of variant combinations that only occur together. This enables us to address im-
portant questions, such as whether certain combinations of variants are required for protein
stability or function. Furthermore, certain rare variants may only become pathogenic in the
context of specific common variants located in the same gene or elsewhere. These approaches
also provide new opportunities to explore evolutionary processes by revealing patterns of vari-
ant co-occurrence that may reflect selective pressures or functional constraints over time. By
integrating proteomic data with haplotype information, we open new avenues for understand-
ing the molecular mechanisms underlying complex traits and for improving the interpretation
of genetic association studies in biomedical research.

Today, many biobanks have paired exome or genome sequencing data with biological samples
such as blood serum, providing a rich resource for integrative proteogenomic analysis. Nor-
way and the Nordic countries, for example, offer a unique setting with a moderately diverse

population, and benefit from a unified, high-quality healthcare system and excellent biobank
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infrastructure®®?. Applying the proteogenomic approaches developed in this thesis to such
datasets could greatly enhance our understanding of disease mechanisms, explain regional dif-
ferences in disease incidence, and enable more nuanced stratification or clustering of patients

based on both genetic and proteomic profiles.

Finally, this thesis presents two novel software tools, whose utility has been demonstrated on
selected example datasets. However, the true impact of these tools will ultimately depend on
their adoption and sustained use by the broader research community. To ensure long-term rel-
evance, it is essential that these tools are actively maintained and updated over time. The most
effective strategy will likely involve merging them with similar resources into a collaboratively
maintained toolset. Moreover, incorporating peptide identifications from multiple proteomic
datasets into ProHap Explorer, spanning human tissues and blood plasma samples, is essen-
tial to provide a reliable resource, potentially supplementing well-established platforms such
as gnomAD72. With this in mind, we are currently making plans to secure the future develop-
ment and integration of the tools introduced in this thesis, aiming to maximize their value and
usability for researchers in proteogenomics and related fields.
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The nonrandom distribution of alleles of common genomic variants produces haplotypes, which are fundamental in
medical and population genetic studies. Consequently, protein-coding genes with different co-occurring sets of alleles can encode
different amino acid sequences: protein haplotypes. These protein haplotypes are present in biological samples and detectable by
mass spectrometry, but they are not accounted for in proteomic searches. Consequently, the impact of haplotypic variation on the
results of proteomic searches and the discoverability of peptides specific to haplotypes remain unknown.

Here, we study how common genetic haplotypes influence the proteomic search space and investigate the possibility to
match peptides containing multiple amino acid substitutions to a publicly available data set of mass spectra. We found that for
12.42% of the discoverable amino acid substitutions encoded by common haplotypes, 2 or more substitutions may co-occur in the
same peptide after tryptic digestion of the protein haplotypes. We identified 352 spectra that matched to such multivariant peptides,
and out of the 4,582 amino acid substitutions identified, 6.37% were covered by multivariant peptides. However, the evaluation of
the reliability of these matches remains challenging, suggesting that refined error rate estimation procedures are needed for such

complex proteomic searches.

As these procedures become available and the ability to analyze protein haplotypes increases, we anticipate that pro-
teomics will provide new information on the consequences of common variation, across tissues and time.

Keywords: proteogenomics, haplotype, protein, bioinformatics, post-translational modification

Linkage disequilibrium (LD) describes the nonrandom correla-
tion between alleles at different positions in the genome in a
population. LD arises when alleles at nearby sites co-occur on
the same haplotype more often than expected by chance. When
haplotypes are located in protein-coding portions of the genome
and include nonsynonymous changes, they can alter protein
sequences, forming so-called protein haplotypes, as defined by
Spooner et al. [1]. Based on the co-occurrence of alleles in the
1000 Genomes Project [2] and their in silico translation, Spooner
et al. [1] created a list of possible protein haplotype sequences.
Notably, they stress that for 1in 7 genes, the most frequent pro-
tein haplotype differs from the reference sequence in Ensembl
[3]. In precision medicine, probing the proteotype—the actual
state of the proteome—adds valuable information concerning
the relationship between the genotype and the phenotype [4].
Therefore, it is important that genetic information, including LD,
is taken into account in proteomics searches.

Proteins in biological samples can be identified by liquid
chromatography coupled to mass spectrometry (LC-MS), usually

after digestion into peptides [5]. Then, the measured spectra are
matched to a database of expected protein sequences using a
search engine [6]. The identified peptides are used to infer the
presence of proteins [7] along with potential posttranslational
modifications (PTMs) [8]. When the peptides cover the relevant
parts of the protein sequences, it is also possible to discover
the product of alternative splicing or genetic variation [9]. In
precision medicine, proteomic searches need to be adapted to
individual patient profiles by extending the search space to
include noncanonical sequences [10].

