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OZET

Genomik in-siliko Patojenite Tahmin Araglarinin Cok Degiskenli Analizi

Yanlis anlamli (missense) varyantlarin klinik olarak yorumlanmasi klinik tani
siirecinde kritik oneme sahiptir. Varyant patojenitesinin degerlendirilmesi i¢in birgok
yontem ve algoritma gelistirilmis olsa da bu araglarin performanslar1 sinirlidir ve hatali
ve/veya celigkili tahmin yapabilirler. Varyantlarin patojenitesinin belirli tahmin
araglart dikkate alinarak degerlendirilmesi yanlis pozitif ve negatif sonuglara yol
acabilir ve bu nedenle bu konuda bir standardizasyon gereksinimi vardir. Giin gegtikte
veri tabanlarinda biriken veriler sayesinde ve varyantlarin patojenitesi hakkinda daha
fazla bilgi sahibi oldukcga, varyant siniflandirmasini daha hassas hale getirmek igin
dogru sonuglar veren algoritmalari istatistiksel yaklagimlarla tanimlamak miimkiin
hale gelmektedir. Bu tez kapsaminda, missense varyantlar igin istatistik temelli bir akis
kullanilarak tasarlanan yeni bir in-siliko patojenite tahmin (ISPT) skoru olan VAMPP-
skor gelistirilmistir. Skor, literatiirde en sik kullanilan ISPT’lerin ¢oklu ve ikili
karsilastirmalarinin yani sira ISPT lerin varyant gruplari arasindaki ayrim giicline ve
ortalama fark hesaplamalarina dayanmaktadir. Bu kapsamda, ISPT skorlarinin tahmin
dogruluklarina gore en iyi gen-ISPT skoru eslesmeleri kullanilmis ve kombinatoryal
agirlikli bir puan olan VAMPP-skor gelistirilmistir. VAMPP-skor, klinikte missense
varyantlarin yorumlanmasinda énemli bir ilerleme saglayabilecegine inanilmaktadir.
Istatistiksel temeli goz dniine alindiginda, VAMPP-skor bir varyantin patojenik olup
olmadigna iliskin karar vermede belirleyici bir rol oynayabilir. Ozellikle, nadir ve
tanisiz vakalarin yeniden degerlendirilmesinde genetik taninin dogrulugunu artirma ve

tan1 siirecini iyilestirme potansiyeline sahip oldugu diistiniilmektedir.

Anahtar Sozcukler: varyant yorumlama ve dnceliklendirme, ACMG/AMP Onerileri,
in-siliko patojenite tahmin araglari, nadir ve tanisiz vakalar, klinik 6nemi belirsiz

varyantlar



ABSTRACT

Multivariate Analysis of Genomic in-silico Pathogenicity Predictors

Clinical interpretation of the missense variants is critically important in diagnostics.
While many methods and algorithms for pathogenicity assessment have been
developed, their performances are limited, and their predictions can be either
inaccurate or conflicting. Evaluating the pathogenicity variants based on certain
predictors may lead to false positives and negatives and therefore standardization is
needed. As data accumulates in databases and we gather more information about the
pathogenicity of the known variants, it becomes possible to identify algorithms that
yield accurate results by statistical approaches to make variant classification more
precise. This thesis introduces VAMPP-score, a novel in-silico pathogenicity
prediction (ISPP) score for missense variants developed using a statistical framework.
This score is based on multiple and pairwise comparison tests, as well as proximity
and mean difference calculations among variant groups. It utilizes the best gene-ISPP
matches, according to ISPP accuracies for each gene, offering a combinatorial
weighted score. VAMPP-score introduces an advancement in missense variant
interpretation. Given the statistical basis, it can be a decision-maker for a variant’s
pathogenicity. Its application, particularly in the reanalysis of rare and undiagnosed
cases, promises to enhance the accuracy of genetic diagnostics and improve patient

outcomes.

Keywords: variant interpretation and prioritization, ACMG/AMP recommendations,
in-silico pathogenicity predictors, rare and undiagnosed cases, variants of uncertain

significance



1 INTRODUCTION AND AIM

Due to advances in sequencing technologies, the field of genetic diagnosis has
undergone a major transformation. Next-generation sequencing (NGS) has improved
our ability to understand and analyze genetic information, offering a more
comprehensive, rapid, and cost-effective approach in clinics. The significant reduction
in sequencing costs has democratized access to genetic testing, making it a more viable

option for a broader range of patients (1).

Mendelian disorders, characterized by their inheritance patterns, represent a
significant portion of genetic diseases diagnosed with NGS (2, 3). These disorders,
often caused by single-gene disruptions, have been pivotal in understanding the genetic
basis of diseases. NGS has enabled the identification of novel variations in known
disease-causing genes and the discovery of new genes associated (3). However, the
complexity of genetic interactions and the presence of phenotypic heterogeneity even
within the same disorder pose challenges in diagnosis and management (4). In
addition, despite the developments in NGS, a considerable number of genetic disorders
remain undiagnosed. This is particularly true for rare and undiagnosed diseases, where

the genetic basis is often not well understood (2, 5).

The challenge is further compounded by one of the most encountered variations
in the genome, missense variants. Missense variants cause an amino acid (AA) change
through single nucleotide substitution (6). Determining the pathogenicity of these
variants is a complex task, as they can have subtle effects on protein function that are
difficult to predict or prove. Even though they are suspected to cause phenotypic
effects due to protein structure/function disruption (7) and such variants are reported
as “causal” if they influence the biological phenotype (8) associating a missense
variant with a disease without functional studies is not feasible in real-life. The
clinician’s expert opinion is also not enough to classify the variant without more

evidence.



To address this, in-silico pathogenicity predictors have been developed. These
computational tools aim to assess the potential impact of genetic variants on
phenotypic outcomes. However, their performance has been limited, often leading to
conflicting and inaccurate predictions, hence false positives, and negatives (9). This
comes as a significant concern, as misinterpreting the pathogenicity of a variant can

have serious implications for patient diagnosis and treatment.

In response to these challenges, the American College of Medical Genetics and
Genomics (ACMG) and the Association for Molecular Pathology (AMP) have
presented recommendations and guidelines to create a standardized approach for the
interpretation of genetic variants (10). One of the key criteria in these guidelines is the
PP3, which relies on the agreement of multiple computational evidence supporting the
pathogenicity of a variant. The ACMG/AMP guidelines have been instrumental in
improving the accuracy and consistency of genetic diagnoses, but they are not without
their limitations, particularly in the context of rare genetic disorders (2, 5), which are

clinical cases that require special care and attention.

Another particular challenge in the world of genetic diagnostics is the
interpretation of Variants with Uncertain Significance (VUS). These genetic
alterations’ impacts on health and disease are not clearly understood, presenting a
significant hurdle in clinical settings. The VUS problem is exacerbated by the fact that
many genes and genetic variants, especially in the context of rare diseases, have not
been adequately studied or documented, leaving clinicians and geneticists in a
quandary regarding their clinical significance (10). This uncertainty can lead to
significant difficulties in clinical decision-making, as the clinical implications of these
variants are not clearly defined. Furthermore, current in-silico tools often struggle to
accurately predict the pathogenicity of these variants, leading to potential misdiagnosis
or inappropriate management strategies (9, 11, 12). The issue with these variants is not
just a technical problem but also has ethical implications, as it raises questions about
how to communicate these uncertainties to patients and how to manage their

expectations and concerns (12-14).



Here we present VAMPP-score (Variant Analysis with Multivariate Pathogenicity
Prediction-score), a novel in-silico pathogenicity prediction (ISPP) score for missense
variants developed using a statistical framework. This score is based on multiple and
pairwise comparison tests, as well as proximity estimations and mean difference
calculations among variant groups. It utilizes the best gene-ISPP matches, according
to ISPP accuracies for each gene, offering a combinatorial weighted score. VAMPP-
score provides an advancement in missense variant interpretation. Given its statistical
basis, VAMPP-score can be a decision-maker and assist the clinician in diagnostics.
Its application, particularly in the reanalysis of rare and undiagnosed cases, promises
to increase the success rate of diagnoses, enhance the accuracy of genetic diagnostics,

and improve patient outcomes.



2 BACKGROUND

2.1 Human Genome

The human genome is composed of ~3.2 billion base pairs that carry the genetic
information encoded in the form of DNA (deoxyribonucleic acid). The DNA is found
within the 23 chromosome pairs in cell nuclei and as a small additional genetic material
found in mitochondria (15).

The genetic material DNA carries the required elements for an organism’s
survival and proper functioning. It is composed of two strands that coil around each
other to form a double helix. The genetic information is encrypted in the monomer
building blocks of nucleic acids and called the nucleotides. The nucleotides, paired
through hydrogen bonds, are composed of a nitrogenous organic base element (adenine
(A), thymine (T), guanine (G), or cytosine(C)), a sugar, and a phosphate molecule (16)
(Figure 1).
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Figure 1. DNA structure.

Illustration shows the structure of the DNA and its sugar phosphate backbone,
emphasizing on the double helix, formed by the base pairing of the nucleotides.
(Created with BioRender.com)

Even though 99.9% of the genome is the same among individuals (17), the
remaining 0.1% difference makes us who we are, genetically unique and different.
Despite this small portion may seem insignificant, considering the total size of the

genome it still corresponds to ~3 million base pairs and changes in the sequence within,



The human genome consists of ~20,000-25,000 genes (18) coded in two main
regions: DNA sequences that encode proteins and various sequences that are not
responsible for protein-coding. The latter makes up the 98-99% of the whole genome
and is a diverse category that includes the coding sequences for untranslated RNA
(ribonucleic acid), promoters and their associated gene-regulatory elements, DNA
playing structural and replicatory roles (19). In addition, introns, the non-coding
sections of an RNA transcript that are spliced (20) out before the RNA molecule is

translated into a protein, make up a large percentage of non-coding DNA (21).

The coding region (CDS, coding sequence) of the human genome rests in the 1-
2% of the whole sequence and it is responsible for preserving the protein information
(22). The flow of genetic information is defined as the central dogma of biology and
genetic information flows from where it is coded, DNA, to RNA by transcription, and

to protein by translation (23) (Figure 2).
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Figure 2. Gene structure and central dogma.

Panel A shows the structure of a eukaryotic gene. It has three main elements as
upstream and downstream regulatory elements, and the open reading frame, which is
the target region for the transcription. Panel B shows the central dogma, which displays
the flow of the genetic information from DNA to protein. The transcribed mRNA



(called the pre-mature-mRNA) from the target DNA template, consists of exons and
introns, as illustrated. Introns are spliced-out via RNA-splicing, creating the mature
RNA that is ready for translation, in which the end-product is the protein. (Created
with BioRender.com)

2.1.1 Human Genome Project

The Human Genome Project (HGP) was initiated in 1990 as an international effort
and has become a milestone in genomics (24, 25). This groundbreaking project, which
took more than a decade to “complete” -successful completion in 2003- (Figure 3),
aimed to create an in-depth map of human genetic structure, providing an
understanding (25, 26).

2003
Human Genome Project is
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1953 2000
The crystal structure 1990 The draft sequence of 2003 2007 2016
of the DNA is Human Genome e human genome is The ENCODE projectis  Human Microbiome Human Cell Atlas project
revealed Project is initiated announced muii\lsd Project is launced is initiated

1 | |
| | | | I I
| | | |
| | I I
1977 2001 2008 2021 H
Sanger sequencing The initial human 1000G project is initiated The release of T2T-CHMI3 |

method is developed genome sequence gapless, human genome by |
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The international |
HapMap project is 2005-... |
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Figure 3. History of the human genome.

Timeline shows the milestones in genomics, genome projects that are initiated over
the years. Starting from the discovery of the DNA’s crystal structure, currently there
iIs a human genome that is sequenced from telomere to telomere, due to the
advancement in sequencing technologies.

The outcomes of the HGP have a broad impact in genetics and genomics. This
extensive map of the human genome sequence has led the scientific community in
understanding genetic diseases, developing new diagnosis and treatment strategies,
and has broadened our perspective on personalized medicine (26, 27). The project has
also been the driving force in the growth of bioinformatics, a field that is critical in

analyzing and interpreting the large amounts of data produced in genomics (28).



2.1.2 Complete Assembly of the Human Genome

The Telomere-to-Telomere (T2T) (29) project pushes the boundaries of our
understanding of the human genome as it is. Adding on to the Human Genome Project
(24, 25), the T2T was initiated with the aim to create the entirely complete human

genome, referring to the gaps remained by the previous initiatives.

