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SUMMARY

Clinical class of variants obtained by variant analysis are estimated
computationally according to ACMG-AMP criteria or retrieved from databases such
as ClinVar. Variants in the ClinVar database have been characterized either
experimentally or computationally. However, not all variants are classified as
pathogenic or benign. Those non-classified variants are referred to as Variant of
Uncertain Significance (VUS) in the literature. Variants are prioritized by filtering
based on certain criteria such as population frequency, exonic function clinical class
of the variants and then interpreted by experts. VUSs are often not reported by
clinicians due to prioritization and interpretation problems. Therefore, VUSs are the
one of the reasons for the low diagnostic rate, especially in rare hereditary diseases. In
recent years, many studies have been published demonstrating that VUSs can be
prioritized using expression and splicing information obtained from RNA-Seq data.
Within the scope of this study, the significance of RNA-Seq data on VUS
characterization was investigated and a novel random forest classifier based VUS
characterization model is proposed. During training of the model, we exploit splicing
and expression features, in addition to features such as pathogenicity prediction scores
and population frequency which are customarily used by variant classifiers in
published studies. The resulting model provides, 98% mean accuracy for the model
using 5-fold cross-validation and %88 accuracy for predicting pathogenicity of VUSs
(specificity) on a holdout test data. However, due to the insufficient number of variants
affecting splicing and expression, the very limited effect of RNA-Seq data on variant

characterization was detected.

Key Words: Variant of Uncertain Significance (VUS), RNA Sequencing,

Mendelian Disease, Hereditary disease, Machine Learning.



OZET

Varyant analizi sonucu bulunan varyantlarin klinik sinifi, ACMG-AMP
kriterlerine goére hesaplamali olarak tahmin edilmekte veya ClinVar gibi veri
tabanlarindan elde edilmektedir. ClinVar veri tabanindaki varyantlar, deneysel veya
hesaplamali olarak karakterize edilmistir. Bununla birlikte, tlim varyantlar patojenik
veya 1iyi huylu olarak simiflandirilmamistir. Bu simiflandirilmamis varyantlar
literatiirde belirsiz 6neme sahip varyant (Variant of Uncertain Significance, VUS)
olarak adlandirilmaktadir. Varyantlar, varyantlarin popiilasyon sikligi, ekzonik
fonksiyonu klinik smifi gibi belirli kriterlere gore filtreleme yapilarak
onceliklendirilmekte ve uzmanlar tarafindan yorumlanmaktadir. VUS'lar,
onceliklendirme ve yorumlama sorunlart nedeniyle klinisyenler tarafindan siklikla
raporlanmamaktadir. Bu nedenle VUS'lar, 6zellikle nadir goriilen kalitsal hastaliklarda
diisiik tan1 oranlarinin nedenlerinden biridir. Son yillarda, RNA-Seq verilerinden elde
edilen ekspresyon ve ug birlestirme (splicing) bilgileri kullanilarak VUS'larin
onceliklendirilebilecegini gosteren birgok c¢alisma yayinlanmistir. Bu calisma
kapsaminda, RNA-Seq verilerinin VUS karakterizasyonu iizerindeki Onemi
arastirilmis ve yeni bir rastgele orman siiflandiricisi tabanli VUS karakterizasyon
modeli Onerilmistir. Modelin egitimi sirasinda, yaymlanmis calismalardaki varyant
siniflandiricilar tarafindan geleneksel olarak kullanilan patojenite tahmin puanlari ve
popiilasyon siklig1 gibi Ozniteliklere ek olarak ug¢ birlestirme ve ekspresyon
ozniteliklerinden faydalanilmistir. Elde edilen model, 5 kat ¢apraz dogrulama kullanan
model i¢in %98 ortalama dogruluk ve bir test verisi lizerinde VUS'larin patojenitesini
(0zgitilliik) tahmin etmek i¢in %88 dogruluk saglamaktadir. Ancak, ug birlestirme ve
ekspresyonu etkileyen varyant sayisinin yetersiz olmasi nedeniyle, RNA-Seq

verilerinin varyant karakterizasyonu lizerindeki ¢ok sinirli etkisi tespit edildi.

Anahtar Kelimeler: Belirsiz Oneme Sahip Varyant, RNA dizileme, Mendeliyen
hastalik, Kahtsal hastalik, Makine Ogrenimi.
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1. INTRODUCTION

Next Generation Sequencing (NGS) is a massively parallel and high-throughput
sequencing technology. The NGS method has facilitated the sequencing of large
amounts of genomic data in recent years. Whole Genome Sequencing (WGS), in which
the entire DNA of an individual is sequenced, and Whole Exome Sequencing (WES),
that targets only protein coding regions of the genome, are popular DNA based NGS
methods. With the decrease in sequencing cost, these two DNA-based sequencing
methods, mostly WES, have started to be used in the routine clinical practice. The
purpose of these two DNA-based methods is to detect variants that are disease related.
Variants are defined as differences between a representative sequence called reference
genome and a sample. The raw data obtained via sequencing methods is processed
with bioinformatic algorithms and a list of variants is generated. Information whether
these variants are disease-related (pathogenic) or benign, in other words the
information about clinical class of the variants, are obtained in the annotation step
according to ACMG-AMP [Richards et al., 2015] criteria or using databases such as
ClinVar [Landrum et al., 2014].