This challenge is addressed by proteogenomics—the scientific
fleld integrating genomics and proteomics into a joint approach
[9, 11]. Recent work, mainly in the domain of cancer research, has
shown that accounting for genetic variation in proteomic analy-
ses provides the means to discover noncanonical proteins. Umer
et al. [12] have developed a tool to generate databases of variant
proteins derived from single-nucleotide polymorphisms (SNPs),
insertions and deletions, and the 3-frame translation of pseudo-
genes and noncanonical transcripts, appended with a database
of canonical proteins [12]. Levitsky et al. [13] use measures of
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A Mapping of 2,647,815 unique discoverable tryptic peptides
always canonical

80.73 % of the proteome is covered by canonical peptides
M 782% of the proteome maps to peptides that may contain variation
11.45% not discoverable
= Types of expected tryptic peptides
Coverage always canonical variation variation

Reference protein

Protein haplotype

Canonical peptide Single-variant peptide

MHSLPGVVAVGYINEAIDEGNPLRDEIQQAVC
MHSLPGVVAVGYINEAIDEGNPLRDEIQQAVD

ANV RAKKESSWVTPESCLYKESWLTGK
NV RAKKESSWVTPESCFYKESWLTGK

Multi-variant peptide = Linked a.a. substitutions

102,595 discoverable amino acid substitutions

87.58% always discoverable in single-variant peptides
239% discoverable only in multi-variant peptides
10.03 %

discoverable in multi-variant or single-variant peptides, depending on the
number of missed cleavage sites or splicing

Figure 1: (A) Proteome coverage expressed in terms of the percentage of amino acids; that is, if 7 out of 100 residues belong to at least 1 discoverable
peptide containing the product of a substitution, we say that 7% of the proteome maps to peptides containing variation. See main text for details and
Materials and Methods for the handling of shared peptides. (B) Example of a reference sequence aligned to another haplotype. The classes of peptides
following the cleavage pattern of trypsin are highlighted by a colored background. Three amino acid substitutions encoded by this haplotype are
marked by red rectangles. The “coverage” layer indicates the alignment applied to obtain numbers shown in section A. (C) Distribution of variation in
discoverable peptides. Amino acid variants are stratifled based on the category of peptide in which the substitution caused by the respective variant

can be identified.

proteome coverage, including variant peptides, to verify the pres-
ence of single amino acid variants. Choong et al. [14] proposed an
algorithm to generate the optimal number of protein sequences
containing combinations of amino acid substitutions possibly
occurring in the same tryptic peptide. In their approach, the
database includes not only the combinations of alleles encoded
by haplotypes but all combinations possible per peptide. Lobas
et al. [15, 16] showed that peptides containing variation were 2.5
to 3 times less likely to be identified than canonical peptides.
Wang et al. [17] have analyzed data for 29 paired healthy human
tissues from the Human Proteome Atlas project to detect amino
acid variants at the protein level. However, the majority of amino
acid variants predicted from exome sequencing could not be
detected [17], suggesting that proteogenomics remains highly
challenging and methods for discovering noncanonical proteins
need further development.

Here, we used the protein haplotypes generated by Spooner
et al. [1] to evaluate the ability of mass spectrometry-based pro-
teomics to identify peptides encoded by combinations of variants
in LD. We show that in some protein haplotypes, multiple amino
acid substitutions affect the same peptide after digestion. Those
protein haplotypes can only be identified if the combinations of
amino acid variants are included in the search space, and sev-
eral of these protein haplotypes are predicted to be more common
than the reference sequence. Then, we mined the publicly avail-
able data from Wang et al. [17] for peptides including a combina-
tion of amino acid variants, demonstrating how such peptides can
be identified according to the standards of the field but also how
the quality control of the results remains challenging.

Results

The consequence of haplotypes on the
proteomics search space
We digested in silico the protein sequences translated from haplo-
types obtained from Spooner et al. [1] using the canonical cleav-
age pattern of trypsin, allowing for up to 2 missed cleavages. Note
that indels were not considered, and we focused only on common
variants with a minor allele frequency >1% in any population of
the 1000 Genomes Project [2]; see Materials and Methods for de-
tails. After excluding contaminants, this yielded 2,647,815 unique
tryptic peptide sequences of length between 8 and 40 amino acids
(Fig. 1A). The coverage of protein sequences from Ensembl can
be partitioned as follows: 80.73% can only be covered by canoni-
cal peptides, 7.82% map to peptides that may contain 1 or multi-
ple amino acid substitutions, and the remaining yields sequences
that are either too short or too long to be identified. Most pep-
tides discoverable in proteomic studies therefore map to canoni-
cal sequences, making it challenging for nontargeted approaches
to assess the allelic status of a common genetic variant using pro-
teomics, in agreement with [15, 16].

We classify the obtained peptide sequences in 3 types (Fig. 1B):
(i) canonical, no haplotype is known to yield an amino acid sub-
stitution in the sequence of this peptide; (ii) single-variant, a hap-
lotype encodes an amino acid substitution in the sequence of
this peptide; and (iii) multivariant, a haplotype encodes a set of
2 or more amino acid substitutions in the sequence of this pep-
tide. In total, common haplotypes encode 102,595 amino acid
substitutions, with 87.58% of them found only in single-variant
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Figure 2: Classification of peptides based on their ability to distinguish between protein sequences (bar color) and to identify amino acid substitutions
(position on x-axis). The height of the bars represents the distribution of categories (nonspecific, protein-specific, proteoform-specific) among the

peptide types (canonical, single-variant, multivariant).

peptides, 2.39% in multivariant peptides, and 10.03% in either
single- or multivariant peptides depending on the number of
missed cleavages (Fig. 1C). Note that substitutions in different iso-
forms of the same protein are reported separately by Spooner
et al. [1], creating multiple consequences for the same genetic
variant. The total number of amino acid substitutions is con-
sequently higher than the number of genetic variants. Interest-
ingly, based on the frequencies among all participants in the 1000
Genomes project, 22.3% and 32.4% of the amino acid substitu-
tions discoverable in single-variant and multivariant peptides, re-
spectively, occur in protein haplotypes that are predicted to be
more frequent than the Ensembl reference sequence. If these alle-
les are not accounted for, proteomics analyses will, therefore, not
be able to identify these parts of the genome for the majority of
individuals.