The completion of a telomere-to-telomere sequence has become the beginning of
a new era in genomics, offering a more comprehensive map of the human genome.
This new extensive blueprint as the first telomere-to-telomere (T2T) human genome
assembly (T2T-CHM13, latest version: v2, released on 24 January 2022 (29) release
(Figure 3) enhances our understanding of the complex regions of the genome, such as

telomeres and centromeres (30).

2.1.3 Reference Genome

The reference genome refers to the complete set of genes for a typical human. It's
not the map of a specific individual, but rather a united assembly that shows a more
general human genetic makeup (31, 32). Since its initial release, the reference genome

has undergone continuous updates and refinements.

The current reference genome for humans (GRCh38) has been widely used in
studies. It was released first by the Genome Reference Consortium (GRCh) as
GRCh38in 2017 (33) In February 2022, its latest version with additions, the last patch
as GRCh38.p14 (34), was published. Even though there is a fully complete, gapless
human genome sequence released by T2T consortium, the large-scale genomic
differences between these two important genome assemblies are not characterized in
detail yet (30).



2.2 Genetic Variation Types

All the changes in the genome sequence can be defined as variations. Rather than
using a separate term for the more common ones or describing mutations as harmful,
beneficial, or neutral, the usage of the term variation would ease the process of defining
and understanding DNA sequence changes (35). Genetic variations can be divided into

two main groups considering where in the genome they occur.

2.2.1 Variations in the coding regions

Variations in the coding regions of DNA, which are directly transcribed and
translated into proteins, can have profound implications on protein structure and
function. Any alteration can lead to changes in the amino acid (AA) composition of
the protein product, which can affect the protein's conformation, stability, and

interaction with other molecules (36).
2.2.1.1 Synonymous variants

Synonymous variants are single nucleotide alterations that do not interfere with
the AA sequence (Figure 4A.1). They are often called "silent mutations™ because the

amino acid sequence remains the same. However, recent studies show that

synonymous variations can also have effects on the protein structure (37-40).

10



Figure 4. lllustration of variant types.

Figure 4 represents several types of genomic variation mentioned. In Panel A.1 and
A.2 nonsynonymous Vvariations which occur in the coding regions that directly
interfere with protein sequence are shown, single nucleotide variations causing single
AA changes, and single/short nucleotide variations causing reading frame alterations,
respectively. Panel B.1 illustrates the variations that are causing abnormal splicing and
splicing products, mature mRNA for translation therefore causing a potential
abnormality in the protein. In Panel B.2, larger variations that can involve both coding
and non-coding regions are illustrated. (Created with BioRender.com, adapted from
templates).

2.2.1.2 Non-synonymous variants

Non-synonymous variants are defined as the genetic variations that cause a change
in the amino acid sequence of a protein. Missense variants are the single nucleotide
substitutions that result in a codon that codes for a different AA than the reference
(Figure 4A.1). This change can affect the protein's function, depending on where the
change occurs and which amino acids are involved, considering their biophysical and

biochemical properties (36).
Nonsense variants cause a codon to change into a stop codon (Figure 4A.1),

leading to premature termination during protein synthesis. This event can often result

in a truncated, therefore a nonfunctional protein (41).
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Frameshift variants (Figure 4A.2) occur when nucleotide insertions/deletions are
not in multiples of three, causing a shift in the reading frame during translation (42,
43). This shift changes the following amino acid sequence, often resulting in an
inoperative protein. In contrast, when insertions/deletions are in multiples of three,
they do not disrupt the reading frame, hence named in-frame variants (Figure 4A.2).
They can still maintain the overall protein structure and function; however studies

show that they might occur with pathogenic effects as well (44).

2.2.2 Variations in the non-coding regions

Non-coding regions of the genome regulate gene expression rather than coding
for proteins. These areas influence gene expression by modifying the transcription
factor binding and the rate of transcription. Variations in these regions can result in
altered levels of gene expression, consequently affecting the ultimate protein
production which might lead to disease (45-47).

Intronic variants occur in the non-coding segments of the genome interspersed
among exons (introns) (21). They are intra-genic variants and can be detected by whole
genome sequencing (WGS). Inter-genic variations, on the other hand, occur in the
sequences between genes. They might not affect protein sequences directly but can

influence gene expression and regulation (48).

Introns are removed from transcripts at splice sites that are evolutionarily
conserved, found at the 5’ and 3" ends of the introns, usually with nucleotide pairs of
GU and AG, known as essential splice sites. Variations of these sites can lead to the
formation of abnormal splice sites (see Figure 4B.1) which may be disease-causing
(49-51).

2.2.3 Other variations

Structural variations (SVs) are large-scale genome alterations like copy number

variations (CNV), inversions, insertions, deletions, duplications, and translocations,
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that can cover both coding and non-coding regions (see Figure 4B.2) (52-55).
Microsatellites and minisatellites, short repetitive sequences found across the genome
in both coding and non-coding areas, can influence gene function and regulation

through repeat number changes (56).

2.3 Sequencing Technologies

Advancements and ongoing enhancements in sequencing technologies have made
it possible to decode the human genome. These technologies provide in-depth
understanding of genetic variations, crucial for comprehending diseases and genetic
disorders (57, 58).

The sequencing technologies also raise challenges including high costs,
substantial data management requirements, and ethical concerns regarding
confidentiality of the genetic information (59). Latest advancements aim to reinforce
accuracy, speed, affordability, and accessibility, with a focus on portable sequencing

devices, improved bioinformatics tools and data management strategies (58, 59).

2.3.1 Sequencing Technologies

Sanger sequencing was developed by Frederick Sanger in 1977 as a method of
DNA sequencing based on the selective incorporation of chain-terminating
dideoxynucleotides by DNA polymerase during in vitro DNA replication. It begins
with denaturing the DNA molecule, followed by primer annealing and extension using
a mix of deoxynucleotides and dideoxynucleotides. The dideoxynucleotides, lacking
a 3' hydroxyl group, terminate DNA strand elongation, resulting in fragments of
varying lengths (60). These fragments are then separated by size through

electrophoresis, allowing the sequence to be read.

Advantages of Sanger sequencing include its high accuracy, reliability, and ability
to read longer continuous stretches of DNA compared to some other methods (57).

However, it is relatively costly and time-consuming for large-scale genomic
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sequencing projects and has lower throughput compared to next-generation

sequencing technologies (59).

Sequencing Technologies
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Figure 5. Sequencing technologies.

The illustration shows the sequencing technologies from Sanger to short- and long-
read sequencing, which may be referred to as the generations of sequencing. Here,
Oxford Nanopore technologies is shown as an example of long-read, single molecule
sequencing. (Created with BioRender.com, adapted from templates; Sanger and Short-
read sequencing, adapted from (61) Long-read sequencing: adapted from the template
by Flo Glencross (Creator) Daid Ahmad Khan (62).

2.3.2 Short-read sequencing

Short-read sequencing, also can be referred to as second or next-generation
sequencing (NGS), emerged as a rapid and cost-effective method for sequencing both
DNA and RNA in the early 21st century. Unlike Sanger sequencing, NGS offers a

high-throughput alternative by simultaneously sequencing millions of fragments (63).
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This process involves DNA/RNA fragmentation, adapter attachment, and

amplification on a solid surface (Illumina, https://www.illumina.com/) or in emulsion

droplets (Roche, https://sequencing.roche.com/), depending on the sequencing

technology used. Subsequently, massively parallel sequencing is conducted, producing
an extensive volume of data (64) which is then computationally compiled into a

sequence.

NGS can process large volumes of data quickly and cost-effectively, making
whole-genome sequencing more accessible (59). However, NGS has limitations, such
as shorter read lengths compared to Sanger sequencing, which can complicate data
assembly and interpretation. Furthermore, the equipment needed to perform the
procedure and the need for enhanced computational resources to manage data are
considerable (58).

2.3.3 Long-read sequencing

Long-read sequencing, also known as the third-generation sequencing, emerged
as the latest advancement to addressing the limitations of the earlier technologies.
Represented as single-molecule sequencing, DNA is sequenced without requiring
amplification, thereby reducing biases and errors due to PCR amplification used in
earlier methods (65, 66). It offers real-time sequencing with much longer reads, which
Is a significant augmentation for complex and de novo genome assemblies, and SV
detections (67). It also provides a more direct approach to detecting DNA

modifications, which is vital for epigenetic studies (68).
Third-generation sequencing represents a significant leap forward in sequencing

technology, offering longer reads and real-time sequencing capabilities, but it is still

evolving in terms of accuracy, cost, and data management (69).
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2.4 Handling Sequencing Data

Advancements in genomic technologies have expanded our knowledge in genetic
diseases. These innovative techniques offer profound insights into genetic makeup,
facilitating personalized medicine and sophisticated genetic research. Depending on
the focus, various sequencing tests can generate data, each selected for its specific
target (70).

Targeted panels and clinical exome sequencing (CES) data enrich specific regions
of the genome and are used to sequence the protein-coding regions that are most likely
to be associated with the phenotypic outcome. CES is typically used especially when

a patient presents with a rare genetic disorder (71).

Similar to CES, whole exome sequencing (WES) targets the exome, which
constitutes about 1-2% of the human genome, the majority of known disease-related
variants (72). WES is broader than CES and is used for research purposes in addition

to clinical purposes.

Whole genome sequencing (WGS) is the most comprehensive form of genetic
testing that is used to sequence an individual's entire genome. WGS covers both the
exons and the non-coding region (73).This method is useful for detecting a wide range
of genetic abnormalities, including small mutations and larger chromosomal changes.
WGS is valuable in research for understanding complex genetic diseases and is

recommended in clinical diagnostics (74).
24.1 Raw data processing in NGS

The most used NGS method, Illumina, generates optical files in BCL (base call
file) format, which is specific to Illumina's base calling. BCL format files consist of

data files and metadata related to the flow cell used in sequencing. The built-in
Illumina software converts these files into FASTQ files. These files are more
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manageable and can be the input for numerous bioinformatics workflows, expediting

the data analysis (Figure 6).

FASTQ is a text-based file that stores both raw sequence data and corresponding
quality scores for each nucleotide. These scores provide an estimate of the probability
of an error in the sequencing (75). A quality-control step is preferred before processing
with further analysis using tools for quality check such as FASTQC (76). FASTQ files
also involve the information on sequencing adapters used in library construction
compatible with the sequencing device. Prior to further processing the sequencing
data, these adapters should be trimmed to avoid misinterpretation of the sequencing

data with tools like Trimmomatic (77).

)

Variant calling
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. Post-alignment processing,
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Figure 6. The workflow of NGS data processing.

The illustration above summarizes a basic bioinformatics workflow employed to
process NGS data.

Trimmed and ready-to-analyze sequencing files are used for aligning the reads to
the reference genome assembly. These alignment processes are done via genomic
analysis tools called aligners such as bwa / bwa-mem2 (Burrows-Wheeler Alignment-
maximum exact matches) (78-80), SNAP (Scalable Nucleotide Alignment Program)
(81, 82) etc. After the alignment, a SAM (sequence alignment map) and BAM (binary
alignment map) files are created. BAM is the machine-readable, binary format of the

SAM file and preferred for downstream analysis (83).

Alignment data is checked for the base quality score recalibration (BQSR),

duplicate marking, and removal. These steps can be performed via various
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computational tools available, such as elPrep (84, 85). In BQSR, bases receive
recalibrated quality scores that are more precise, achieved by identifying systematic
errors in the sequencing machine's estimations of each base call's accuracy. In
duplicate removal, the possible PCR duplicates created during library preparation are
located and tagged in a SAM/BAM file (86). These are then removed to avoid
overrepresentation of biases for an original molecule due to amplification steps.

Then the data is used in variant calling. With variant calling, the genomic positions
where the aligned reads differ from the reference genome are identified. There are
several variant callers available to use in this step, such as HaplotypeCaller, which is
also preferred by GATK (Genome Analysis Tool Kit) BestPractice (86), FreeBayes
(87), BCFTools (88), DeepVariant (89) etc.

The variant caller algorithms give an output file called VCF (variant call format),
which is a tab-limited text format file composed of a list of variants. This list consists
of each position and allelic change detected in the processed genomic data, with

respect to the reference genome (90).

2.4.2 Variant annotation

Once the genomic data has been processed, a VCF file is generated, containing all
detected genomic variations. To understand the impact of these variants, an additional

process known as "annotation” must be carried out.