ACMG-AMP criteria which is published by the American College of Medical
Genetics and Genomics (ACMG) and the Association for Molecular Pathology
(AMP), consists of 28 criteria. In these criteria, many pieces of information such as
the frequency of the variant in the population, the prediction scores published in the
literature (SIFT, PolyPhen etc.), the effect on the protein are considered to evaluate
variants’ clinical class computationally. Proposed criteria are specific to variants
detected in inherited disorders, especially mendelian diseases. The criteria are grouped

2% ¢¢ 99 ¢¢

as “very strong”, “strong”, “supporting” etc. for both pathogenic and benign cases. A
variant is characterized by one of the five main classes according to the number of
criteria met for each group. The main classes are “pathogenic”, “likely pathogenic”,
“benign”, “likely benign” and “variant of uncertain significance”. For example, a
variant is characterized as pathogenic if it meets more than two criteria which are in
pathogenic strong (PS) group. If the variant cannot be classified in one of the main
classes or classified conflictingly as both being pathogenic and benign, it is
characterized as variant of uncertain significance (VUS).

Variants in the ClinVar database have been characterized based on experimental

studies or computational evaluation using improved versions of ACMG-AMP criteria.
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Characterized variants are submitted by different institutions conducting the study.
Unlike ACMG-AMP, there are classes such as “risk factor” and “drug response”
according to the relationship of the variant with the disease in the ClinVar database.

VUSs are variants whose impact on individual have not been determined and
therefore cannot be classified as pathogenic or benign. The largest number of variants
in the ClinVar database belongs to the variant of uncertain significance (VUS) class.
There are a total of 1539888 variants in the ClinVar Miner database (as of July 2",
2022) and 674594 of them were classified as VUS [Henrie et al., 2018]

Prioritization is the process of obtaining variants that can be associated with the
phenotype. Variants found in variant analysis are prioritized by filtering based on
certain criteria such as population frequency and variant effect on the protein. The
purpose of prioritization is to create a list of candidate variants to facilitate detection
of the target variant causing the disease. Variant interpretation is evaluation of
candidate variants by experts. For example, if a variant is rare in the population and
pathogenicity scores such as SIFT and PolyPhen are estimated as deleterious, this
variant is determined as a candidate variant that may be associated with the disease.
By applying the same filters, the variants found as a result of the variant analysis are
filtered and the candidate variant list is generated. The candidate variants are then
interpreted together with the patient's phenotype as to whether they are the target
variant associated with the disease. VUSs, on the other hand, cannot be prioritized and
their association with the disease cannot be interpreted.

Although WES and WGS are used for disease diagnosis in routine clinical
practice, many variants are found are VUSs [Kremer et al., 2017]. These variants
mostly not reported by the clinicians due to prioritization and interpretation problems.
Thus, many variants with the potential to cause disease are ignored. So, the diagnostic
rate of WGS and WES technologies in rare diseases, remains at 50%. One of the most
important reasons why the diagnosis rate in hereditary diseases is low, especially in
rare diseases, is the failure to characterize VUSs.

RNA-Seq data is very rich in terms of information it contains, as it can be
processed with many different analysis types. These types of analysis mainly include
(i) measurement of gene expression levels, (ii) identification of genomic variants, (iii)
identification of splicing events, and (iv) detection of gene fusions. Fusion gene

detection from RNA-Seq data mainly performed for non-hereditary (somatic) diseases



[Kim et al., 2019]. Other analyses from RNA-Seq data are performed for both
hereditary (germline) and non-hereditary (somatic) diseases.

Recent studies have revealed the power of RNA-Seq on variant interpretation
and prioritization. In these studies, the possibility of VUSs to be pathogenic was
evaluated according to the splicing and expression information obtained from RNA-
Seq data. If a variant disrupts splicing or causes excessive increase or decrease in gene
expression level, variant is more likely to be pathogenic. It was observed that the
diagnosis rate by using only WGS and WES data is, increased by 10-35% with the
contribution of RNA-Seq data. [Cummings et al., 2017; Kremer et al., 2017; Marco-
Puche et al., 2019; Murdock et al., 2021; Yépez et al., 2022]

Several machine learning (ML) based tools are developed for the variant
classification. LEAP variant classifier is specific to missense variants. The training set
consists of variants in genes associated with hereditary cancer and cardiovascular
diseases. Publicly available information such as functional impact predictors and
splicing impact predictors are used to train Logistic Regression and Random Forest
Classifier models [Lai et al., 2020]. Logistic regression model as a result of cross
validation test achieved an area under the receiver operating characteristic curve
(AUROC) of 97.8% (cancer) and 98.8% (cardiovascular), while the random forest
model achieved 98.3% (cancer) and 98.6% (cardiovascular). Hold-out data was used
to test the Leap models, as well. Gene-holdout predictions achieved 96.8% AUROC.
In another ML based variant classifier called ClinPred, non-synonymous variants in
the ClinVar database (January 2016 version) are used to trainrandom forest and
gradient boosted decision tree (XGBoost) models. Functional scores such as SIFT,
PolyPhen, frequency and conservation scores are used as features during model
development. The AUC score of the ClinPred model on the ClinVartest set is 0.98. It
is important to note that, these two variant classifiers are DNA-Seq based models.

Here, we present the first variant classifier model based on machine learning
using RNA-Seq data. To the best of our knowledge, there is no RNA-Seq-based variant
classifier model, so far. In our study, we examined that the contribution of RNA-Seq
VUS characterization ML models. Utilization of expression and splicing features data
distinguishes the model from its counterparts. The model developed using public
RNA-Seq data showed a performance of 98% accuracy and %88 accuracy for

predicting pathogenicity of VUSs (specificity) on a holdout test data.



Although the performance of the proposed model is satisfactory, the contribution
of RNA-Seq data to variant characterization has not been fully observed. This is
basically due to the insufficient number of variants that are affected by the expression
and splicing process.

Although several additional experiments were carried out to show the effect of
expression, no improvement in model performance was observed. Moreover, there is
no database containing the expression information of the genes in which the variants
are located in. So, presenting the effect of expression value of the model requires
further studies when more RNA-Seq data is available. On the other hand, to calculate
splicing scores, the chromosome, position, ref allele and alt allele information of the
variant are sufficient. To show the effect of splicing on the variant characterization
within the scope of the thesis, an additional study was carried out using variants in
databases. As a result, the effect of splicing on the variant characterization was
partially demonstrated.