Peptides can be classified based on their ability to distinguish
between protein sequences. We propose the following categories:
(i) nonspecific peptides map to the products of different genes; (ii)
protein-specific peptides map to multiple sequences, which are all
products of the same gene; and (iii) proteoform-specific peptides
map uniquely to a single form of a protein (i.e., single splice vari-
ant and haplotype), referred to as proteoform [18]. In this classi-
fication, based on the identification of a proteoform-specific pep-
tide, one can uniquely identify products of a given gene. A protein-
specific peptide allows for discriminating certain groups of pro-
teoforms but does not yield a single candidate sequence (e.g., it
determines which amino acid substitution is present but maps
to multiple splicing variants). Nonspecific peptide sequences map
to multiple genes, where the sequence of 1 gene matches the se-
quence of another, making it challenging to infer which protein is
covered. We found 198,046 distinct nonspecific peptide sequences,
covering up to 17.53% of the proteome. The prevalence of canon-
ical, single-variant, and multivariant peptides among the above
introduced types is displayed in Fig. 2, with exact numbers pro-

Table 1: Classification of peptides types and the number of in silico
digested peptides in each of the categories

Peptide type Peptide type Number of
(variation) (specificity) possible peptides
Canonical Proteoform-specific 291,400
Canonical Protein-specific 1,949,615
Canonical Nonspecific 196,255
Single-variant Proteoform-specific 47,583
Single-variant Protein-specific 147,308
Single-variant Nonspecific 1,652
Multivariant Proteoform-specific 4,282
Multivariant Protein-specific 9,581
Multivariant Nonspecific 139

vided in Table 1. As expected intuitively, peptides containing the
product of 1 or multiple variants present a higher ability to dis-
tinguish between protein products of different genes and between
proteoforms of the same gene.

Matching multivariant peptides to mass spectra

To investigate the prevalence of spectra matching multivariant
peptides encoded by common haplotypes and the quality of the
obtained matches, we searched the deep proteomics data of
healthy tonsil tissue made available by Wang et al. [17] against the
sequences of common protein haplotypes using X!Tandem [19]
as a search engine without refinement procedure and Percolator
[20] with standard features for the evaluation of the confidence
in all peptide-to-spectrum matches (PSMs). The resulting PSMs
were thresholded at a 1% PSM-level false discovery rate (FDR).
Note that because our study focuses on evaluating the quality of
the spectrum matches, a PSM-level FDR was therefore preferred to
peptide-level statistics. After thresholding, 1,318,152 target PSMs
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remained (13,467 decoy PSMs would have passed the threshold),
representing 176,193 unique peptide sequences (8,047 decoy pep-
tide sequences would have passed the threshold), covering the al-
ternative amino acid of 4,582 substitutions. The distribution of al-
ternative alleles among single- and multivariant peptides (Fig. 3A)
mirrored the values obtained from the in silico digestion of protein
haplotypes (Fig. 1C). On average, the products of 2,249.67 substi-
tutions were found per sample (2,360, 2,165, and 2,224 in samples
1, 2, and 3, respectively). The matched peptide sequences cover
21.56% of the proteome predicted to map exclusively to canonical
peptides and 16.89% of the proteome possibly mapping to pep-
tides with substitutions (Fig. 3B). Note, however, that 19,678 pep-
tide sequences (identified in 231,181 PSMs) map to the products of
multiple genes that cannot be distinguished, hence affecting the
coverage estimates.

Out of the 1,318,152 spectra matched to peptides, 0.57% were
matched to single-variant peptides and 0.03% were matched to
multivariant peptides. The share of spectra matched to variant
peptides is thus lower than the expected error rate, and cur-
rently, no method allows the evaluation of error rates in these
subgroups of matches specifically. We thus investigated whether
these classes of peptides showed signs of an overrepresentation
of false-positive matches. No substantial difference was notice-
able in the density of the posterior error probabilities (PEPs) and
g-values for all 3 classes of PSMs (Fig. 3C, D), indicating that a more
stringent FDR threshold would not alter the prevalence of variant
peptides. We also compared the observed peptide retention time
and fragmentation with predictions from DeepLC [21] and MS2PIP
[22], respectively. Overall, the density of the distance to prediction
in both retention time and fragmentation was very similar for all
3 classes of peptides (Fig. 3E, F), displaying no obvious shift in the
distribution, which would have been indicative of a strong over-
representation of false positives. Yet the distributions of variant
and multivariant peptides showed stronger tails toward high dis-
tance to prediction compared to nonvariant peptides, indicative
of the presence of false-positive matches. In comparison, the dis-
tance to prediction for decoys showed high retention time differ-
ence and low spectrum similarity.

Quality metrics on all matches are available as supplemen-
tary material. Three examples, sampled from the multivariant
matches passing the FDR threshold at low, medium, and high PEP,
representing high, medium, and low confidence, respectively, are
displayed in Fig. 4 along with the predicted spectra. As expected,
the share of peaks matching predicted fragment ions decreases
as the PEP increases: (A) the highly confident match presents an
excellent coverage of the spectrum with fragment ion masses,
with an extensive mapping of the peptide y-ion series; the re-
tention time distance to prediction of 320.8 seconds represents
only a fraction of the gradient (approximately 2.5 hours); and the
spectrum similarity to prediction, 0.79, shows good but not per-
fect agreement, which is in the lower range of the distribution
of similarity scores for the canonical matches. (B) The medium
confidence match presents a good coverage of the spectrum lack-
ing prediction for many peaks, and the agreement scores with
retention time and fragmentation predictions are excellent. (C)
The low confidence match presents a poor coverage of the spec-
trum with poor agreement with retention time and fragmentation
predictions. In addition to passing commonly accepted statistical
thresholds, the matches in Fig. 4A and B would pass expert qual-
ity control. On the other hand, the match in 4C is most probably
a false positive. Together, while these 3 sampled PSMs represent
only a limited set of examples, they are very representative of the
difficulty to confidently assess the presence of individual peptides

from large proteomic experiments. This task is, however, impor-
tant given that chimeric spectrum matches [23-26] and partial
matches are known to be difficult to account for in error rate es-
timation [27, 28].