Annotation is a critical process in associating variants with phenotypic outcomes
where the variants are endowed with functional information (91). This information can
vary from associating the variant based on its evolutionary conservation (92), its
located gene & the gene’s biological function (93, 94), related protein’s structural
properties (95, 96), the variant’s prevalence in the population (97, 98), drug
associations (99), computational predictions, etc. (91, 100, 101). The resources and
databases utilized for annotation can be categorized into four groups.
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2.4.2.1 Functional annotation

Functional annotation of genomic variants utilizes several resources and databases
to identify variations and associate them with biological implications. Gene Ontology
(GO) terms are provided in a list of words as a vocabulary designated for gene product
attributes across species, grouping the terms into three main categories biological
processes, cellular components, and molecular functions (93, 94). KEGG (Kyoto
Encyclopedia of Genes and Genomes) pathways offers a collection of databases, that
map genomic variants to specific pathways that curate genomic data, biological
pathways, diseases, drugs, and chemical substances (102). STRING (Search Tool for
the Retrieval of Interacting Genes/Proteins) database, on the other hand, provides
protein-protein interaction information for understanding the network context of

genomic variants that might affect protein interactions and signaling pathways (103).

Similar to GO (93, 94) terms, Human Phenotype Ontology (HPO) provides
phenotypic abnormalities in human diseases dictionary, useful in associating
phenotypic abnormalities to genomic variants (104). The HPO enables the annotation
of human diseases with specific phenotypic descriptors, facilitating the identification
of phenotypic similarities between diseases and their associated genetic causes. This
is especially valuable in the field of rare diseases, where genomic variants often lead

to unique and specific phenotypes.

One other important annotation is Online Mendelian Inheritance in Man (OMIM)
(105), which is an essential database focusing on the association between human genes
and genetic disorders, similar to HPO. Managed by the McKusick-Nathans Institute of
Genetic Medicine at Johns Hopkins University, OMIM provides details on genotypes-
phenotypes associations, and the genetic background of numerous diseases (106).

2.4.2.2 Population allele frequency-based annotation

Evaluating a variant’s population allele frequency information relies on its

prevalence within different populations. Frequency of each variant in a given

19



population is crucial for determining the variant's potential impact on health and
disease (97, 98, 107). In this context, the variants are commonly observed in the
population often considered benign and/or low-impact, while the variants that are not

can be associated with pathogenic effects (108).

Databases like the Exome Aggregation Consortium (ExAC) (109), 1000 Genome
Project (LKGP) (98), and the Genome Aggregation Database (gnomAD) (97) provide
extensive data on allele frequencies across diverse populations, enhancing the
understanding of genetic diversity and its implications for health and disease (110). In
addition, there are also resources that represent specific ethnicities/populations, which
can specifically be used when dealing with sequencing data coming from a population
of interest. Great Middle Eastern (GME) Project (111), Iranome Project (112), and
Chinese Millionome Database (CMDB) (113) can be given as examples for these

databases.

2.4.2.3 In-silico pathogenicity predictors

In silico pathogenicity predictors (ISPPs) are computational tools used to assess
the pathogenicity of the variants. These ISPPs are crucial, as they provide a rapid and
cost-effective evaluation of the potential impact of a variant. In consideration of
various aspects, such as sequence conservation, protein structure, and functional
impact, these predictors are designed to aid in distinguishing pathogenic from benign
(91-96, 100, 101).

ISPPs that are most frequently used in practice (Table 1) involve predictors with

algorithms that focus on sequence-based evolutionary conservation, protein structure

and function, and ensemble ones with integrated approaches.
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Tablel. In-silico pathogenicity predictors (ISPP) table. The table shows the most
frequently used ISPPs with rank scores available in dbNSFP (114, 115) as of March
2024. Definitions of ISPP acronyms were written below the name of the ISPP, if

available. (continued)

Predictor

Subtype, if any

Basic Information

Reference

GERP
Genomic Evolutionary Rate
Profiling

_RS: rejected substitution

identifies evolutionary
constrained elements in
multiple-species alignments
by comparing rates of
nucleotide substitutions

(92)

phyloP

17way: primate species list
100way: vertebrate species list
470way: mammalian species
list

measures evolutionary
conservation at individual
alignment sites by assessing
the likelihood of observing
the given number of
substitutions under a neutral
model

(116)

phastCons

17way: primate species list
100way: vertebrate species list
470way: mammalian species
list

estimates the probability of
each nucleotide being
conserved based on a
phylogenetic hidden Markov
model

(117)

SiPhy

29way: mammalian species
list

utilizes patterns of nucleotide
substitution and
insertion/deletion events to
identify regions under
evolutionary constraint

(118)

bStatistic

LIST-S2
Local Identity and Shared
Taxa-S2

quantifies the degree of
background selection at a
given site in the human
genome

(119)

assesses local sequence
conservation and shared taxa
to predict pathogenicity

(121)

FATHMM
Functional Analysis through
Hidden Markov Models

_MKL: multiple kernel
learning (122)
_XF: eXtended features (123)

predicts the functional
effects of missense variants
using hidden Markov models

(124)
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Tablel. In-silico pathogenicity predictors (ISPP) table. The table shows the most
frequently used ISPPs with rank scores available in dbNSFP (114, 115) as of March
2024. Definitions of ISPP acronyms were written below the name of the ISPP, if

available. (continued)

Predictor Subtype, if any Basic Information Reference
predicts whether an amino
acid substitution affects
SIFT rotein function based on
Sorting Intolerant from _4G: for genomes P (101)
sequence homology and the
Tolerant ) . -
physical properties of amino
acids
uses a machine learning
EVE approach to predict the
Evolutionary Model of functional impact of coding (125)
Variant Effect variants based on
evolutionary information
assesses whether a
LRT nonsynonymous (amino acid
Likelihood Ratio Test changing) variant is likely to (126)
be pathogenic based on a
likelihood ratio test
predicts the impact of amino
_Rerare acid substitutions on protein
VARITY _ER:extremely rare function, has subtypes on (127)
_R/ER-LOO:leave-one-out rare and extremely rare
variants, with LOO approach
predicts the functional impact
MutationAssessor of amino ac_ld substitutions in (128)
proteins based on
evolutionary conservation
predicts disease-causing
MutationTaster2 potential of genetic variants (129)
including SNPs and indels
VEST4 oproach 0 score the
Variant Effect Scoring r? proach £ mi (130)
Tool pathogenicity of missense

mutations
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Tablel. In-silico pathogenicity predictors (ISPP) table. The table shows the most
frequently used ISPPs with rank scores available in dbNSFP (114, 115) as of March
2024. Definitions of ISPP acronyms were written below the name of the ISPP, if

available. (continued)

Predictor

Subtype, if any

Basic Information

Reference

PROVEAN
Protein Variation Effect
Analyzer

MutPred

PrimateAl

DEOGEN2

AlphaMissense

predicts whether a protein
sequence variation is likely to
be deleterious

(131)

predicts the potential
pathogenic effects of AA
substitutions in humans

(132)

predicts disease-causing
variants based on a deep
learning model trained on
primate data; the
human-+primate deep
learning network

(133)

incorporates heterogeneous
information about the
molecular effects of the
variants, the protein domains,
and gene interaction
information

(134)

makes variant effect
prediction proteome-wide,
focuses on missense variants;
a deep learning model that
builds on AlphaFold2 for
protein structure predictions

(135)

PolyPhen2
Polymorphism
Phenotyping v2

_HDIV & _HVAR: two data
sets

makes predictions for AA
substitutions on the protein
structure and function using
physical and comparative
considerations

(100)

fitCons
fitness Consequences

integrated_fitCons
GM12878(human
lymphoblastoid cells)_fitCons
H1-hESC(human embryonic
stem cells)_fitCons
HUVEC(human umbilical vein
epithelial cells)_fitCons

assesses the selective
constraint on individual
nucleotides within genomic
regions

(136)
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Tablel. In-silico pathogenicity predictors (ISPP) table. The table shows the most
frequently used ISPPs with rank scores available in dbNSFP (114, 115) as of March
2024. Definitions of ISPP acronyms were written below the name of the ISPP, if

available. (continued)

Predictor

Subtype, if any

Basic Information

Reference

MVP
Missense Variant
Pathogenicity prediction

prediction method that uses
deep residual network to
predict the effect of missense
variants

(137)

BayesDel

_NnoAF: no allele frequency
information added
_addAF: allele frequency
information added

combines multiple predictors

using a Bayesian framework,

utilizes the approach PERCH

(Polymorphism Evaluation,

Ranking, and Classification
for a Heritable trait)

(138)

CADD
Combine Annotation
Dependent Depletion

_19: considers hg19 as the
reference genome

integrates multiple
annotations into a single
metric to predict the
deleteriousness

(139)

DANN

a deep learning approach that

utilizes a neural network for

prediction, trained on CADD
data

(140)

Eigen_coding

_PC: principal component,
uses the lead eigenvector for
weighting annotations

uses a machine learning
model to predict the
functional effect of coding
variant

(141)

GenoCanyon

ClinPred

MetaSVM

statistical method to predict
functional regions in the
human genome

(142)

predicts the pathogenicity of
missense variants based on
clinical data

(143)

support vector machine-
based method integrating
multiple predictors to assess
variant pathogenicity.

(144)
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Tablel. In-silico pathogenicity predictors (ISPP) table. The table shows the most
frequently used ISPPs with rank scores available in dbNSFP (114, 115) as of March
2024. Definitions of ISPP acronyms were written below the name of the ISPP, if

available. (continued)

Predictor Subtype, if any Basic Information Reference
uses logistic regression to
MetaLR integrate multiple variant (144)
effect predictors.
recurrent neural network
MetaRNN approach integrating various (145)
predictors
M-CAP predicts the pathogenicity of
Mendelian Clinically missense variants in (146)
Applicable Pathogenicity Mendelian disorders
e e o
Rare Exome Variant ph S0p f (147)
Ensemble Learner pat .ogenICItyc_J rare
missense variants
MPC combines missense
Missense badness, deleteriousness, PolyPhen-2, (148)
PolyPhen-2, Constraint and constraint scores
ESM1b uses evolutionary modeling
Evolutionary Scale to predict the effects of (149)
Modeling protein mutations
LINSIGHT . .
. predicts functional
Linear Inference of significance of genomic
Natural Selection from gnihic g (150)
. variants based on
Interspersed Genomically - .
evolutionary conservation
coHerent elemenTs

2.4.2.4 Clinical significance

Several databases and annotators are used in interpreting the implications of the
variant on human health. ClinVar is the most frequently accessed resource for clinical
significance assessment, offering an archive for relationships between variations and

phenotypic outcomes. Through ClinVar, interpretation of clinical significance and
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submission information can be reached, especially when the variant was previously
reported to the database with similar phenotypic effects (151). Likewise, the Human
Gene Mutation Database (HGMD) provides a comprehensive variant set associated
with inherited disease, which can be pivotal in clinics (152). Over and above, a
comprehensive variant archive for genetic variations with their functional annotations

is presented as dbSNP (Database of Single Nucleotide Polymorphisms) (153)

Concerning cancer, somatic variations are recorded and annotated in COSMIC
(Catalogue Of Somatic Mutations In Cancer). COSMIC’s data comes from broad-scale
projects and systematic literature review, offering information on molecular genetics
of cancer (154). Aside from functional annotators that focus on variant-associated
disease pairs, genotype-phenotype correlations and drug interactions can be
investigated with such databases like PharmGKB (99).

2.5 Variant Interpretation and Prioritization

After completing the processing and annotation of raw genomic data, analysts
handle a list containing tens of thousands of variants from WES and millions from
WGS. The critical task for variant analysts is to interpret and prioritize these variants
to identify the causal variant(s) linked to the phenotypic outcome, thereby reaching a

definitive conclusion (155).

With the functional association by annotation, the variants can be ranked in terms
of clinical importance and/or relevance such as their genomic location, sequence
ontology, scores from ISPPs and other methods, including assessing the variant's

frequency in the healthy population (91).

The criteria mentioned above for variant prioritization were published by the
ACMG (American College of Medical Genetics and Genomics)/AMP (American
Association of Molecular Pathology) in 2015 (10) in a consolidated form as a guideline

for the interpretation of sequence variants.
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2.5.1 ACMG/AMP standards and guidelines for Mendelian disorders

The era of genomics has been evolving rapidly year by year and the clinical
laboratories were taking advantage of these opportunities and performing various

types of genetic tests for understanding the backgrounds of genetic diseases.