2. TRANSCRIPTOME (RNA) SEQUENCING

Ribonucleic acid (RNA) is a single-chain molecule found in the nucleus,
cytoplasm, ribosome, and mitochondria in human cells. On the other hand,
deoxyribonucleic acid (DNA) that is found in nucleus and stores genetic information
of humans is made up of two strands, in which the base pairs complement each other
as base Adenin (A) pairs with base Timin (T) and base Cytosine (C) pairs with base
Guanin (G). RNA has a thymine base instead of adenine and a five-carbon ribose
sugar instead of deoxyribose unlike DNA. RNAs are divided into two main classes,
coding, and non-coding, according to their potential to be translated into proteins.
Messenger RNAs (mMRNAs) are the coding RNAs. Non-coding RNAs are functional
but cannot translated into protein. They are either structural (carrier RNA, ribosomal
RNA) or regulatory RNAs. Regulatory RNAs are further divided into two types as
non-protein coding RNAs shorter than 200 nucleotides (microRNA) and longer than
200 nucleotides (IncRNA) [Dahariya et al., 2019].

The entire process of transforming the genetic information in DNA into the
functional product (protein) via RNA is called central dogma by Crick in 1958
[CRICK, 1970]. As shown in Figure 2.1, this process consists of two main stages:
transcription and translation. Transcription is the process of creating mRNA from

DNA. Translation (reading) is the process of synthesizing protein from mRNA.

Transcription Translation
< :
Reverse

?\\,{;\\\’,:)( Transcription .f' \ }., \ }(

Figure 2.1: Central Dogma.

There are three main types of RNA involved in protein synthesis. These are
messenger RNA (mRNA), transfer RNA (tRNA), and ribosomal RNA (rRNA).

Messenger RNA (mRNA) is a type of RNA in which the genetic information in
DNA is copied. The order of the bases on the messenger RNA gives the amino acid
sequence in the protein to be synthesized. The transcription process takes place in the

cell nucleus of eukaryotic organisms such as human. The initially synthesized RNA in
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eukaryotic organisms is called pre-mRNA (pre-mRNA), and it must go through certain
stages to turn into mature mRNA which is used in translation process. In non-
eukaryotic organisms, on the other hand, mRNA transcripted from DNA mostly
participates directly in the protein synthesis process and does not require any additional
processing.

Transfer RNA (tRNA) is the RNA with the smallest size among the three main
types of RNA. It is called carrier RNA because it is responsible for the transport of
amino acids during protein synthesis.

Ribosomal RNA (rRNA) is a type of RNA that makes up 80% of all RNA in a
cell and is found in ribosomes. Ribosomal RNA oversees acting like an enzyme,
linking the amino acids brought by the tRNA to the polypeptide chain that will form
the protein.

The transcriptome is the whole RNA transcripts in a sample, including protein-
coding and other non-protein-coding transcripts. Transcriptome sequencing or RNA
sequencing (RNA-Seq) is technology that provides comprehensive analysis of the
transcriptome in a sample. Standard transcriptome sequencing steps are isolation of all
RNA strands in the cells, selection of RNA molecule to be sequenced, conversion from
RNA to cDNA, adapter ligation, amplification, and sequencing. The steps from
conversion to cDNA to amplification is called library preparation. RNA isolation is
the first step in transcriptome sequencing. The quality of the isolated RNA should be
checked before proceeding to the sequencing step. The often-preferred criterion for
assessing RNA quality is the RNA integrity number (RIN) [Schroeder et al., 2006].
RIN produces values between 1 and 10. The closer this value is to 10, the higher the
quality of the RNA (Gallego Romero et al., 2014). Isolates are fragmented before being
converted to cDNA. These fragments are then converted to cDNA, which is more
stable than RNA. Adapter sequences that specific to the kit and platform are ligated to
the fragments. Adaptor sequences mainly used for binding of fragments to the flow
cells. After the fragments are amplified by methods such as polymerase chain reaction
(PCR), the targeted RNA is sequenced.

The output obtained from the sequencing step is a FASTQ formatted file which
is used in bioinformatic analysis afterwards. Each biological sequence in the FASTQ
file is referred to as read. Each read in this file consists of four lines. The first line is

the sequence identifier, the second line is the raw biological sequence, the third line



starting with + space is used for any description and the last line the quality scores of
each letter in the raw sequence, as shown in Figure 2.2.

BERRO8B5E9 .41 EAS139_45:5:1:2:111/1
CTT T T TG CT T T TGO LA AT T T O AGLGARACATCTTLTCAT
FITIITIITIIITIII=1TIIIFFORGARERATXLIG+A7 (41%00646, C1H&C

e GO B =

Figure 2.2: Four line in the FASTQ file.

Quality scores on the last line are often expressed in ASCII characters. Quality
scores are commonly known as the phred or Q score. The phred quality score is
calculated according to the Formula in 2.1. P represent the error probability of a
nucleotide to be sequenced incorrectly. If the phred quality score is 20, it means that
the relevant base is 99% correct according to this formula. If the probability of error is
0.01, the ASCII character of “5” is used for the phred score of 20. The characters with
lower ASCII codes have higher probability of error while the characters with higher
ASCII codes have lower probability.

Q phred = -10 * l0g10P (2.1)

2.1. Next Generation Sequencing

NGS (Next Generation Sequencing) is a sequencing technology known as
second generation sequencing as well. First generation is the "chain termination
method" (or Sanger method) for determining the nucleotide sequence of DNA or RNA,
developed by Frederick Sanger and his colleagues in 1977 [Sanger et al., 1977].