As highlighted by Spooner et al. [1], depending on the pop-
ulation studied, specific haplotypes often have higher frequen-
cies than the canonical haplotype by Ensembl. For example, there
are 5 haplotypes of the IQ motif containing the GTPase activat-
ing protein 2 (IQGAP2, ENSP00000274364) gene that have higher
predicted frequencies than the canonical haplotype in the Eu-
ropean population (with combined frequency of 84.9% accord-
ing to Spooner et al. [1]). These haplotypes encode a tryptic pep-
tide containing 2 amino acid substitutions when compared to
the canonical sequence in Ensembl: VEWLDEIQQAVDEANVDEDR
(amino acid substitutions in bold). At position 527 of the pro-
tein sequence, aspartic acid is changed to glutamic acid (527D>E,
152431352), and at position 532, lysine is changed to glutamic
acid (532K>E, rs2909888), preventing cleavage by trypsin. In our
results, 2 peptides overlapped with this sequence, 1 featuring a
missed cleavage, supported by 13 and 10 spectra, respectively.
Fig. 4D and E display 2 examples of highly confident matches,
and Supplementary Table S1 lists PEP, g-value, and agreement
with predictors for all PSMs. Altogether, the PEPs and agreement
with predictors for these PSMs support the identification of this
sequence and thus the presence of these haplotypes in the data
reported by Wang et al. [17], consistent with the frequencies of
these haplotypes in the European population. The sequence en-
coded by these haplotypes cannot be detected using canonical
databases.

For diploid chromosomes, in the absence of deletion or copy
number alteration, each individual carries 2 versions of a given
gene—1 paternally and 1 maternally inherited—which can rep-
resent different haplotypes. We thus expect to find evidence for
heterozygosity in some of the identified variants. We have come
across such cases in 26, 21, and 19 genes in samples 1, 2, and 3, re-
spectively. For example, the protein CR1 (complement component
[3b/4b] receptor 1, ENSP00000356016) is commonly affected by
multiple SNPs. First, at the position 2060, threonine is commonly
changed to serine (2060T>S, rs4844609). Haplotypes including ser-
ine at position 2060 are expected in the European population with
the combined frequency of 98%. Second, at the position 2065,
isoleucine can be changed to valine (20651>V, 1s6691117); valine is
expected in the European population with a frequency of 22.57%.
However, a valine at position 2065 is only expected when preceded
by a serine at position 2060. In one of the samples, we identi-
fled spectra matching confidently to both a multivariant peptide
encoded by both alternative alleles (SFFSLTEIVR, substitutions in
bold) and to a single-variant peptide encoded by the alternative
allele of the first SNP (SFFSLTEIIR, substitution in bold). Mirrored
spectra and associated quality metrics are shown in Fig. 5. In this
case, including haplotypes in the protein database enables the
identification of not only the alternative but also the reference
allele of a variant.

While including the sequences from different haplotypes offers
the ability to detect new protein haplotypes, it also increases the
likelihood of similar peptides to map to different proteins. For ex-
ample, the protein POTE ankyrin domain family member I (POTEI,
ENSP00000392718) contains in its most frequent haplotype 8
amino acid substitutions, 2 of which fall into the same tryptic
peptide. In the actin-like domain of POTEI at position 918, tyrosine
changes to phenylalanine (918Y>F, rs147268452), and at position
929, methionine changes into threonine (929M>T, rs201878083),
thus encoding the peptide LCFVALDFEQEMATAASSSSLEK
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Figure 3: A: Coverage of the proteome by identified peptides, stratified by the possibility to contain variation. Lighter shades indicate the coverage by
predicted peptides, darker shades represent the actual coverage by identified peptides. B: Distribution of variation in identified peptides. Amino acid
variants are stratified based on the category of peptide in which the substitution caused by the respective variant can be identified. C-F: Distribution of
four confidence measures among PSMs for peptide categories: posterior error probability (PEP), g-value, difference between observed and predicted
retention time, and angular similarity between the observed and predicted spectrum. Decoy PSMs for this comparison were thresholded to 1%

PSM-level FDR.