This expansion and improvement in genetic testing have resulted in new
challenges. In this context, in 2013 (years after publishing their first for the
interpretation of sequence variants guidance in 2007 (156), ACMG (American College
of Medical Genetics and Genomics) and representatives from AMP (Association for
Molecular Pathology) and the College of American Pathologists (CAP) gathered as a
group which also included clinical laboratory directors and clinicians to revise the
previously recommended criteria for the variant interpretation. They published a new
recommendation report, the standards, and guidelines for the interpretation of

sequence variants as a joint consensus in May 2015 (10).

In this report, they introduced a standardized terminology for variant

nn

classification: “pathogenic," "likely pathogenic," "uncertain significance," "likely
benign,” and "benign” to describe variants located on genes that are associated with
Mendelian disorders. Furthermore, this guideline outlines a method for categorizing
variants into these five groups, based on variant evidence such as population,

computational, functional, and segregation data (Figure 7).
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Figure 7. ACMG variant classification evidences (10)

2.6 Variants with Uncertain Significance

The interpretation of the variants with uncertain significance (VUS), particularly
when they are missense variants, is presented as a complex issue in diagnostics, due to
their potentially subtle impact on gene function (6-8, 10, 36). The primary challenge
is the lack of definitive evidence to classify missense VUS as either pathogenic or

benign, when there is insufficient or conflicting data (10).

The uncertainty in VUS interpretation can arise from limited population data,
inadequate functional studies, and a nascent understanding of genetic variations (157).
This complexity often leads to challenges in risk assessment and management in
clinical settings, making it difficult for healthcare providers to offer clear guidance to
patients (12-14).
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To address these challenges, computational predictive models are used to assess
the pathogenicity of genetic variants, although they have limitations in prediction
accuracy (9, 11, 12). Assays such as MAVE (Multiple Assays for Variant Effects) are
mainly used to detect a variant's functional impact (158), but they are not feasible for
all possible variants, they are labor-intensive and can be challenging to interpret (36).
The information reached through population frequency databases can also be useful to
interpret upon a variation’s prevalence, although this is limited by the representation

of the gene/variant of interest and of the population in the database (10, 110-113).

Interpretation of missense VUS involves a coordinated method with
computational modeling, functional insights, and population frequency data. The
everlasting challenge in the field lies in developing more expansive databases,
enhancing predictive algorithms, and increasing the scope of functional studies all
together to improve the pathogenicity prediction and interpretation accuracy (155,
158-160).

2.7  Conflicting Computational Prediction in Variant Interpretation

In genetics and genomics, computational predictors are developed to mainly
predict the potential implications of the variants on a disease and/or condition (91, 100,
101). In spite of their common usage, they have limited prediction ability, and it is
crucial to understand how they work, and one needs to be cautious when interpreting
the results (9-11).

The limitations of these tools can arise from several reasons. One of which is the
input data quality used in the construction of the model. Prediction errors can be
resulted from a deficient or inaccurate dataset (161). Also, as the scope of the predictor
expands, the required data to process would also grow, hence the operation would need

more computational power and memory capacity.

Pathogenicity predictors might yield inconsistent results due to the different input

datasets that they use or their methodological approaches (162). Such controversial
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results can affect practical applications in clinical genetics and diagnosis drastically as
they are accepted to be decision-makers (9, 11-14).

The ACMG/AMP 2015 guideline for sequence variant interpretation accepts the
evidence from computational predictors in PP3 criterion as “supporting” level by
default. PP3 criterion is recommended to be used in the final classification only if there
is an agreement among the pathogenicity prediction tool results (10).There have been
initiatives in this regard to compare these tools performance to evaluate their prediction

accuracy (163).

The exponential data accumulation and regular updates in datasets gives
promising results in the development of such approaches. As data accumulates and
knowledge on known variants’ clinical significance expands (151), integrating
information and combining multiple methodologies together assisted with statistical

approaches has a potential to strengthen these assessments (163).

2.8 Clinvar

ClinVar (151) is an open-access human genetic variation archive, managed by
National Institutes of Health (NIH). ClinVar not only consists of the variants but also

their clinical significance on human diseases.

The clinical significance interpretations and assertions for the variants are
submitted to ClinVar by clinical testing and research laboratories, expert panels, and
other groups. Variant submission includes the description of the variant, and various
information related to the variant such as the associated condition or disease, and its
interpreted clinical significance. Additionally, submitters can provide the observed
inheritance pattern and any evidence on the variant interpretation to support their

submission (151).

Each variant submission in ClinVar is appointed with a review status. The review

status is to aid the user in understanding how much the interpretation is supported. The
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review status assigned to the variant record is constructed on the submission criteria

(151).

Table 1. The review status and star assignment for ClinVar (151) variants.

Number of gold stars

Review status

Description

*kkk

practice guideline

practice guideline

**k*

reviewed by expert panel

reviewed by expert panel

**

criteria provided, multiple
submitters, no conflicts

Two or more submitters with
assertion criteria and evidence (or a
public contact) provided the same
interpretation.

criteria provided, conflicting
interpretations

Multiple submitters provided
assertion criteria and evidence (or a
public contact) but there are
conflicting interpretations. The
independent values are enumerated
for clinical significance.

criteria provided, single submitter

One submitter provided an
interpretation with assertion criteria
and evidence (or a public contact).

no assertion for the individual variant

The allele was not interpreted directly
in any submission; it was submitted
to ClinVar only as a component of a

haplotype or a genotype.

no assertion criteria provided

The allele was included in a
submission with an interpretation but
without assertion criteria and
evidence (or a public contact).

no assertion provided

The allele was included in a
submission that did not provide an
interpretation.

All the data in ClinVar, weekly-updated on Mondays, can be reached through the

ClinVar FTP site and is available in several formats. ClinVar, as of 9 December 2023,

has more than 3.5 million submissions, approximately 2.5 million of them being

unique variation records coming from a total of 2696 submitters (151).
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2.9 dbNSFP

dbNSFP (database for nonsynonymous SNPs' functional prediction) is a database
constructed for a comprehensive annotation that includes all potential single
nucleotide variations (SNVs) in the human genome (114, 115).This extended variant
list includes in total 84013490 non-synonymous and splice-site SNVs.

The current version of dbNSFP (version 4.5) is available as of 2 November 2023
and it gathers 52 in-silico pathogenicity predictors, 9 of them being evolutionary
conservation scores and 43 of them being prediction algorithms. Three (144, 145) out
of these 43 are developed by the doNSFP researcher team. dbNSFP not only compiles
prediction scores but also additional relevant information on the variants from various
allele frequency databases, functional annotation on corresponding genes, expression
and interaction data, etc., which enables a comprehensive variant interpretation
process by doNSFP (114, 115).

Here, we introduce the VAMPP-score (Variant Analysis with Multivariate
Pathogenicity Prediction-score), an innovative in-silico pathogenicity prediction
(ISPP) score specifically designed for missense variants. This score is crafted using a
statistical framework that incorporates multiple and pairwise comparison tests, with
functions to estimate ISPP performances on variant group distribution. It leverages the
best gene-ISPP matches. With its statistical foundation, the VAMPP-score serves as a

valuable tool for clinicians in making diagnostic decisions.
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3 MATERIALS AND METHODS

VAMPP-score is based on multiple and pairwise comparison tests, as well as
proximity and mean difference calculations, among variant groups defined under three

as Pathogenic, Benign, and Unknown. The methodology is detailed below.

3.1 Material

3.1.1 In-silico pathogenicity predictors (ISPPs) considered

ISPPs for variant interpretation in this study were selected based on their pre-
calculated score availability in the database of human nonsynonymous SNPs
(dbNSFP, version 4.7A) and their functional predictions (114, 115). In this context, a
total of 52 pathogenicity scores were included. LINSIGHT (150) & GenoCanyon (142)
and CADD_19 (139) scores were eliminated since they target the non-coding regions
of the genome and are based on the genome assembly hgl9, respectively. The
predictors included in the analysis were further categorized into four groups (Figure 8,
see also Tablel for ISPP details).
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Figure 8. ISPP categorization.

The ISPPs available in doNSFP4.7A (114, 115)were categorized into four groups
based on their prediction approaches. Category A represents the ISPPs that make their
prediction based on evolutionary conservation on the nucleotide sequence level. The
ISPPs that are listed under Category B make their prediction based on evolutionary
conservation on amino acid sequence level and are designed to focus on missense
variant pathogenicity prediction mainly. Category C represents the ISPPs that can be
defined as meta-predictors that integrate multiple parameters into their prediction
algorithm, such as evolutionary conservation, biological function, protein structure,
and/or population frequency data. The final category, Category D, is composed of
ISPPs that integrate multiple parameters into their prediction algorithm, as well as
using multiple prediction scores and/or algorithms for their final scoring.

In downstream analysis, to maintain consistency and ease of analysis, the ranked
scores for each ISPP were chosen as 0-to-1. The higher scores were indicative for

pathogenicity, and lower scores indicated benign characteristics.
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3.1.2 Dataset curation

3.1.2.1 The dbNSFP database

All possible single nucleotide variations in the human genome, over 84 million
variants, with their corresponding information provided by doNSFP4.7A (114, 115)
was used to create a DuckDB (164) database (Figure 9), which allows fast and efficient
querying and extraction of the initial dataset based on specified criteria of choice for

downstream analysis.

Figure 9. Schematic representation of the database structure.

A. The figure shows the DuckDB (164) database structure. The database mainly
consists of twenty-five tables: canonical_transcripts_Jan2024 and doNSFP4_7a data
for each chromosome 1-22, X, and Y. The canonical_transcripts_Jan2024 table has
the canonical transcripts available in the Ensembl.release 111 (165) for the genes in
human genome chromosomes 1-22, X, and Y. dobNSFP4_7a chromosome tables
include all the data provided in doNSFP v4.7A (114, 115). temp_clinvar represents the
ClinVar (151) variant summary data that is updated weekly, which can be reached
through the ClinVar FTP site. All the data available in the ClinVar variant summary
Is integrated as a temporary table, hence named temp_clinvar, which is then used for
the variant list querying and matching variant information among the tables. B. The
figure shows the general structures of the input and output datasets. The three tables
located on the top of the figure, before query extraction, correspond to the database
tables shown in A. The final variant list was exported as a parquet file, which is a
column-oriented format for efficient storage and retrieval. It provides efficient data
compression and encoding schemes with enhanced performance to handle complex
data in bulk (166). The extracted file consists of the matching variants from ClinVar

35



(151) with their corresponding ISPP rank scores for the statistical analysis and further
downstream applications.

DuckDB (version 0.9.3-dev) uses an architecture storing data in columns instead
of rows. This columnar storage in the DuckDB database management system allows
for the efficient writing and reading of data, accelerating the query return. Considering
the volume and complexity of the genomic data, this architecture becomes crucial for
handling and manipulating the data (167). DuckDB (164) is also compatible with
Python and R languages, which enhances its accessibility and handling for researchers
in genomics without profound data science and data management expertise. DuckDB
also supports fast schema changes and updates, which are important for databases

requiring frequent modifications.

The utilization of DuckDB (164) was preferred for the reasons mentioned above,
especially because of the need for an updatable database. The datasets integrated into
the structure are composed of genomic variation data (Figure 9), at least one of which
is known to get updated weekly (151) (Section 3.1.2.3, variant summary). In addition,
the dbNSFP (114, 115) data has been getting updates more frequently for the past two
years (168), due to advancements in the field, development of new computational

predictors, updates, and error fixes.

3.1.2.2 Canonical transcript mapping

Multiple sequence ontology annotations for variants chosen to be included in the
analysis were aimed to be avoided. For this, canonical transcript IDs for each gene
based on Ensembl Release 111 (January 2024) (165) were integrated into our DuckDB
(164) database as a new table. During query extraction, variants that have matching
transcript IDs within dbNSFP (114, 115) and the reference variant list in pathogenicity
assessment from ClinVar (151) were chosen upon Ensembl (165) canonical transcripts
(Figure 9).
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3.1.2.3 The up-to-date ClinVar variant summary data

The updated ClinVar (151) variant summary data was incorporated as a reference
variant list for pathogenicity assessment (March 2024). The variant summary data was
accessed through the ClinVar FTP site, and it was pre-filtered based on the following
criteria: missense variants, annotated according to the genome assembly GRCh38
annotations with unspecified review status. The variants were further refined upon
their clinical significance to avoid the involvement of conflicting interpretations and
to ensure that more evident clinical outcomes were included in the analysis.
Accordingly, the variants with the following clinical submissions were kept:
Pathogenic (P), Likely pathogenic (LP), Pathogenic/Likely pathogenic (P/LP),
Uncertain significance (VUS), Likely benign (LB), Benign/Likely benign (B/LB), and
Benign (B).