In principle, the concepts behind Sanger and next-generation sequencing (NGS)
technologies are similar. In both NGS and Sanger sequencing (also known as dideoxy
or capillary electrophoresis sequencing), DNA polymerase adds own fluorescent
nucleotides one at a time to a growing DNA sequence. Each included nucleotide is
identified by its fluorescent label. The critical difference between Sanger sequencing
and NGS is the sequencing size. While the Sanger method sequences only a single
piece of DNA at a time, NGS is largely parallel. So, sequencing millions of pieces

simultaneously at each run is possible [Slatko et al., 2018].



NGS methods are divided into deoxyribonucleic acid (DNA) and ribonucleic
acid (RNA) sequencing according to the genetic material of the organism to be
sequenced. DNA sequencing methods are divided into whole genome sequencing
(WGS), whole exome sequencing (WES) and panel sequencing according to the
targeted region. WGS is the method by which all the nucleotides that make up the
genome are sequenced, which expresses the entire genetic information of an organism.
WES is a method in which protein-coding regions corresponding to 2% of the genome
are sequenced. Panel sequencing is the method that is mostly used to search for a
specific mutation associated with the disease and to target certain genes. This method
is cost effective compared to other DNA sequencing methods. If it is aimed to discover
a new gene associated with a disease, other DNA sequencing methods with higher cost

and lower sequencing depth should be preferred instead of panel sequencing.

In principle the general workflow of all NGS methods is the same and it is shown

: Bioinformatics
ey Sequencing :
preparation Analysis

in the Figure 2.3.

Sample
pre-processing

Figure 2.3: NGS general workflow.

NGS methods begin with sample isolation. Longer reads are obtained with NGS
than with sanger sequencing, but NGS devices are also not capable of sequencing the
entire sequence. Therefore, isolated DNA or RNA molecules are fragmented. The
library preparation step consists of amplification and adapter ligation. Adaptors are
short sequences of 25-30 nucleotides and are designed to complement sequences
embedded on the flow cell in sequencing devices. In the adapter ligation step, the
fragments can be attached to the flow cell by means of adapters that ligate the
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fragments. The purpose of the amplification process is to increase the number of
fragments, this process is performed by PCR. The library preparation step is followed
by sequencing. The raw data used in the analysis and obtained by the sequencing is
FASTQ file. The final step in the NGS workflow is bioinformatic analysis where the
sequence is interpreted. For example, if WES is performed, the aim of the
bioinformatic analysis would be discovery of disease-related variants.



3. BIOINFORMATIC ANALYSES OF RNA-SEQ
DATA

Bioinformatic analysis is the process of extracting useful information from
biological data. The analysis workflow or pipeline refers to all the steps performed in
a certain order to process biological data.

First few basic steps of the bioinformatic analysis pipeline are common for both
DNA and RNA-based data. These are data quality control, trimming, and alignment to
the reference genome. However, RNA-based data provides more information over
DNA data via downstream analysis. While variant detection is the main bioinformatic
analysis type with genomic data, various analyses such as measurement of expression
levels, detection of variants, and splicing are performed using RNA-Seq data.

The bioinformatics pipeline of NGS data begins with quality control of reads.
The quality control (QC) process typically involves assessing the actual quality of raw
reads using metrics generated by the sequencing platform (for example, quality scores)
or calculated directly from raw reads. The purpose of the quality control step is to
detect many sequencing artifacts such as base calling errors and primer/adaptor
contamination [Patel and Jain, 2012]. The quality of data is crucially important for
various downstream analyses, such as variant detection or gene expression studies. For
example, if adapter sequences are not removed before variant analysis, they will be
mapped to regions that are like these sequences in the reference genome and
differences will be reported as fictional variants.

There are many tools for assessing the quality of NGS reads such as NGS QC
Toolkit [Patel and Jain, 2012], NGSQC [Dai et al., 2010]. The most popular one is
FastQC that published by Babraham Institute [Trivedi et al., 2014]. FastQC tool
reports basic statistics and metrics such as base quality, overrepresented sequences,
adapters, GC content. Duplication, k-mer or GC content levels in the FastQC output
depend on experiment and organism [Conesa et al., 2016].

Poor quality reads need to be removed besides adapters and barcodes. Common
tools for this trimming operation are Trimmomatic [Bolger et al., 2014] and Cutadapt
[Martin, 2011]. Figure 3.1 demonstrates an example per base quality report provided
by FastQC. The y-axis on the graph represents quality score. Higher scores refer to the
better base call. FastQC reports a failure if the median for any base is less than 20.

These bases must be removed from the reads.
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Figure 3.1: FastQC output, per base sequence quality.

Clean reads that are obtained after trimming are aligned to the reference genome.
The reference genome is the representative, ideal DNA sequence of all individuals of
the species. The last version GRCh38 was used in the GENCODE (GENCODE v36)
[Frankish et al., 2019] within the scope of the thesis. As shown in Figure 3.2, alignment
or mapping is the process of obtaining a complete genome of an organism by putting
together the matching parts of the reference genome, like a jigsaw puzzle, of the clean
reads. The actual locations of the reads from the sequencing machine are tried to be

found in the reference genome.