(Table 2). The frequency of this haplotype among participants
of the European population in the 1000 Genomes project is 46%,
while in this population, the aggregated frequency of all haplo-
types not containing any of these substitutions is 1.98%. However,
the sequence of the corresponding region of POTEI is highly simi-
lar to the sequence of actin beta (ACTB), actin gamma 1 (ACTG1),

and actin alpha 1 (ACTA1), differingin 1, 1, and 2 residues, respec-
tively. Such highly similar sequences represent peptides differing
in their composition by only a few atoms, a mass difference that
can be indistinguishable from a chemical or posttranslational
modification (e.g., a chemical modification of methionine can
be mistaken for a substitution of methionine to threonine [29]).
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Figure 4: Quality control metrics and spectra of 5 multivariant PSMs. Amino acid substitutions are marked in bold. PSM A is among the 10%

top-scoring matches to multivariant peptides by posterior error probability, B scores as the median value, and C is the lowest-scoring match to a
multivariant peptide. PSMs D and E are within the 5 top-scoring matches for the most common haplotype of IQGAP2. The posterior error probability as
obtained from Percolator is listed along with retention time difference to prediction as obtained from DeepLC and spectrum similarity with prediction
as obtained from MS2PIP. The intensity of the measured spectrum is plotted (top; blue, pink, and gray) with the scaled predicted intensity mirrored
(bottom; green and red). Peaks in the measured spectrum matching predictions are highlighted in blue, measured peaks matching an ion with a
missing intensity prediction are highlighted in pink, and other measured peaks are plotted in gray. Note that in this representation, peaks matching a

fragment ion with a predicted intensity of zero will not be annotated.
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Figure 5: Quality control metrics and spectra for PSMs matching both the reference (A) and the alternative (B) allele in the same sample. The posterior
error probability as obtained from Percolator is listed along with retention time difference to prediction as obtained from DeepLC and spectrum
similarity with prediction as obtained from MS2PIP. The intensity of the measured spectrum is plotted (top; blue, pink, and gray) with the scaled
predicted intensity mirrored (bottom; green and red). Peaks in the measured spectrum matching predictions are highlighted in blue, measured peaks
matching an ion with a missing intensity prediction are highlighted in pink, and other measured peaks are plotted in gray. Note that in this
representation, peaks matching a fragment ion with a predicted intensity of zero will not be annotated.

Table 2: PSMs mapping to the 5 highly similar protein sequences:
actin gamma 1 (ACTG1)/actin beta (ACTB), actin alpha 1 (ACTA1),
and 3 haplotypes of POTEI REF marks the canonical sequence.
We specify the number of confident PSMs matching the sequence
of interest and number of samples with any spectra matching to
these peptides.

No. of
Peptide confident

Protein haplotype sequence PSMs
ACTG1: REF
ACTB: REF LCYVALDFEQEMATAASSSSLEK 3,298
ACTA1: REF LCYVALDFENEMATAASSSSLEK 385
POTEL REF LCYVALDFEQEMAMAASSSSLEK 103
POTEL 918Y>F929M>T LCFVALDFEQEMATAASSSSLEK 19
POTEL 918Y>F LCFVALDFEQEMAMAASSSSLEK 18

Therefore, telling these 2 proteins apart can be extremely
challenging when accounting for variants. Conversely, if only
canonical sequences are included in the database, the spectra ob-
tained from POTEI will be arbitrarily assigned to actin. Numbers
of spectra matching the corresponding regions of these proteins
are listed in Table 2. Matching spectra to each of the peptide
sequences in Table 2 have been identified in all 3 samples.

The need to distinguish very similar sequences makes the
use of haplotype-specific databases particularly sensitive to the
spectrum identification strategy. As an example, we conducted
the search again after enabling the refinement procedure of
X!Tandem. This procedure is a multistep approach that selects a
limited set of proteins for a secondary search with different search
parameters, including more modifications and relaxing thresh-
olds (e.g., in terms of missed cleavages). While this procedure

presents the advantage to quickly scan for new peptides, it makes
the evaluation of matches challenging [30] and increases the like-
lihood to encounter cases where a modification can be mistaken
for an amino acid substitution and vice versa. Fig. 6 shows such
an example of 2 matches to the same spectrum, obtained using
the refinement procedure: 1 peptide contains the product of the
alternative allele of 2 variants (Fig. 6A) while the other has the
product of the reference allele for 1 of the variants with a mod-
ification on the N-terminus compensating the mass difference
(Fig. 6B). Both matches show a good matching of the higher-mass
peaks and good agreements with the predictors but a high preva-
lence of unmatched peaks. Based on their scores, both matches
would pass a 1% FDR threshold, but the similarity between the
sequences makes it challenging to assess whether 1 or the other
haplotype is a better match. This example shows the difficulty
to distinguish variant peptides when the amino acid substitu-
tion has a mass difference equal or very similar to a modifica-
tion. Overall, we observed inflated identification rates for mul-
tivariant peptides using the refinement procedure (1,060 PSMs
with refinement vs. 342 PSMs without). For example, without the
refinement procedure, 19 spectra matched the multivariant se-
quence of POTEI among the PSMs passing a 1% FDR threshold
(Table 1); with the refinement procedure, the results contained
113 matching spectra. From the 94 additional matches, we sus-
pect that many correspond to other sequences that were artifac-
tually matched to this sequence, possibly through the addition of
modifications.