It was strategically chosen to utilize the ClinVar variant list without imposing
restrictions on the review status of the variants, a decision primarily influenced by the
need to increase statistical power of the analysis. Since the restriction of the variants
according to their review status significantly reduces the number of variants in the list,
this inclusive approach of no-restrictions allows for a more comprehensive
examination of the variants with known clinical significance with at least a submission

level to a database.

3.1.2.4 Final variant dataset

VAMPP-score utilizes the best gene-ISPP matches by integrating several
parameters into the calculation, including the results from statistical tests and
proximity metrics. In order to conduct these tests and calculate these metrics, a final
variant dataset with the required information was created. This dataset
(ClinVar_variant_summary_March24) was generated based on canonical transcript ID
(section Materials 3.1.2.2) and refined ClinVar (151) variant data (section Materials
3.1.2.3) transcript ID-match status, querying a list of variants with the necessary
information available in doNSFP (114, 115) (section Materials 3.1.2.1). Due to the
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size of the dbNSFP dataset, only specific columns, including general information on
the variants and ISPP scores and rank scores, were extracted to avoid irrelevant

information handling and computational exceeding.

The final variant dataset consisted of 1162673 variants of three main variant
groups as Pathogenic, Benign, and Unknown on 17712 unique genes (Figure 10).
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All the data used for curation in this thesis is publicly available in dbNSFP (114,
115), Ensembl (165), and ClinVar (151).

3.2 Methods
3.21 VAMPP-score calculation

The VAMPP-score is designed as a pathogenicity score calculated based on the
gene-based prediction accuracy of the ISPPs combined with the ISPP rank scores
available in dbNSFP (114, 115) for each variant. It consists of four main components
that can be divided into two main sections (Section 3.2.2 Statistical Framework and
Section 3.2.3 Variant Group Distribution Metrics) that combine within a weighted
gene coefficient (M) assigned to each gene for each ISPP (gene-ISPP pair). The
VAMPP-score also has a fifth component, which is the individual ISPP rank scores

for each variant.
3.2.1.1 Weighted gene coefficient (M)

Weighted gene coefficient (M) is defined as the multiplier specific to each gene-
ISPP duo based on ISPP accuracy for the gene of interest according to the multiple
and pairwise comparison test results, along with variant group distribution metrics
(Figure 11), explained in detail in the following sections. In short, M is the combined
value assigned to each gene-I1SPP pair, which was later used to calculate the VAMPP-

score for each variant.
M = (1 — P)(1 — Pp)(d)(s)

Figure 11. Function for the weighted gene coefficient (M).
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The function shows the elements used in weighted gene coefficient (M) calculation. In
this formula, ‘P’ represents the p-value (probability value) from Kruskal-Wallis and
‘Ppp’ represents the p-value from the Wilcoxon-rank-sum test for pathogenic-benign
comparison of each gene-ISPP pair. Both p-values are used after subtracting the values
from 1 to reflect significance with decreased p-value. ‘d’ represents the proximity
value, and ‘S’ represents the mean difference, both indicating ISPP performance on
variant group distribution.

M in VAMPP-score calculation meets different criteria for prediction accuracy,
hence aiming to weaken the effect of conflicting results by ISPPs as much as possible.
With gene-specific ISPP performance values, VAMPP-score decreases the
contribution of the inaccurate predictors to the final score, while increasing it for more

accurate ISPPs.

3.2.2 Section 1. Statistical framework

ISPP scores do not often follow a normal distribution, which is represented with
a bell-shaped curve symmetrical around the mean. In normally distributed data, there
Is an accumulation of the data near the mean, and there are less data points far from
the mean (169), hence creating a bell-shape as a graph. However, in the case of
genomic data, including pathogenicity scores, there are generally several extreme
values that might be lower or higher than the average, creating outliers in the data. Due
to these outliers which are less represented in the data set, the distribution is more
likely to get skewed, and have a tail; following a non-normal distribution (170, 171).
Several factors, such as the categorical nature of the data, various methodologies,
contradictory interpretations, outliers, and others cause the non-normal distribution of
the data. The resulting scores are variable and may not reflect the “actual” consequence

of the variant but just indicate the algorithm’s prediction (171-173) .

As a part of the VAMPP-score, a statistical framework of multiple and pairwise
comparisons were created. Firstly, for multiple comparisons, Kruskal-Wallis test (174)
was chosen based on the properties of the input dataset. It was used for each gene-
ISPP pair to determine if there is a significant pathogenicity score difference (p<0.05)

among the three independent variant groups, Pathogenic, Benign, and Unknown.
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Kruskal-Wallis is a non-parametric, distribution-free test used to determine if there are
any significant differences between three or more groups of variables to be analyzed.

Subsequently, the Wilcoxon-Rank-Sum test (175) was applied for each gene-ISPP
pair to detect a significant difference in scoring (p<0.05) among variant groups. These
groups were “Pathogenic vs. Benign”, “Pathogenic vs. Unknown", and “Unknown vs.
Benign”. Similar to Kruskal-Wallis (174) , Wilcoxon rank sum is a non-parametric,
distribution-free statistical test. Due to the non-normal distribution of the input data
used, it was chosen to be the test to compare variant groups in pairs. By utilizing
Wilcoxon-Rank-Sum, it was aimed to determine how the variant groups differ from

each other and/or whether or not they come from the same distribution.

The ISPPs with p-values (probability values) less than 0.05 were integrated into
the VAMPP-score as a part of the weighted gene coefficient calculated for each gene-
ISPP pair. In this context, the ISPPs with p-values less than 0.05 from multiple
comparisons and ISPPs with p-values less than 0.05 from Pathogenic vs. Benign
pairwise comparisons were included in the calculation with their p-values subtracted

from 1 to reflect the power of the ISPP’s significance.

3.2.3 Section 2. Variant group distribution metrics

3.2.3.1 Proximity (d)

The proximity (d) estimation function (PEF) is based on the assumption of how
the three predefined variant groups should be distributed by means of assigned
pathogenicity scores by each ISPP. In this context, the means of each variant group for
each gene-ISPP pair were calculated and integrated with the VAMPP-score,

considering their ideal distribution (Figure 12).
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Figure 12. Ideal variant group distribution.

The figure shows the ideal variant group distribution for a gene based on the assigned
pathogenicity scores from each ISPP. Filled circles represent the ideal means of the
defined variant groups as Benign (blue), Unknown (orange), and Pathogenic (red).
Dashed lines represent any variant group mean for Benign (B), Unknown (U), and
Pathogenic (P) for an ISPP, respectively. “max d” represents the maximum distance,
which is the numerical expression of how much the mean of the Unknown variant
group diverges from and serves as an indicator of how it is positioned among the other
two variant groups for each gene-1SPP pair.

To calculate d, a theoretical Unknown variant group mean (U’) is defined as the
median of pathogenic and benign variant group means for each gene-ISPP pair. Then,
relying on the assumption that U’ would be equidistant from the Pathogenic or Benign
variant groups, the maximum distance (dmax) is calculated by subtracting the U’ from

the Pathogenic variant group mean (Figure 13).
T P+B D 77

Figure 13. The calculation of the elements of the proximity estimation function (PEF).

The figure shows the main components of PEF.U’ represents the theoretical mean of
the Unknown group, with regard to actual Pathogenic and Benign group means (P’ and
B’, respectively) considering the ideal variant group distribution (illustrated in Figure
12). ‘dmax’ represents the difference between the P’ and U’, indicating the maximum
distance between the groups.

dmax is defined as the numerical expression of how the Unknown variant group
mean is positioned among the Pathogenic and Benign variant groups for each gene-
ISPP pair.
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Finally, U’ is subtracted from the actual mean of the unknown variant group (U)
for each gene-ISPP pair and divided by dmax. The absolute resulting value is subtracted
from 1 to be referenced as a significant prediction accuracy value and included in the
final VAMPP-score calculation as d (Figure 14).

dmax

Proximity(d) =1 — ‘U_U_l

Figure 14. Proximity estimation function (PEF).

The figure shows the calculation of the proximity value, d. U’ represents the actual
mean of the Unknown group for a gene-ISPP pair, and the metric indicates the degree
of the ISPP on how accurately positioning the Unknown variant group in between
Pathogenic and Benign, regarding the ideal variant group distribution (Figure 12).

3.2.3.2 Mean difference

A score difference multiplier is another element of VAMPP-score, the final
element included in M, described as s. s ultimately determines the sign of M for each

gene-ISPP pair (Figure 15).

s=PFP—B

Figure 15. Function for mean difference.

Figure shows the calculation of the s, where P and B represent Pathogenic, and Benign
variant groups, respectively. s reflects the ISPPs performance on distinguishing
Pathogenic and Benign variants and positioning them accordingly to the ideal
distribution (Figure 12). s defines the sign of the final VAMPP-score since it checks
whether the Pathogenic variants were scored higher than Benign considering the rank
score range of 0-to-1.

In this context, the mean of the benign variant group is subtracted from the mean
of the pathogenic variant group in consideration of the previously defined variant

group distribution assumption (Figure 12).
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3.2.4 VAMPP-score annotation

After calculating all the parametric values of M (Figure 11), VAMPP-score was
calculated (Figure 16) for each variant available in doNSFP v4.7A (114, 115) ,then
scaled between 0 and 1 for ease of comparison.

VAMPP,ore = (l_Pkl)(l_Ppbl)(d1>(51)(11)+(1—Pk1)(l—Ppbl)(dli(sl)(zl)+ ............... (1= Py, ) (1= Py, ) (dn) (50) (@)

Figure 16. Function for VAMPP-score.

Figure shows the calculation of VAMPP-score for each variant. Here, M for the gene
of interest (Figure 11) where the variant is located is used as an impactor, and is
multiplied by the rank score of the ISPP of interest (xi, X2,,..Xn) for that variant.
Addition is performed for the number of ISPPs where there is an available M for the
gene-ISPP pair, and the sum is then divided by the number of the ISPPs included in
the calculation for the gene where the variant of interest is located.

This operation was performed for each genomic variation in a total of over 84
million, available in the dbNSFP v4.7A (114, 115). Then, the calculated VAMPP-
scores were scaled between 0 and 1 by stretching the values as the minimum value was
made equal to 0, whereas the maximum value became 1 using a linear normalization
(176).

3.2.5 Multidimensional clustering and correlation analyses

The results obtained from the multiple comparison tests were also used to
determine gene-based ISPP consistency. In this context, for multidimensional
clustering, principal component analysis (PCA) (177, 178) was performed for
categorized ISPPs utilizing ClustVis v1.0 (179) . PCA helps to reduce the
dimensionality of the data with a large set of variables, hence giving a generalized
representation of the data by still keeping all the variables (177, 178) PCA was used
to cluster ISPPs on their significance, and the unit variance scaling method was applied
to rows (Mendeliome genes) for scaling, along with SVD with imputation as the PCA
method. The ISPP performance on the Mendeliome gene list was also visualized as a
heatmap ClustVis v1.0 (179), no scaling and transformation were applied to the initial
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data, and raw p-values were observed in the original 0-1 scale. The ISPPs were
hierarchically clustered utilizing Euclidean distance (180) , based on their predictions

to observe the relationship between the prior categorization and prediction level.

ISPP performance and their variant-based pathogenicity prediction score
correlation analyses were carried out. Three different similarity matrices for ISPPs
were created and visualized utilizing Broad Institute’s  Morpheus

(https://software.broadinstitute.org/morpheus): a similarity matrix created with ISPP

p-values from multiple comparisons, and two other similarity matrices created with
the ISPP rank scores for Pathogenic and Benign group variants. The Euclidean
distance metric was used in similarity matrices. It uses the basis of Pythagoras theorem
and measures the similarity between two recorded observations (180) by detecting the
shortest distance between them. Here, it was used to detect the similarity between
ISPPs upon their p-values from multiple comparisons and within Pathogenic and

Benign variant groups upon rank scores from ISPPs.