Reads Reference Genome

L |
1 @ @ [ 1

l Alignment

L 1 [0 L 1
I . |

Figure 3.2: Alignment to the reference genome.
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Many aligner tools are available for use in NGS data analysis. Some of the
criteria that should be considered when selecting the appropriate aligner that affect the
performance of the aligner are as follows, i) length of reads obtained after sequencing,
ii) sequencing quality, iii) errors due to sequencing, iv) memory requirement, v)
sequencing depth [Keel and Snelling, 2018]. In the light of these criteria, the
appropriate algorithm for analysis and the tool that adopts this algorithm are selected.
The alignment algorithms can be divided into two main groups, called as global
alignment and local alignment. The purpose of the global alignment algorithm is to
align over the entire sequence, and the purpose of the local alignment is to find the
regions with most similarity and align to those regions. The most well-known
examples of these algorithms are Needleman-Wunsch [Needleman and Wunsch, 1970]
and Smith-Waterman [Smith and Waterman, 1981] respectively. Many aligners
including Bowtie [Langmead et al., 2009] and BWA [Li and Durbin, 2009] have been
developed based on the theory of Burrows—Wheeler Transform (BWT). BWA and
Bowtie tools are designed for alignment of DNA sequences. Splice aware aligner is
needed for alignment of transcripts since tools like BWA do not handle intron-sized
gaps [Baruzzo et al., 2017; Musich et al., 2021]. Two of the well-known and mostly
used transcriptomic aligners are HISAT [Kim et al., 2015] and STAR [Dobin et al.,
2013]. STAR aligner was used for RNA-Seq analysis performed within the scope of
the thesis.

The reference genome must be indexed before the alignment with the STAR
tool, as with other alignment tools. STAR alignment algorithm consists of seed
searching and clustering/stitching/scoring steps. In the seed searching step, STAR
searches for the longest sequence that exactly matches one or more locations. The
longest matching sequences are called Maximal Mappable Prefixes. The part of the
read that aligns with the reference genome is called the seed. Figure 3.3 demonstrates

seed searching step.
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Figure 3.3: Seed searching step.

The seeds are clustered and scored based on their proximity to the seed in the
original read, and scored based on mismatches, indels, gaps after seed searching step.

Seeds showing the best alignment for reading are stitched as shown in Figure 3.4.

seedl szedl
read

'

Domor site Acceptor site

$

stitched read

Figure 3.4: Clustering/stitching/scoring step.

At the end of the alignment step, the sequences mapped to the reference genome
are stored in the Sequence Alignment Map (SAM), a text-based file. The file in SAM
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format consists of header and alignment parts. The parts that start with “@” in the
SAM file represent the headers. Each line in the alignment section represents the
alignment of a segment and consists of eleven or more fields. The first eleven fields
are always present in a SAM file. The first eleven columns in Table 3.1 are mandatory
for the alignment section. Description in the Table 3.1 acquired from Samtools Github

website [Sequence Alignment/Map Format Specification, 2021].

Table 3.1: Mandatory fields in the SAM format and their descriptions.

Field Description
QNAME Query name (read ID).

Numerical expression of how alignment to the reference

S sequence occurs (bitwise).
RNAME Reference sequence name. Generally, the chromosome name
is used.
POS The position of the first base on which the read is aligned on
the reference sequence.
MAPQ Mapping quality.
Compact Idiosyncratic Gapped Alignment Report. In the
CIGAR CIGAR region, “M” represents mismatch, “I” represents the

insertion of more than one base, “D” represents deletion of
more than one base.

For paired reads, the reference sequence name to which the
RNEXT next read is aligned. It is the RNAME equivalent for the next

sequence.
PNEXT The position at which the next read is aligned on the reference
sequence.
TLEN Template (DNA fragment) length.
SEQ Segment sequence.
QUAL ASCII of phred-scaled base quality.

To increase the performance in the analysis and to reduce memory usage, the
analysis continues with the binary alignment map (BAM) extension, which is the
compressed binary form of the SAM file [Li et al., 2009].

Reads can be aligned to the reference genome or to the reference transcriptome
during the alignment of RNA data. While it is more advantageous to align to the
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transcriptome to speed up the analysis, the disadvantage is that de novo transcripts
cannot be detected.

3.1. Variant Calling from RNA-Seq Data

Variants are the difference from the reference genome in one or more bases. It
can have different names according to the rate of occurrence in the population.
Variants with a population frequency below 1% are called mutations, and variants with
a population frequency above 1% are called polymorphisms [Karki et al., 2015].
Variants are divided into two main classes, single nucleotide variation (SNV) and
insertion/deletion (INDEL) or structural variants such as copy humber variations and
fusion genes. A single base change is called a single nucleotide variant, while the
addition of more than one base is called insertion, and the deletion of more than one
base is called deletion. In the literature, insertion and deletion events are mostly
expressed as INDEL.

The process of detecting variants from NGS data is variant calling. Different
algorithms have been developed for somatic and germline variant calling. Germline
variants occur in the germ cells and that are passed onto offspring. The germline
variant affects all body cells, so it can be detected from any tissue. Somatic variants
occur in somatic cells and are non-inherited. They are detected from the target tissue.
The germline variants are detected easier than somatic variants. One of the major
problems of somatic variant detection is caused by tumor heterogeneity, which is a
result of low variant frequency [Neums et al., 2018]. There are many tools developed
to detect germline and somatic variants, including Genome Analysis Toolkit (GATK)
[Auwera et al., 2013], VarScan [Koboldt et al., 2009], and SAMtools [Li et al., 2009b].
The output of the tools is called variant call format (VCF) file. VCF file consist of a
header section and variant call records. The first eight columns in Table 3.2 are
mandatory for the record section. Description in the Table 3.2 acquired from Samtools
Github website [The Variant Call Format (VCF) Version 4.1 Specification, 2021.].
The definitions of the columns are in the header section. Filter column is empty before
the variant filtration step. The filtration step is carried out to filter out false positives.

The filtering criteria depends on the data and sequencing technology. And filtering is

15



done according to the quality metrics such as fisher strand, sequencing depth in the
INFO section. Figure 3.5 shows the VVCF file obtained after the variant filtration step.