Error rates derived from the target-decoy strategy rely on the
modeling of the null distribution of scores using random matches.
Distinguishing a variant peptide from a modified one, however, re-
quires telling apart 2 matches that are very similar and both bet-
ter than random. In such cases, it is expected that modeling the
null distribution using random matches provides underestimated
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Matched peptide: EIVRDIKEKLC[4]FVALDFEQEMATAASSSSLEK

Posterior error probability: 0.009473
RT difference: 429.49 s Spectrum similarity: 0.822
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Figure 6: Comparison between predicted spectra for 2 different peptides matched to the same observed spectrum. The posterior error probability as
obtained from Percolator is listed along with retention time difference to prediction as obtained from DeepLC and spectrum similarity with prediction
as obtained from MS2PIP. The intensity of the measured spectrum is plotted (top; blue, pink, and gray) with the scaled predicted intensity mirrored
(bottom; green and red). Peaks in the measured spectrum matching predictions are highlighted in blue, measured peaks matching an ion with a
missing intensity prediction are highlighted in pink, and other measured peaks are plotted in gray. Numbers in the peptide sequence are identifiers of

posttranslational modifications in UniMod [31].

error rates, and additional quality control measures can be ap-
plied to assess the quality of the matches [32]. We submitted the
variant matches passing the target-decoy 1% FDR threshold in the
X!Tandem search without the refinement procedure to PepQuery,
a targeted peptide search engine providing additional validation
for variant peptides identified using proteomics [33]. PepQuery
found that a substantial share of the matches were low scoring or
could also match another peptide (10% and 11% of the matches,
respectively), and the prevalence of these matches decreased with
the PEP (Fig. 7A). Conversely, 47% of the matches were labeled
as confident, and the prevalence of confident matches increased
with the PEP. The remaining matches were labeled as possibly
matching a modification not considered in the original search—a
rare posttranslational modification or an artifact introduced dur-
ing sample preparation. Interestingly, the prevalence of such am-
biguous matches was stable around 30% across PEP bins. These
results highlight the difficulty posed by modifications in the con-
fident identification of variant peptides. In the case of highly sim-
ilar expected spectra between a variant and a modified peptide,
analysts need to rely on prior knowledge on the likelihood of find-
ing a given allele or modification in the sample studied or on the
presence of diagnostic ions (Fig. 8). In the example of Fig. 8B, the
detection of y29++ would advocate in favor of the variant peptide
rather than the modified peptide, but this peak is of low intensity
and therefore represents only thin evidence.

Moreover, we searched all spectra again using the search en-
gine Tide [34], using the same parameters. Out of the 7,988 con-
fident variant matches given by X!Tandem, 3,604 (45.12%) were
confirmed by Tide. For 4,314 (54%) variant PSMs reported by
X!Tandem, the spectra were not confidently matched to any pep-
tide by Tide. The remaining 70 spectra were confidently matched
to another peptide by Tide—in 51 cases to a canonical peptide, in
12 cases to a decoy peptide sequence, in 4 cases to a variant pep-

tide encoded by a different haplotype but coming from the same
gene, and in 3 cases to a contaminant.

Conclusion and Discussion

In this study, we propose to take advantage of the correlation be-
tween alleles through linkage disequilibrium to allow for the iden-
tification of peptides containing multiple linked amino acid sub-
stitutions, hence avoiding the computation of all possible combi-
nations of alleles [14]. Co-occurring alleles in the protein-coding
regions of a gene yield specific protein sequences—protein haplo-
types. Building upon previous work in proteogenomics, we created
a search space of protein haplotypes. We observe that 7.82% of the
whole proteome maps to peptides that can contain an amino acid
substitution, and up to 12.42% of all discoverable substitutions are
located in peptides where multiple substitutions co-occur (multi-
variant peptides). These cases suggest that linkage disequilibrium
between alleles resulting in amino acid substitutions should be
included in a proteomics search space when identifying common
variation. Subsequently, we performed a reanalysis of 3 samples
of healthy tonsil tissue provided by Wang et al. [17]. We iden-
tified peptides encoded by haplotypes containing 4,582 unique
amino acid substitutions compared to the reference sequences
of Ensembl, 6.37% of which were found only in multivariant
peptides.

Although searching haplotype-specific sequences allows for
the discovery of novel peptides that match to protein haplotypes,
numerous challenges still remain. Of the predicted haplotypes,
78.23% contain only substitutions, and the remaining haplotypes
contain other types of polymorphisms (insertions, deletions, or
polymorphisms introducing or removing a stop codon). These can-
not be detected using the sequences obtained from Haplosaurus.
Moreover, with the introduction of haplotypes, the search space
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Figure 7: Analysis of variant peptides passing a target-decoy 1% FDR threshold using PepQuery. (A) Histogram of the PSM type according to PepQuery.
Low score: the match was not further investigated by PepQuery due to a low score; Ambiguous peptide: the spectrum could be matched to a reference
peptide at a similar score; Ambiguous modification: the spectrum could be matched to a reference peptide at a similar score when accounting for a
modification that was not included in the original search; Confident: the match passed all PepQuery validation filters. (B) Mirrored annotated spectra
obtained using PDV [35] of a variant PSM with better match when accounting for a modification not included in the search, here a dioxydation of

tryptophan.
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Figure 8: Comparison between predicted spectra as obtained from MS2PIP for 2 different peptides matched to the same observed spectrum. (A)
Peptide candidate suggested by PepQuery is a canonical sequence with a modification. (B) Peptide candidate suggested in our search is a variant
peptide. We list the retention time difference to prediction as obtained from DeepLC. The intensity of the measured spectrum is plotted (top; blue,
pink, and gray) with the scaled predicted intensity mirrored (bottom; green and red). Peaks in the measured spectrum matching predictions are
highlighted in blue, measured peaks matching an ion with a missing intensity prediction are highlighted in pink, and other measured peaks are
plotted in gray. Numbers in the peptide sequence are identifiers of posttranslational modifications in UniMod [31].

consists of a large number of proteoforms with a high degree of
similarity, making it challenging to infer which proteoform has
been identified. Amino acid substitutions of a mass difference
equal to a posttranslational or chemical modification are partic-
ularly challenging, as their distinction relies on the detection of
few specific ions. This implies that searching without the correct
haplotype or modification will generate incorrect sequences or
modifications that are not caught by current error rate estimation
strategies. Even worse, using the wrong haplotype on a protein se-
quence can result in a match in another protein. The prevalence
of such errors in published proteomic datasets is currently un-
known.