The general distribution of the VAMPP-score throughout the genome was
visualized using a histogram by Python v.3.10.12°s Matplotlib (version 3.8.4) (181).
In addition, VAMPP-score distribution for Pathogenic, Benign, and Unknown variant
groups was plotted as a histogram, showing the variant count for each group utilizing
Matplotlib.
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4 RESULTS

41 Overview

As of March 2024, a total of 1162673 variants from canonical transcripts of 17712
unique genes were submitted to ClinVar (151) and analyzed in this study. Out of
1162673 variants, 57741 of them were classified as Pathogenic (23077 Pathogenic;
26206 Likely pathogenic; 8188 Pathogenic/Likely pathogenic), 94740 as Benign
(28875 Benign; 55273 Likely benign; 10592 Benign/Likely benign), and 1010462 as

Unknown (uncertain significance).

Out of 17712 genes analyzed, 3955 genes had at least one ISPP, which yielded
statistically significant results according to the Kruskal-Wallis test (174) (p<0.05).

13757 genes yielded no results due to limited data availability.

Among the ISPPs, MetaRNN (145) yielded significant results for the highest
number of genes (3718 genes) throughout the exome. MetaRNN was followed by
ClinPred (143) with significant results for 3615 genes, and BayesDel addAF
(BayesDel with allele frequency added) (138) for 3547 genes, making them the top
three ISPPs with the best performance (Figure 17.A).
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Figure 17. Significant ISPPs throughout the exome and gene counts.

The bar plot shows the ISPPs analyzed on the x-axis and gene counts on the y-axis.

Gene counts represent the number of genes each ISPP found to be significant in

multiple comparisons A. throughout the exome B. for the Mendeliome gene list. The

bars in the plot are colored based on ISPP categorization, shown in the color legend.

The top 8 ISPPs that are found significant for the most number of genes are the same

for both gene lists, separated from the rest with the dashed black line.

In addition, using the total final variant dataset, a “Mendeliome variant list” was

constructed by filtering the variants on disease-causing genes with Mendelian

inheritance according to the HPO (104-106). In this context, 841674 variants on 4703

Mendelian inheritance-associated genes were analyzed. Out of 841674 variants, 55253
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of them were classified as Pathogenic (22236 Pathogenic; 25085 Likely pathogenic;
7932 Pathogenic/Likely pathogenic), 67347 as Benign (20340 Benign; 37099 Likely
benign; 9908 Benign/Likely benign), and 719074 as Unknown (uncertain

significance).

Out of 4703 genes analyzed, 3193 genes had at least one ISPP, which yielded
statistically significant results according to the Kruskal-Wallis test (174) (p<0.05).

1510 genes yielded no results due to limited data availability for genes of interest.

The ISPP performance on pathogenicity predictions was observed to be the same
as throughout the exome (Figure 17.A) for the top 8 in the list (Figure 17.B). The top
8 ISPPs were listed as follows with the gene counts that they were found significant
for the exome & Mendeliome: MetaRNN (145) with 3718 & 3027genes, ClinPred
(143) with 3615 & 2960 genes, BayesDel addAF (138) with 3547 & 2895 genes,
VEST4 (130) with 2979 & 2441 genes, AlphaMissense (135) with 2944 & 2400 genes,
BayesDel noAF (138) with 2900 & 2368 genes, MetaLR (144) with 2779 & 2279
genes, and VARITY_R ( VARITY for Rare) (127) with 2761 & 2264 genes.

Five out of eight ISPPs (MetaRNN, ClinPred, BayesDel addAF,
BayesDel noAF, MetaLR belong to category D, 2 ISPPs (AlphaMissense and
VARITY _R to category C, and 1 ISPP (VEST4) to category B (Figure 8).

The ISPPs evolved from the fitCons (136) algorithm were found to be significant
for the least number of genes throughout the exome and Mendeliome for an average

of 740 and 560 genes, respectively.

It was also shown that two ISPPs were separated from their fellow ISPPs in their
categories. FATHMM (124) from category B was found to be significant for 1429 and
1183, in addition to EVE (125) from category D with 1254 and 1073 genes for exome
and Mendeliome, respectively.
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4.2 Multidimensional Analysis
4.2.1 ISPP significance on Mendeliome

The principal component analysis (PCA), performed with ClustVis v1.0 (179),
showed the ISPP clustering for Mendeliome (Figure 18).
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Figure 18. Principal component analysis on ISPPs for Mendeliome.

A. Principal component analysis (PCA) shows clustering of the ISPPs. Dotted ellipses
in different colors represent the areas where ISPPs in the same category reside; colors
represent ISPP categorization, as shown in the legend. The plot was created based on
the first two principal components (PC1 and PC2). B. Scree plot shows the explained
variances from PCA. Variance percentages in the y-axis show the volume of the data
represented in the corresponding component.
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ISPPs in Category A were the most dispersed. In contrast, Categories B, C and D
were clustered together (Figure 18, Figure 8). In Category B, the FATHMM (124) was
located further away and separately from its category (Figure 8, Figure 18). The mean
p-value for FATHMM was calculated as 0.249, whereas the rest of the ISPPs in
category B had p-values in the range of 0.067-0.249 (FATHMM with the p-value-

maximum), with a mean of 0.135.

The heatmap (Figure 19) showed that MetaRNN (145), ClinPred (143) and
BayesDel_addAF (138) showed the highest consistency. The variances among p-
values for these ISPPs were calculated as 0.004, 0.005, and 0.006, respectively. The
variance was shown to be decreasing from category A to category D ISPPs (Figure 8)
with the means of 0.079, 0.045, 0.036, and 0.031, respectively. As the variances
decrease, the variability among p-values for the ISPPs in each category decreases. This
indicates the consistency between ISPPs that are grouped together.
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Figure 19. The ISPP correlation heatmap of multiple comparison p-values for the
Mendeliome.

The correlation heatmap for Mendeliome of the p-values from multiple comparisons
for ISPPs. The dendrogram on the top of the figure shows the hierarchical clustering
using the Euclidean distance of the ISPPs, whereas the dendrogram on the left shows
the hierarchical clustering result of the Mendeliome genes. ISPP categories are
represented by four different colors: red, blue, green, and purple for Category A, B, C,
and D, respectively. The color scale for the heatmap was set to be between 0 and 1,
ranging from blue to red, which represents the p-values for each gene-ISPP pair. No
transformation or scaling was applied to the p-values.

In addition, the dendrogram showed that the ISPPs that were categorized in the
same group were clustered together, indicating that prior ISPP categorization executed
in this study (Figure 8) corresponds to the prediction performance and ISPP similarity,
starting from the tightest clusters with a couple of exceptions (Figure 19). The
exceptions represent the clustering of three ISPP pairs that belong to different
categories. Two of the three pairs were clusters of ISPPs from adjacent categories:
phyloP100way-V (116) and fathmm-MKL (FATHMM with multiple kernel
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learning)_coding (122) from categories A and B; DEOGEN2 (134) and PROVEAN
(131) from categories B and C, respectively. The last pair was VEST4 (130) from
category B and BayesDel _noAF (138) from category D.

FATHMM (Functional Analysis through Hidden Markov Models) (124) from the
category B showed variability (Figure 18, Figure 19) with a variance of 0.077 from
both category B ISPPs and gave more inconsistent results than the other scores that
evolved from itself with variances of 0.056 and 0.044 for fathmm-MKL (122) and
fathmm-XF (FATHMM with eXtended Features) (123), respectively.

Within category A ISPPs (Figure 8), pathogenicity scores evolved from phyloP
(116) whereas scores evolved from the fitCons (fitness consequences score) (136)
algorithm showed the most variability. GERP++_RS (Genomic Evolutionary Rate
Profiling-rejected substitution) (92) had a smaller variance than 17_way_primate but

showed more variability than 100-way_vertebrate and 470way-M approaches.

The variability within phyloP (116) & phastCons (117) algorithms was shown to
follow the same pattern as most variable to least: 17_way_primate: 0.083 & 0.080,
470way-M: 0.064 & 0.079, and 100-way_vertebrate: 0.055 & 0.070. bStatistic (119)
was shown to rank with having the second most variability with 0.088, after fitCons
algorithms. The individual scores from fitCons (136) algorithm showed slight
differences in the variability of their p-values among Mendeliome (integrated_fitCons:
0.0923; GM12878(human lymphoblastoid cells) fitCons:0.0917, H1-hESC(human
embryonic stem cells)_fitCons: 0.0936, and HUVEC(human umbilical vein epithelial
cells)_fitCons: 0.0918).

A similarity matrix for the ISPPs was created with Broad Institute’s Morpheus

(https://software.broadinstitute.org/morpheus) by utilizing Euclidean distance to

assess the relation over the proximity between p-values from multiple comparisons
(Figure 20).
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Figure 20. ISPP similarity matrix for the Mendeliome.

The similarity matrix shows the relation between ISPP predictions among Mendeliome
genes based on p-values from multiple comparisons utilizing Euclidean distance,
shown in each square. The color scale ranges in shades of red, darker shades represent
increased distance between two points. ISPP categories are represented by four
different colors, shown in legend.

The matrix (Figure 20) showed that ISPPs that evolved from a similar algorithmic
approach yielded clusters as their p-values are more similar, hence there is less distance
between (Figure 20). These approaches are listed as follows: PolyPhen2 (100),
VARITY (127), and Eigen_coding (141). Also, ISPPs in Categories B, C, and D
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yielded more similar results, (represented with the largest cluster with lighter shades
of red, the upper left of the matrix), than category A ISPPs.

The largest clusters in the similarity matrix (Figure 20), which is interfered with
by FATHMM (124), involve ISPPs that are in the top 34 most significant ISPPs
(Figure 17) from categories B, C, and D (Figure 8). None of the ISPPs from category
A was found to be in this cluster, suggesting that category A ISPPs differ from the
other categories. ISPPs from category A have only given similar results within, yet
still not as similar as the other categories. Category A cluster yielded results
corresponding to ~20 units of Euclidean distance, where the maximum distances
identified in the matrix were circa ~25, which corresponds to the dissimilarity level of
the fitCons (136) algorithms from the other ISPPs, and circa ~20 within.

In addition, it was observed that ISPPs in the same category with different
approaches, MetaRNN (145), ClinPred (143), and BayesDel addAF (138), have the
most similar and close prediction results among the independent scores. ClinPred-
MetaRNN yielded the most similar results with 2.86 distance units, followed by
MetaRNN-Bayesdel _addAF with 3.27, and ClinPred-BayesDel_addAF with 3.38,
which correlate with the previous results (Figure 17, Figure 19).

Moreover, FATHMM (124), was shown to yield variability and dissimilar results
(Figure 20) compared to its ISPP category (Figure 8). FATHMM has given results that
are variable and dissimilar in general, however comparably closer within category B.
Yet, considering other in-category-ISPP pairwise distances, FATHMM was shown as

an ISPP with variable prediction.

4.2.2 Scoring correlation on Mendeliome

The prediction accuracy for each ISPP on variant pathogenicity was further
analyzed based on rank scores from the ISPPs. In this context, both Benign (Figure
21) and Pathogenic (Figure 22) variants on Mendeliome genes were examined utilizing

Broad Institute’s Morpheus (https://software.broadinstitute.org/morpheus).
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The following similarity matrices focus on the relation between the assigned
scores by ISPPs for Mendeliome genes for Benign and Pathogenic variant groups. The
purpose behind this approach was to detect the similarity among ISPPs based upon
their raw ranked scores rather than p-values and observe their prediction performance.
In this context, although the accuracy of variant prediction and the performance of
assigning the correct score to the variant cannot be directly demonstrated by examining
only the similarity matrix, it can be determined which ISPPs make similar predictions

for the variants with known clinical significance.
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Figure 21. ISPP similarity matrix for benign variant assessment.

Heatmap shows the similarity for the ISPPs regarding the Benign variant group,
obtained via Euclidean distance metric. The color scale ranges in shades of red, darker
shades represent increased distance between two points. ISPP categories are
represented by four different colors, shown in legend.
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The heatmap (Figure 21) showed several clusters of ISPPs with similar scores
assigned for the variants in the Benign group. ISPPs that evolved from the same
algorithmic approaches were clustered together in lighter shades of red, due to minimal
values through Euclidean distance. In this context, the VARITY_ER (for Extremely
Rare-pair (127), with 0.19 units yielded the most similar results and identified as the
ISPPs with the most similar results in Benign variant scoring. This pair was followed
by Eigen algorithms (141) with 0.7, VARITY-R-ER (127), pair with 1.2, PolyPhen2
algorithms (100) with 1.24, and VARITY-R/ER-LOO (Leave One Out) pair (127),
with 1.26.