VCF file columns

™~

s ources\anantEiltration” ¥ v % % ™

#CHROM POS ID REF ALT QUAL FILTER INFO FORMAT

chrl 14464, A T 211.64 PASS AC=1LAF='GTAD.DP:GQ'PL 0/1:8,7:15:99
chrl 14522. G A 159.64 PASS AC=LAF='GT:AD:DP.GQ:PL 0/1:7,8:15.68
chrl 14542 A G 151.64 PASS AC=1LAF=GT:ADDP.GQ'PL 0/1:4,6:10:86
chrl 14574 A G 29.64 FAIL AC=LAF='GTADDP.GQ'PL 0/1:14,5:19:3
chrl 14653 C T 195.64 PASS AC=LAF='GT:ADDP.GQ'PL 0/1:27,9.:36:94

Figure 3.5: Columns in a variant call record.

Table 3.2: Description of columns in a vcf file.

Column Name Description
1 CHROM Name of chromosome
2 POS Position of the variation
3 ID Identifier of the variation
4 REF Reference base at the position
5 ALT Alternate base at the position
6 QUAL Quality scores of the alleles
7 FILTER Indicating whether the variant passed the filters
8 INFO A list of values describing the variation
9 FORMAT A list of describing the samples
+ SAMPLES Sample files used for variant calling

The variant analysis is performed for DNA-Seq data such as WGS and WES.
Whole exome sequencing (WES) variant analysis is mostly used in clinical
implementation. WES increased the diagnostic efficiency of Mendelian diseases and
enabled the discovery of new genes. Nevertheless, the diagnostic yield of WES
analysis for rare diseases remains at 50%. This is because of prioritization, and
interpretation problems. Although whole genome sequencing (WGS) allows detection

of all variants, the diagnosis rate in clinical practice is close to WES. Furthermore,
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prioritizing and interpreting the total 3 million of variants obtained from human WGS
data remains challenging [Yépez et al., 2022].

Identification of genomic variants from RNA-Seq data continues to be a
challenge because of the intrinsic complexity. However, in recent studies, it has been
shown that variant analysis can be performed from RNA-Seq data due to its cost-
effectiveness compared to WGS and the detection of variants such as splice or intronic
variants which cannot be detected by WES [Adetuniji et al., 2019].

Within the scope of the thesis, variant detection from RNA-Seq data was
performed according to GATK best practice [https://gatk.broadinstitute.org/]. In this
workflow, after the alignment step, duplicates are marked. After the this step an
additional step, compared to WES variant analysis, is applied which is performed with
the SplitNCigarReads tool. SplitNCigarReads tool is used when RNA reads are aligned
against the reference genome. This tool splits reads that contain Ns in their cigar string
(e.g., spanning splicing events in RNA-Seq data). The aim of this process is hard
clipping any sequences overhanging to the intronic regions.

The workflow continues with variant calling and variant filtration after
SplitNCigarReads. Variant filtration step is applied to filter false positive variants.
Variant calling tools report all differences as variants. However, variants that pass
certain criteria such as alignment quality, and strand bias are considered true positive
variants. The filters recommended by GATK for RNA-Seq variant filtration are as
follows: If the variant is found on only one thread in paired reads (only forward or
reverse), this variant is considered false positive. The Fisher strand score represents
this criterion, and variants with FS > 30 for RNA-Seq data were considered false
positives. For the quality by depth (QD) criterion, which expresses variant reliability,

variants with QD < 2 according to GATK are considered false positive.

3.1.1. Variant Annotation

Annotation is a process where information stored in databases is assigned to
variants. After the annotation step, the variants are interpreted and prioritized with
information such as the population frequency of the variant, its effect on protein
function, etc. There are many annotation tools including Variant Effect Predictor
(VEP) from ENSEMBL [McLaren et al., 2016], GATK Variant Annotator [McKenna

et al., 2010], SnpEff [Cingolani et al., 2012]. Within the scope of this thesis, variant
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annotation was performed with ANNOVAR [Wang et al., 2010], a widely used
annotation tool.

The ANNOVAR tool utilizes databases from the UCSC Genome Browser or any
annotation dataset conforming to Generic Feature Format version 3 (GFF3). Gene
based, filter based, or region-based annotation are performed by the ANNOVAR.

Gene Based Annotation is used to identify the gene in which a variant is located,
the gene region (exonic, intronic, UTR3, UTR5 etc.), its function on the protein
(synonymous, non-synonymous), the affected transcript and the amino acid change.
Users can annotate variants in the RefSeq genes, UCSC genes, ENSEMBL gene or
GENCODE genes.

Region based annotation is used to identify the variants overlap with certain
regions of interest such as cytogenetic bands, microRNA target sites.

Filter based annotation is used to identify variant population frequency utilizing
databases such asthe Genome Aggregation Database (gnomAD; (gnomAD)

[https://gnomad.broadinstitute.org] or 1000 genome project [The 1000 Genomes
Project Consortium, 2010], variant pathogenicity and in silico scores such as SIFT [Ng
and Henikoff, 2003] and Polyphen2 [Ramensky, 2002].

The ANNOVAR databases used within the scope of the study are shown in Table
3.3and Table 3.4. s

Table 3.3: Databases for gene based annotation in ANNOVAR.

Database Feature Information

Chromosome and variant position in the

chr, position
genome.

Reference allele (Ref allele) identical and

ref ZIIII(;IIZ alt alternate allele (Alt allele) not to the
reference genome.
ensgene The functional consequences of the variant

consequence | (Contains 11 functional consequences
including synonymous, non-synonymous).

Region of variant hits. (Exonic, intronic,
gene region | UTR3, UTR5, upstream, downstream,
intergenic, splicing, nCRNA).
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Table 3.4: Databases for filter based annotation in ANNOVAR.