The dataset of protein haplotypes provided by Spooner et al. [1]
was created using the genome assembly version GRCh37, which is
now deprecated by Ensembl. During PepQuery analysis, we noted
that a substantial share of variant peptides in GRCh37 would be
canonical in GRCh38. For results that are fully up to date, a reanal-
ysis of the data provided by the 1000 Genomes project on the cur-
rent genome assembly is necessary. Limitations also come with
the dataset of phased genotypes, as phasing may be inaccurate in
regions with low linkage disequilibrium or in repetitive regions, re-
sulting in an overestimation of haplotype frequencies [1]. Finally,
the methods for the scoring of confidence of peptide-spectrum
matches are not well suited to distinguishing between multiple
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candidate sequences with a high degree of similarity. In the liter-
ature, the identification of variant peptides is validated by gener-
ating reference spectra using synthetic peptides [36, 37], but such
an approach presents a substantial cost and low throughput. In
the present work, we used retention time and fragmentation pre-
dictors to generate the reference spectra in silico and used these to
evaluate the matches. Predictors can instead be directly coupled
to Percolator, as implemented in MS2Rescore [38], and hence pro-
vide features that can improve the discrimination power between
very similar peptides.

In conclusion, accounting for protein haplotypes in the search
space for mass spectrometry-based proteomic identification im-
proves the ability to cover relevant regions of the proteome and
holds the potential to be utilized in the medical context, given that
the database of protein haplotypes is complete and up to date, and
novel methods of quality control are developed.

The sequence database used for the search was built using data
provided by Spooner et al. [1], who generated a database of pro-
tein haplotypes using their tool Haplosaurus, available as a part
of the Ensembl Variant Effect Predictor [39]. The haplotypes were
generated using phased genotype data from the 1000 Genomes
project Phase 3, obtained using methods described in [2]. The hap-
lotype analysis was performed using the transcript database En-
sembl version 83 [40], human reference genome assembly ver-
sion GRCh37 [1]. The data provided by Spooner et al. [1] can be
found at [41]. For this work, we selected only protein haplotypes
generated from minor alleles with frequency at least 1% world-
wide. This database was appended with the list of canonical pro-
tein sequences in the corresponding version of Ensembl and a list
of common sample contaminants, obtained from [42]. The result-
ing search space contains 104,736 reference sequences, assembly
version GRCh37, 290,080 protein haplotype sequences obtained
as described above, and 116 sequences of sample contaminants.
In total, 394,959 decoy sequences were generated using the algo-
rithm DecoyPyrat [43], provided by the tool py-pgatk [12]. The fi-
nal protein sequence database in the FASTA format is available as
supplementary material (SD1, SD2).

We classified peptide sequences as canonical, single-variant, or
multivariant based on the number of amino acid substitutions
they contain. If a peptide is canonical with respect to one pro-
tein sequence and single-variant or multivariant with respect to
another protein sequence, it is classified as canonical. Similarly,
if a peptide is a single-variant peptide with respect to one pro-
tein sequence and multivariant with respect to another protein
sequence, it is classified as a single-variant peptide. Substitutions
mapping to a peptide that has been “downgraded” in such manner
are not considered as discovered, or discoverable.

We used this database to perform a reanalysis on a subset of data
published and initially analyzed by Wang et al. [17]—108 fractions
from 3 samples of healthy tonsil tissue digested by trypsin, frag-
mented using higher-energy collisional dissociation (HCD) (MS ex-
periment IDs: P013107, P010694, P010747).

The search was performed using the command-line interface
of SearchGUI v. 4.1.16 [44], employing the X!Tandem search algo-

rithm [19], allowing for the oxidation of methionine as a variable
modification and carbamidomethylation of cysteine as a fixed
modification, with the “quick acetyl” and “quick pyrolidone” op-
tions of X!Tandem enabled. PeptideShaker v. 2.2.20 [45] was used
for postprocessing of the search results and export of the PSMs to
Percolator v. 3.5 [20], which was used to evaluate the confidence
of the matches and threshold using an FDR analysis [46]. The list
of PSMs was filtered to retain matches with a g-value below 0.01
(i.e., FDR is lower than 1%). If a peptide matched to a contam-
inant sequence, it was removed from further analysis. As some
of the canonical protein sequences in Ensembl contain multiple
stop codons, the stop codon symbols were removed from their
sequences for compatibility with X!Tandem. Peptides that would
contain a stop codon were removed from further analysis.

To provide supporting evidence for the confidence of the PSMs,
chromatographic retention times were predicted by DeepLC v.
1.0.0[21], and expected peptide fragment ion intensities were pre-
dicted using MS2PIP v. 3.6.3 [22]. Peptides passing the 1% FDR
threshold were used for calibration of the DeepLC predictions. The
absolute distance between the centered and scaled predicted and
observed retention times was computed. The MS2PIP predictions
were used to measure the distance between the predicted and ob-
served spectrum. The peaks are scaled so that the median inten-
sity in the observed spectrum corresponds to the median intensity
in the prediction. A peak in the observed spectrum is considered
matching to a peak in the prediction if it differs in m/z by no more
than 10 ppm. The distance between the matched predicted peaks
and the observed ones is expressed as their angular similarity, cal-
culated by the formula in Equations 1 and 2:

S L mip; (1)

CMP) = —==—=xo—
) YXioamiyYiog B
AMP)=1- arccos (C (M, P)) @

b/
where M = (my, ..., my) is the set of intensities for the matched
measured peaks, and P = (p, ..., pn) is the set of intensities for the
matched predicted peaks, and n is the number of matched peaks
in the spectrum. C(M, P) denotes the cosine similarity between
M and P, and A(M, P) denotes the angular similarity between M
and P.