Additionally, ISPPs that belong to the same category were mostly observed to be
clustered together with decreased distance units. It was also detected that category B
ISPP FATHMM (124) was the predictor with the most dissimilar results, which
correlates with the previous results (Figure 20). In spite of this dissimilarity,
FATHMM showed similarity with ISPPs under categories C and D, interestingly. The
ISPPs are listed as follows: MetaSVM (144), MetaLR (144), M-CAP (146), REVEL
(147), MVP (137), EVE (125) from category D, and MutPred (132) from Category C.
It was previously shown Category B as a cluster of ISPPs was close to the clusters C
& D (Figure 18).

ISPPs that evolved from fitCons algorithm (136) were shown to make relatively
similar predictions within (decreased distance in units compared to other clusters)
(Figure 21), but differently from its ISPP category (Figure 8) and the rest of the ISPPs.
In contrast, it was shown that scores from phyloP (116) and phastCons (117)
algorithms yielded more similarity in benign variant score assignment within, and

among ISPPs, considering the overall distance (Figure 21).
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Figure 22. ISPP similarity matrix for pathogenic variant assessment.

Heatmap shows the similarity matrix for the ISPPs regarding the Pathogenic variant
group, utilizing Euclidean distance. The color scale ranges in shades of red, darker
shades represent increased distance between two points. ISPP categories are
represented by four different colors, shown in legend.

The heatmap above (Figure 22) showed ISPP clusters that have similar results in
assigned scores to the variants in the Pathogenic group. The clusters formed were
wider than the ISPP clusters for the Benign variant group (Figure 21). These wider
clusters were shown to involve ISPPs from various categories (Figure 8).

The heatmap (Figure 22) showed that there were no category-specific clusters of
ISPPs (Figure 8). However, the ISPPs that evolved from the same algorithmic

approaches, which were mentioned before several times in Results Section 4.2.1 and
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4.2.2), yielded similar scores for Pathogenic variants represented with significantly

less distance units.

ISPPs that evolved from fitCons algorithm (136) were shown to have relatively
more similar results within (~14-18 Euclidean distance units), compared to their
similarity with the rest of the ISPP (represented with ~25-34 units, closer to the

maximum defined in the matrix as 38.65).

Furthermore, differing from the results of the Benign variant similarity matrix
(Figure 21), MPC (148) and PrimateAl (133) yielded results that are dissimilar from
their own categories (Figure 8) and overall, from the rest of the ISPPs. In addition to
those, FATHMM (124) yielded results that interfere with the wide cluster of similar
ISPPs on the upper left of the matrix, with the average Euclidean distance units of 30,
following MPC (148) and PrimateAl (133).

fitCons algorithm (136) ISPPs were shown to cluster together similar to the results
from the Benign variant group (Figure 21). Additionally, as shown in the previous
figure (Figure 21), they had increased distance values within category A and the rest
of the ISPPs, yielding dissimilar results for the Pathogenic variant scores.

Moreover, the clustered category A ISPPs were disrupted by phyloP (116) and
phastCons (117) algorithms’ 17way-P approaches, in addition to fitCons (136) group.
pyhloP17way-P and phastConsl7way-P yielded dissimilar results from the other
ISPPs, the ISPPs in category A. To elaborate on the phyloP and phastCons algorithm
results within, phyloP17way-P had the Euclidean distance unit of 23.25 for
phyloP100way-V, and 18.01 for phyloP470way-M. phastConsl7way-P had the
Euclidean distance unit of 18.88 for phastCons100way-V, and 18.72 for
phastCons470way-M. These distance units were represented as the smallest values for

both 17way-P approaches across all ISPPs for Pathogenic variants.
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4.2.3 VAMPP-score distribution

In total, 23464253 variants from dobNSFP v4.7A (114, 115) were able to get
annotated with VAMPP-score. VAMPP-score’s distribution throughout the exome for
all the missense alteration possibilities (Figure 23.A). Its distributions for Pathogenic
and Benign variant groups were visualized as a histogram (Figure 23.B) combined
with a rug plot for the representation of individual data points using the Matplotlib
library (181) in Python (version 3.10.12).
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Figure 23. VAMPP-score distribution.

A. Histogram shows the distribution of VAMPP-score in a total of 23464253 variants
from dbNSFP v4.7A (114, 115). The quantiles for 0.05 and 0.95 at score points of
0.04003 and 0.42583, respectively (black dashed line). B. Histogram shows the
distribution of VAMPP-score throughout the human exome for Benign, Unknown, and
Pathogenic group variants. The bar plot shows the VAMPP-score distribution for
Benign, Unknown, and Pathogenic variant groups with y-axis representing the variant
counts. The rug plot represents individual data points at the bottom of the histogram,
representing each variant in Benign and Pathogenic groups with its corresponding
VAMPP-score. Quantiles for Benign variants were calculated as 0.0252 for 0.05 and
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0.226 for 0.95 (blue dashed line), quantiles for Unknown variants as 0.041 and 0.354
(gray dashed line), and quantiles for Pathogenic variants as 0.147 for 0.05 and 0.41 for
0.95 (red dashed line).

VAMPP-score’s distribution (Figure 23.A) does not follow a normal distribution
and was shown to be strongly skewed to the right, with a high proportion of the low
VAMPP-scores. The long tail of the distribution is stretched towards higher values,
closer to 1. The distribution peaks at the lower scores, around 0.1-0.2. The histogram
indicates a non-normal, right-skewed distribution with a mode at the lower values. The
presence of the long right tail suggests that while most variants are grouped towards
lower scores, the values are dispersed along a wide range.

The histogram that shows the Pathogenic and Benign groups together (Figure
23.B) reveals the distinction of the groups from each other. The benign variant
distribution shows accumulation on the lower scores, peaking around 0.1. This
distribution is unimodal representing one peak, and it is skewed to the right, with a tail
towards the higher scores. The pathogenic variant distribution was more spread
throughout the scores, with a peak of around 0.3. The distributions showed that
Pathogenic variants extend more to the right towards higher scores compared to the
Benign variants. Even though the pathogenic variants also displayed a unimodal
distribution with one peak, it was less symmetrical than the benign variant distribution.
The tail of the pathogenic variant distribution extends to the right, towards high
VAMPP-scores, also shown to be more prominent than the benign group distribution.
indicating pathogenic variants with higher VAMPP-scores were less in number than

the benign variants.

The two variant distributions were overlapping in the range approximately from
0.1 to 0.3, also shown with the rug plot at the bottom of the figure representing each
variant in the data set. Out of 3245 pathogenic variants that are in the 0.1-0.3 range,
which represents the overlap, 1901 variants were under the review status of criteria
provided, single submitter. It was followed by no assertion criteria provided (704),
criteria provided, multiple submitters, no conflicts (576), and reviewed by expert panel

(64). In the case of benign variants in the same range, out of 2585 variants, 1964 had
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the review status of criteria provided, single submitter. The rest followed as: criteria
provided, multiple submitters, no conflicts (533), reviewed by expert panel (50), and

no assertion criteria provided (38).

Comprehensive analysis on ISPP prediction performances for the variants with
known clinical significance utilizing PCA and similarity matrices has identified
clusters of ISPPs based on their p-values and pathogenicity scores. The ISPP clusters
were shown to be aligned with the novel categorization introduced (Figure 8) and
revealed insights into the predictive capabilities of the ISPPs considered. Distinct
patterns of similarity showed the closely aligned and diverged ISPPs. Also, a novel
pathogenicity prediction score, VAMPP-score, that incorporates the essence of these
relations and predictive accuracies of the ISPPs was introduced. VAMPP-score offers
a refined approach to evaluate genetic variants, integrating the gene-specific prediction
performance of ISPPs.
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5 DISCUSSION

In variant interpretation, various prediction algorithms are currently in use, and
each is designed to aid the diagnostics by providing insights on deciding the clinical
significance. Even though these algorithms differ in approach and targets, they use
similar population and clinical data. As this data among algorithms ensures persistence
for accurate prediction, it may also create limitations, particularly by supporting
inaccurate results if they were to occur and by generalizing results across diverse
populations and genetic events. This raises critical importance for users to recognize
the limitations and biases that may be present in the datasets and, therefore, in the
results from these predictors. Such awareness is essential, especially when dealing
with rare disorders and novel variants, where the input data may not reflect the
situation for the case of interest.

In this study, we aimed to analyze the prediction accuracy of the most frequently
used ISPPs using statistical approaches to strengthen variant interpretation in
diagnostics. In this context, a statistical framework was created to evaluate ISPPs in
multiple and pairwise comparisons. This statistical framework was further supported
with proximity functions to assess the performance of the ISPPs on distinguishing
pathogenic and benign variants, resulting in a new in-silico pathogenicity prediction
score called VAMPP (Variant Analysis with Multivariate Pathogenicity Prediction)-

Score.

A database with variant information used in this thesis was created utilizing
DuckDB. DuckDB is an in-process SQL on-line analytical processing (OLAP)
database management system (164). Unlike traditional RDBMS (Relational Database
Management System) and NoSQL databases, DuckDB excels in handling large
datasets with fast querying capabilities, with an interface offering ease of use. Here,
with the use of DuckDB, we created a database structure that is easy to manipulate and

update, which allows high-performance data analysis (164, 182).
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ClinVar (151) variant summary data get used here, get weekly updates, and new
variant submissions are added. On the other hand, dbNSFP (114, 115) and Ensembl
(165) are less likely to be updated that frequently. Hence, doNSFP and Ensembl
contents were implemented into the database as main tables. In contrast, the variant
summary list was integrated as a temporary table, followed by query extraction and
VAMPP-score calculation, which was planned to occur monthly.

ISPPs have been categorized under three groups as missense prediction, splice site
prediction, and nucleotide conservation prediction by ACMG (10). ACMG also
defined the targets of various ISPPs in their categorization. On the other hand, the
ISPPs enrolled in this study were categorized into four groups based on prediction
approaches (Figure 8) by individually investigating ISPPs. These groups were shaped
after a comprehensive literature review and creating a sensible ground, with an effort

not to generalize the aspects while trying to categorize under main features.

ISPPs in Category A had the least number of genes in which the ISPPs were found
significant, which may indicate that the nucleotide-based predictions raise limitations.
ISPPs in this category use multiple sequence alignments (MSA) to identify
evolutionarily conserved genomic regions. The MSA includes non-coding areas,
which are often rich in repeat sites and highly variable. If these regions can be removed
and positive selection inference might be improved, which can weaken the effects of
the accuracy loss (183). Also, gaps in the genomic sequences often lead to
misalignments, and intronic regions might introduce gaps or be absent in some (182).
Therefore, careful monitoring is essential when conducting such analyses and applying
the derived scores in variant analysis. However, for the non-coding regions of the
genome, the evolutionary conservation analysis still must be determined by these
ISPPs.

phyloP (116) and phastCons (117) have a slight difference in algorithmic
approaches. phastCons gives a score for a nucleotide upon its probability to belong to
a conserved genomic element, whereas phyloP is the -log(p-value), indicating the

evolution rate for a genomic region (184, 185). In addition, the differences in

64



phylogenetic species used can lead to variations in results. As 100way-V list (184,
185) represents a broader phylogenetic scope, it allows for more conserved elements
and evolutionary patterns to be identified across a diverse set of animals, aiding
conserved region detection across lineages. In contrast, other lists (17way-P and
470way-M (185, 186), despite having more species, focus on more specific groups,

providing a different perspective on evolutionary conservation.

It was noted that the most consistent predictors, referred to as top 8 ISPPs (Figure
17), are of categories C and D, with one exception from category B, VEST4 (Variant
Effect Scoring Tool) (130). VEST4 is presented as a tool that is supervised machine
learning-based. It is trained to prioritize rare missense variants that are likely to cause
diseases. The VEST relies on a gene-level approach, where variants are analyzed
across exome data from diseased individuals to rank the genes upon disease-causing
potential. So, even though it focuses on the classification of the missense variants
hence grouped under category B, its comprehensive methodology and gene-based
approach makes VEST4 yield consistent predictions along with the ensemble ISPPs of

category D.