Database Feature Information
SIET D: Deleterious (SIFT<=0.05).
T: tolerated (SIFT>0.05).
D: Probably damaging (>=0.957).
PolyPhen P: possibly damaging
HDIV (0.453<=pp2_hdiv<=0.956).
B: benign (pp2_hdiv<=0.452).
D: Probably damaging (>=0.909).
PolyPhen P: possibly damaging
HVAR (0.447<=pp2_hdiv<=0.909).
B: benign (pp2_hdiv<=0.446).
D: Deleterious
LRT N: Neutral
U: Unknown
D: Deleterious (score> 0.025)
T: Tolerated (score <= 0.025)
A: Disease_causing_automatic.
D: Disease_causing.
N: Polymorphism.
dbNSFP P: Polymorphism automatic
H: high.
M: medium.
Mutation L: low.
Assessor N: neutral.
H/M means functional, and L/N means non-
functional.
MetalLR D: Deleterious; T: Tolerated

MCAP

Mutation Tester

MetaSVM D: Deleterious; T: Tolerated
PROVEAN | D: Deleterious; N: Neutral
FATHMM D: Deleterious; T: Tolerated

fathmm_coding | D: Deleterious; T: Tolerated
DEOGEN2 |D: Deleterious; T: Tolerated
. D: Deleterious.
ClinPred T: Tolerated.
Variant Allele frequency in gnomAD_ database
gnomAD WES and WGS data on multiple

Frequency

populations.

All in silico scores used in the study were obtained from the database named
dbNSFP. These scores are specific to nonsynonymous variants. The descriptions of
the scores are as follows:

SIFT (Sorting Intolerant from Tolerant): It is the score showing the effect of

amino acid substitution on protein function. SIFT algorithm uses sequence homology
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considering the position at which the change occurred and the type of amino acid
change [Ng and Henikoff, 2003].

PolyPhen2 (Polymorphism and Phenotyping v2): PolyPhen2 is the score shows
the effect of amino acid substitution on structure and function of human protein. While
SIFT does not require structure, PolyPhen2 uses this information. It makes
computations on 3D models of the protein structure. Two pairs of datasets were used
while training Polyphen2. The first pair is HumDiv and the second pair is HumVar.
HumDiv (PolyPhen2 HDIV) consists of damaging alleles with known effects on the
molecular function causing human Mendelian diseases and human proteins that
assumed non-damaging. HumVar consists of human disease-causing mutations from
UniProt (“UniProt: The Universal Protein Knowledgebase,” 2017) and non-
synonymous variants which were treated as non-damaging [Adzhubei et al., 2010].

LRT (Likelihood Ratio Test): LRT shows the effect of missense changes on the
function of human protein. LRT identifies a subset of deleterious mutations using
comparative genomics dataset of 32 vertebrate species [Chun and Fay, 2009].

MutationTaster: MutationTaster scores show the disease-causing potential of
DNA sequence alterations [Schwarz et al., 2010].

Mutation Assessor: Mutation assessor algorithm uses a multiple sequence
alignment (MSA). Scores show impact of a missense variant [Reva et al., 2011].

MetalR and MetaSVM: These are used to evaluate other prediction scores using
two ensemble-based approaches, support vector machine (SVM) and logistic
regression (LR) [Dong et al., 2015].

PROVEAN (Protein Variation Effect Analyzer): PROVEAN predicts the
functional effects of protein sequence variations including single or multiple amino
acid substitutions, and in-frame insertions and deletions. PROVEAN consists of two
main steps: The first step is the collection of homologous and distantly related
sequences (with BLASTP) and the second step is clustering [Choi et al., 2012].

FATHMM (Functional Analysis Through Hidden Markov Models): It is used to
predict the functional effects of protein missense variants [Shihab et al., 2013].

FATHMM-coding: It is based on a machine learning approach (FATHMM-
MKL (Multiple Kernel Learning)) that integrates functional annotations from

ENCODE with nucleotide-based sequence conservation measures and predicts the

functional consequences of coding variants [Shihab et al., 2015]. Pathogenic dataset
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was constructed using heritable germ-line mutations from the Human Gene Mutation
Database.

DEOGEN2: DEOGEN?2 integrates information such as the molecular effect of
the variant, the relevance of the mutated gene, its known interactions, and the pathways
in which it is involved. The Random Forest Classifier from sckit-learn is used in
DEOGENZ2 to predict the effect of single amino acid substitution on protein [Raimondi
etal., 2017].

ClinPred: It identifies disease related nonsynonymous variants [Alirezaie et al.,
2018].

3.2. Expression Analysis from RNA-Seq Data

RNA-Seq data is mostly used to measure gene or transcript level in sample and
to detect differentially expressed genes between two or more conditions [Stupnikov et
al., 2021]. The expressed gene refers to the active gene. In other words, a functional
product was created from DNA. RNA-Seq expression analysis begin with
quantification. Two different approaches can be implemented to quantify at the gene
level. In the first approach, the number of reads belonging to a gene is determined by
counting the reads that overlap with the gene location. In the second approach, the
number of transcripts corresponding to the gene is calculated and then the number of
reads per gene is determined.

There are two major quantification methods. Alignment free quantification
methods quantify transcripts with the pseudo alignment in k-mer space. Salmon [Bray
et al., 2016] and Kallisto [Bray et al., 2016] are the popular alignment free and
transcript level quantification tools. Alignment based quantification is a method to
quantify only reads aligned to reference genome or transcript. Reads that are aligned
to two or more gene locations are ignored. Quantification tools such as FeatureCounts
[Liao et al., 2014] or htseg-count [Anders et al., 2015] ignore reads overlapping
multiple genes in their default operating mode and do not count them. These two tools
are the most common used tools in the quantification step. These tools are mostly
preferred because of they are compatible with the tools used in differential expression
analysis without the need for any processing. Table 3.5 shows an example of the read

count matrix containing the raw read counts of the genes obtained from the
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guantification step. In this matrix, each row corresponds to a gene and each column

corresponds to a sample.