Predicted and observed spectra were also displayed as mirror
plots for visual comparison in selected PSMs. The peaks in the
observed spectrum matching to a predicted peak are highlighted
in blue. As the intensity prediction for certain ion fragments by
MS2PIP is missing, peaks matching those ions are highlighted in
pink. The remaining measured peaks are displayed in gray. Peaks
of the predicted spectrum are shown as negative values and la-
beled by the corresponding fragmention. The predicted peaks that
match a measured peak are displayed in green, and unmatched
predicted peaks are displayed in red.

The variant PSMs passing 1% FDR at PSM level using X!Tandem
were further validated using PepQuery (v2.0.3) [33]. The follow-
ing parameters were used: fixed modifications, carbamidomethy-
lation of C; variable modifications, oxidation of M, ammonia loss
of C, Glu—pyro-Glu of E, GlIn—pyro-Glu of Q, acetylation of pep-
tide N-term; precursor ion mass tolerance, 20 ppm; MS/MS mass
tolerance, 0.05 Da; enzyme specificity, trypsin; maximum missed
cleavages, 2; allowed isotope range: —1,0,1,2. The parameter “-hc”
was also set in the analysis. The human protein database from
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GENCODE Release 43 (GRCh37) was used as the reference protein
database in the validation. The PSMs that passed all the filtering
steps in PepQuery were considered confident. The filtering process
is described in detail in [33]. Amino acid substitution modifica-
tions were not considered in the filtering process. PSMs classified
as low scoring were assigned a score above the threshold of 12
by the Hyperscore algorithm, as is the default; see [33] for details.
A complete list of variant PSMs with possible alternative peptide
candidates suggested by PepQuery is available as supplementary
material (SD5).

Source Code and Requirements

The pipeline to reproduce the postprocessing steps and a further
description of the resulting files are provided in https://github.
com/ProGenNo/FindingHaploSignatures [47].

® Project name: Finding Haplotypic Signatures in Proteins

® Project homepage: https://github.com/ProGenNo/
FindingHaploSignatures

® Operating system(s): Platform independent

® Programming language: Python

® Other requirements: Snakemake v. 7.0.0 or higher, Anaconda
2022.10 or newer

® License: MIT

Additional Files

Supplementary Table S1. PSMs matching to the multivariant pep-
tide covering a region of the most common haplotype of the
IGQAP2 protein and their respective confidence measures. The
posterior error probability and g-value as obtained from Percola-
tor are listed along with retention time difference to prediction as
obtained from DeepLC, as well as spectrum similarity with pre-
diction as obtained from MS2PIP.

Supplementary Table S2. Search parameters used for the
X!Tandem implementation in SearchGUI.

Data Availability

Supplementary data can be downloaded from figshare [47]. Other
data further supporting this work are openly available in the Gi-
gaScience repository, GigaDB [48].

We provide the following files:

Supplementary Data 1: FASTA file including all target protein
sequences (Ensembl reference proteome, protein haplotype se-
quences, contaminant sequences), excluding decoys.

Supplementary Data 2: FASTA file including all target and de-
coy sequences.

Supplementary Data 3: List of all peptide-to-spectrum matches
(PSMs), resulting from the first run of X!Tandem without the re-
finement procedure, with all related metadata and quality control
measures.

Supplementary Data 4: List of substitutions identified, along
with IDs of corresponding PSMs.

Supplementary Data 5: List of variant PSMs and peptide can-
didates suggested by PepQuery, along with confidence scores for
each peptide candidate.

Abbreviations

FDR: false discovery rate; HCD: higher-energy collisional dissoci-
ation; LC: liquid chromatography; LD: linkage disequilibrium; MS:
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mass spectrometry; MS/MS: tandem mass spectrometry; PEP: pos-
terior error probability; PSM: peptide-to-spectrum match; PTM:
post-translational modification.
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Errata

Page 2: Misplaced comma: “The initial completion of the Human Genome Project, catalyzed
a new research paradigm” — corrected to “The initial completion of the Human
Genome Project catalyzed a new research paradigm”.

Page 3: Error in the rendering of Figure 1.1:
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Page 6: Missing parenthesis: “contribute to alternative splicing (see Figure 1.4 €0.” - corrected
to “contribute to alternative splicing (see Figure 1.4) %9.”

Page 12: Missing word: “As introduced in Section 1.1, frequencies and effects differ between
populations.” — corrected to “As introduced in Section 1.1, allele frequencies and
effects differ between populations.”

Page 17: Misplaced word: “this thesis will focus on DDA mass spectrometry as, and thus
assume (...)” — corrected to: “this thesis will focus on DDA mass spectrometry, and
thus assume (...)".

Page 23: Typo: “protein haplotypes encoded by individual genesa” — corrected to: “protein
haplotypes encoded by individual genes”.

Page 29: Incorrect reference and formatting: “the work of John Snow mapping cholera cases
in London helped identify the source of the outbreak [232].” — corrected to: “the
work of John Snow mapping cholera cases in London helped identify the source of
the outbreak?33.”
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