Intriguingly, 5 out of 8 (MetaRNN (145), ClinPred (143), BayesDel_addAF (138),
BayesDel noAF (138), MetalLR (144)) belong to category D, which further indicates
the increased accuracy of ensemble predictors. This correlates with the findings of
VarSome (186) , which recently implemented an approach for ACMG-PP3 criterion
evaluation (163). MetaRNN (145) was shown to be the most accurate ISPP, among the
ones that are also analyzed in this thesis, with 91% accuracy for classifying ClinVar
(151) variants, by Varsome (186) using the methodology described by Pejaver et al. In
addition, the rest of the top 5, except ClinPred (143), since it was not included, follows
the same pattern in accuracy levels as our results (187). So, we recommend using these
top 8 ISPPs for general variant interpretation practices for Mendeliome, based on our

results.

The gene count was shown to be significantly decreased for the last 4 ISPPs that

were grouped under category A (Figure 8, Figure 17), with all of them evolving from
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the same algorithm: fitCons (136).This suggests that different approaches, such as
analysis on different cell lines for variant effect prediction were not improving the
performance of the algorithm. fitCons showed the lowest performance on variant
prediction accuracy, both through the ISPPs analyzed and within its category. This

correlates with the clustered separation of the fitCons algorithms in PCA (Figure 18).

fitCons (136) is an algorithm that relies on fitness consequence that can be
interpreted as an evolution-based measure of potential genomic function. It was mainly
raised to solve the problem of the identification of noncoding functional elements,
even though the scores were also considered to be elevated for both coding and
noncoding functional regions in the genome. fitCons scores were previously described
as elevated in known coding and noncoding functional elements but with considerably
better sensitivity for the noncoding regions. This correlates with our results and
suggests that fitCons scores should be investigated focusing on the noncoding regions

of the human genome for a more accurate performance evaluation.

As observed in the significant ISPP counts (Figure 17), category A ISPPs were
the ones that showed the lowest performance with less number of genes. However, the
smooth list of category A was interfered with by two ISPPs from other categories:
FATHMM (124) from category B and EVE (125) from category D. These also
happened to have separated from their category clusters in PCA (Figure 18).

For the Mendeliome, ISPPs in category C were tightly clustered (Figure 18)
compared to other categories, showing their similarity in pathogenicity prediction
accuracy. This is relevant since they consider biological function and properties for

prediction, and Mendeliome consists of disease-causing genes.

EVE (125) from category D was separated from its cluster (Figure 18) and it was
also found to be significant for the least number of genes throughout the whole exome
and Mendeliome compared to other ISPPs that belong to the same category (Figure
17). Even though EVE integrates several parameters and uses a combined scoring

algorithm, it roots from an evolutionary conservation model. This might indicate its
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similarity with the algorithm that uses evolutionary conservation (Category A, Figure
8).

Moreover, as mentioned before in the case of MetaRNN (145) prediction accuracy
(188), FATHMM (124) was defined with relatively low accuracy in variant
classification (188), which was less than many other ISPPs in addition to the
FATHMM-evolved algorithms fathmm-MKL (122) and fathmm-XF (123), in this
order. As this correlates with our results (Figure 17, Figure 18), it also indicates the
improvements that came with additional algorithmic features implemented to
FATHMM and correlates with our results.

Also, several ISPPs in the category D integrated supervised machine learning
algorithm (REVEL (147), BayesDel (138), M-CAP (146)), where the learning model
has a baseline understanding of what the correct output values should be, which

increases the accuracy.

Narrow clusters of ISPPs for Benign variants, and more extended clusters with
many ISPPs from different categories for Pathogenic variants suggest that ISPPs can
assign and distinguish benign variants better than pathogenic variants. Because the
expected clustering of ISPPs upon categories was not significant for Pathogenic
variants. ISPPs in general, might encounter difficulties in assigning variants
pathogenicity, whereas calling them benign effortlessly. However, one should keep in
mind that similarity matrices do not directly reflect accurate pathogenicity prediction
of correct score assignments. They only show the relation between ISPP results
utilizing a distance metric. Further analysis on the ISPPs is required for the assessment

of their pathogenicity prediction performance on variant-score level.

Out of over 84 million variants in doNSFP v4.7A (114, 115), only 23464253
variants were able to get annotated with VAMPP-score, due to limited data in ClinVar
(151) which can arise from several reasons. Firstly, benign variants are not accepted
as of clinical significance and are not reported as causal in diagnostics. So, they are

not paid attention to as much as pathogenic variants and more often than not submitted
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to variant databases. Moreover, there might be variants that are not observed in the
population due to severe consequences caused by their incompatibility with life.
Variants occurring in the conserved regions of the genome, causing severe effects and
dysfunctions, may be eliminated through the course of evolution (92, 188). Also,
random variations that happen to occur in these regions may cause prenatal or early
death, leading to their unrecognition.

VAMPP-score’s distribution showed accumulation in a specific range. However,
this would not determine the inaccuracy of VAMPP-score, since VAMPP-score was
developed using readily available ISPP scores. This only indicates that ISPPs that are
frequently used in practice might have misleading results if the numerical value is
considered alone. In spite of the accumulation, the wide range of scores assigned by
VAMPP-score indicates potential characteristic differences for variants with
differentiating scores.

VAMPP-score demonstrated a distinct scoring between the Pathogenic and
Benign variant groups. Pathogenic variants expectedly had higher scores, which
implies that VAMPP-score successfully integrates gene-ISPP pairs to its algorithm.
Although, it is noteworthy to mention, there is a degree of uncertainty, especially in
the overlapping variants for the middle range of scores. As the numbers of variants
with their corresponding ClinVar (151) review status groups indicates that these
variants may be considered as VUS depending on the case, even though they were
submitted with specific clinical significance.

VAMPP-score’s distribution reflects a critical point in variant pathogenicity
interpretation. Each ISPP might have different scoring ranges and significant
thresholds for pathogenicity assignment. Although the scores are ranked between 0-1,
ISPPs may have different distributions and cumulative scoring in terms of numerical
values. Therefore, it is very important to evaluate the performance of each ISPP
specifically for each gene. In addition, the proximity estimation function and mean
difference integrated into the VAMPP-score calculation are critical in minimizing the

effects of the problems arising from these unequal distributions.
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This study has the potential to directly impact patient care in genetic diagnostics
with further improvements. By assessing the accuracy of ISPPs at a certain level, the
rate of misdiagnosis and uncertainties can be reduced in genetic diagnosis, particularly

when dealing with variants of uncertain significance (VUS).

The ACMG/AMP 2015 standards and guidelines for variant interpretation (10)
play a crucial role, primarily appealing to the end-users — clinicians and genetic
analysts. The scoring metric of ACMG (10) serves as a provider in the interpretation
process, rather than being the ultimate decision-maker. This highlights the importance
of integrating the scoring metrics with clinical judgment and expertise. In this context,
the clinician or analyst is encouraged to consider a broader spectrum of factors beyond
the computational outputs. These may include approaching each case individually
focusing on the patient’s phenotype and the clinical presentation, known patterns of
inheritance for the gene of interest, known clinical representation of the variant in

question, and possible genetic events that can occur.

Pathogenicity prediction algorithms and scoring systems are invaluable tools in
the field of genetics, their use requires an understanding of principles. In the context
of ACMG/AMP 2015 guidelines (10), computational evidence on pathogenicity (PP3)
and benignity (BP4) have specified criteria. Both require the agreement of ISPPs, and
even then, it is recommended to be used as a supporting level evidence due to known

limitations of these computational predictors.

VAMPP-score highlights the best performing ISPPs, with its robust mathematical
foundation. In this way, the ACMG (10) PP3 criterion can be proposed to be upgraded
from supportive to moderate, relying on the VAMPP-score predictions within a
subjective evaluation. Likewise, BP4 criterion can also be evaluated with VAMPP-
score. Upgrading or downgrading these criteria’s level can affect the final decisions
on variant classification. Variants that were previously classified as VUS might be
reclassified as likely pathogenic if appropriate criteria are met according to the
guidelines (10). This can be particularly important for candidate variants compatible

with the phenotypic outcome and thought as causal by the clinician; however, they are
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still classified as VUS. The reclassification might lead to a genetic diagnosis, and/or
support the treatment process, especially for rare disorders.

In spite of this VAMPP-score utilization, variants can still be classified as VUS
due to limited data availability and/or insufficient evidence (10). Then, functional
studies are recommended for the variant(s). However, the VAMPP score can be used
as assistance in prioritizing candidate variants chosen for functional analysis supported

by expert opinions.

A key decision was made to not limit the variants based on their review status
when refining the variant dataset (151). This choice was driven by the aim to enhance
the statistical robustness of the study. However, it is noted that this might raise some
concerns upon “trusting” the variant’s submitted clinical significance. As mentioned
previously, a significant proportion of each pathogenic and benign variant in the
overlapping region of the VAMPP score was represented with a single submitter. Since
this may lead to skepticism of the clinical significance of the variant, we plan to
implement a star-system to VAMPP-score. In this context, as the submitter number
increases, the score will be represented with more stars, indicating a confidence level

in the score and the variant’s effect on the phenotype.

VAMPP-score represents a significant advancement in variant prioritization, yet
it is important to acknowledge its limitations. In the current version of the VAMPP-
score, there is no sub-setting of genes based on their related phenotypic features and
their known inheritance patterns. Also, the population allele frequency information is
yet to be implemented. These features together will aid to further evaluate variants
upon their prevalence and representation in the population (monoallelic or biallelic).
Another shortfall of VAMPP-score is the lack of protein structure and function
information, considering the effects of the missense variants. Utilizing the above-
mentioned specifications, we plan to construct an improved statistical framework and
an extended network with more variables, which we believe would make VAMPP-
score a go-to pathogenicity assessor in clinical diagnostics.
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6 CONCLUSION

The advancement in sequencing technologies extended the perspective on genetic
diagnostics approaches, particularly in Mendelian disorders. However, the complexity
of genetic interactions and the interpretations of the missense variants have displayed
challenges. The introduction of VAMPP-score, a novel in-silico pathogenicity
prediction (ISPP) score, proposes an approach and marks an improvement in variant
prioritization. By taking advantage of the statistical framework, VAMPP-score
addresses the need for a more accurate interpretation of missense variants, which has

been an existing dilemma in genetic diagnostics.

The ISPPs used in variant interpretation has been a double-edged sword. While
these predictors assist experts in genetic diagnosis, they are often represented with
conflicting results, which may lead to challenges in clinical decision-making. The
inconsistency of these computational models stems from their varied methodologies

and underlying databases.

The most frequently used ISPPs were assessed upon their prediction performance
based on scores reached through doNSFP (114, 115)upon variants with known clinical
significance from ClinVar (151). ISPPs were categorized into four groups as regards
to their prediction algorithm. Statistical analysis showed that only one-fifth of the
available genes had results, due to limited data availability. Moreover,
multidimensional clustering and correlation analyses demonstrated that ISPPs were
clustering upon their categories, while the predictors that focus on nucleotide-level
evolutionary conservation had the most unsteady -clustering indicating their
inconsistent results within and among other categories. Also, ISPPs had more ability
to distinguish benign variants rather than pathogenic variants. In the case of benign
variants, several narrower bundles of ISPPs under -mostly- same categories were

observed to have similar predictions.

VAMPP-score’s distribution throughout the human genome was observed to be

cumulating in a specific range due to VAMPP-score’s design that uses the available
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ISPPs and their scores. This indicates that ISPPs might have misleading results on
numerical values. VAMPP-score demonstrated a distinction between Pathogenic and
Benign variant groups, with Pathogenic variants annotated with higher scores. This
implies that VAMPP-score successfully integrates gene-ISPP pairs to its algorithm

based on their variant group distinction performances.

It is noteworthy to mention that, with this thesis:

e ISPPs that are frequently used in variant interpretation were thoroughly
analyzed upon their prediction performances with statistical approaches.

e Eight ISPPs with the most significant gene-specific results throughout exome
and Mendeliome have been identified and evaluated further with downstream
analysis. These ISPPs were recommended to assess variant pathogenicity in
diagnostics and research.

e A novel ISPP was developed utilizing individual ISPPs upon their gene-
specific performances, which can assist analysts and clinicians in diagnostics,
especially when interpreting VUS in rare and undiagnosed diseases where

every piece of information is critical.

As we continue to work on the complexities of genetic diseases, improvements
like VAMPP-score will be essential to build a stronger connection and network
between the technology and clinical application. With the VAMPP-score’s utilization
of the best gene-ISPP pairs, it is believed to be an advancement in missense variant
interpretation. Given the statistical basis, it can be a decision-maker for a variant’s
pathogenicity, assisting clinicals and experts on using the ACMG criteria (10) more

effectively and in a more adaptable way.
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