Table 3.5: The part of raw count matrix.

Gene ID Casel | Case2 | Ctrll | Ctrl2
ENSG00000223972 1 0 1 1
ENSG00000227232 62 69 63 65
ENSG00000268903| 35 26 2 13
ENSG00000269981 34 25 0 23

— _

- -v - .
Samples in different conditions

Gene read counts in the read count matrix are not normalized. Raw read counts
cannot be used to compare expression levels between samples. These counts need to
be normalized regarding factors such as gene length. Genes with longer lengths are
expected to have more read counts. In addition, reading depth is another factor that
affects read counts. As the reading depth increases, the number of aligned reads will
also increase [Evans et al., 2018]. Therefore, comparison of raw counts of samples
with different read depths will not be reliable. Different methods have been developed
for the normalization of read counts. TPM (transcript per million), RPKM (reads per
kilobase of transcript per million reads mapped) and FPKM (fragments per kilobase
of transcript per million reads mapped) are the normalization methods based on gene
length and depth. FPKM is very similar to RPKM. RPKM is used for single-end RNA-
seq while FPKM is used for paired-end RNA-seq. The formulas of the normalization

methods are shown in Formula 3.1 and Formula 3.2.

Number of reads mapped to gene X 10° X 10°

FPKM or RPKM =
o Total number of mapped reads X Gene length(bp) (3.1)
A X 10° Total reads mapped to gene X 103
TPM = = (3.2)
>(A) Gene length(bp)

Unlike FPKM, TPM is first normalized to the gene length and then to the total
number of mapped read(depth). As a result, the sum of all TPM values is the same in

all samples. Therefore, TPM is a more suitable normalization method for comparison
22



between samples than FPKM. FPKM is a more suitable normalization method for
within sample comparisons. While new normalization methods are being developed,
public databases and websites still use TPM or RPKM/FPKM. There is ho consensus
yet on which normalization method is the best [Conesa et al., 2016; S. Zhao et al.,
2020; Y. Zhao et al., 2021].

Differentially expressed genes (DEG) can be detected using packages such as
DESeq. There are many tools that make bioinformatic analysis practical. DeSeq?2
[Love et al., 2014], EdgeR [Robinson et al., 2010] and limma [Ritchie et al., 2015]
tools are among the packages coded in R and widely used in DEG analysis. These tools
take the raw read counts as input and output the normalized expression values,

statistical p values and fold change for each gene.
3.3. Splicing Analysis from RNA-Seq Data

Splicing is a process in which introns are removed from the pre-mRNA and
exons are ligated, resulting in the transcript being converted into mature mRNA.
Alternative splicing is the process of ligating different exon combinations to transform
the final mature mRNA. It is possible to produce more than one protein from one gene
with alternative splicing processes. In Figure 3.6, where common alternative splicing
events are shown, black lines represent introns and blue, orange and pink boxes
represent exons. In constitutive splicing, introns are removed, and exons are ligated.
In exon skipping, cutting occurs from the receiving region of the next exon instead of
successive exons, and introns are removed along with the exon in between. The
remaining exons are ligated. Alternative 5'splice site is upstream donor site and intron,
with a part of exon are removed. The alternative 3' splice site is downstream of the
acceptor site and intron, with a part of exon are removed. Intron retention is an
alternative splicing event in which mature mRNA containing intron is occurred. Intron
often contain premature termination codons, intron retaining isoforms are often
degraded. If intron retaining isoforms are not degraded and converted to truncated
protein isoforms. Splicing process can be repeat, if intron retaining isoforms are

retained in the nucleus or cytoplasm [Zheng et. al, 2020].
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Figure 3.6: Common alternative splicing events.

The removal of the intron is carried out by the ribonucleoprotein complex called
the spliceosome [Clancy, 2008]. Splicing is regulated trans-acting proteins (repressors
and activators) and cis-acting regulatory sites (enhancer and silencer). When the
repressor proteins bind to the silencer site, the splicing process is inactivated. When
the activator proteins bind to the enhancer site, the splicing process is activated [Wang
et al., 2015]. The boundaries between introns and exons are called splice sites.
Upstream part of the intron is called the donor splice site and downstream part of the
introns is called the acceptor splice site. As shown in Figure 3.7, the first two
nucleotides GT (donor splice site) at the beginning of the intron and the last two
nucleotides AG (acceptor splice site) represent the canonical splice site [Baten et al.,
2006]. 98.7% of splice site pairs are canonical [Anna and Monika, 2018]. Splice site
pairs, AT-AC and GC and AC, respectively, are called non-canonical. The canonical
and non-canonical splice sites are known for their different ShARNP combinations
[Baten et al., 2006].

Donor splice site  Acceptor splice site

! f

GT AG

Exon Intron Exon

Figure 3.7: Canonical splice site.

24



A variant that occurs at the boundary of an exon and an intron (splice site) is
called splice site mutation. 15-30% of variants causing hereditary diseases are splice
site mutations [Anna and Monika, 2018]. Furthermore, about 62% of all pathogenic
single nucleotide variants are thought to affect RNA splicing [Wai et al., 2020]. It is
known that variants occurring in non-coding regions may cause aberrant splicing.
Studies in the literature have also shown that RNA-Seq splicing analysis contributes
to the interpretation and prioritization of variants and increases diagnosis rate [ Marco-
Puche et al., 2019; Curry et al., 2021].

There is no best practice for splicing analysis. However, there are several
specialized tools for predicting splice changes. Early published splicing tools such as
MaxEntScan focus on the close neighbourhood of splicing junctions. In the last few
years, the number of published artificial intelligence based splicing tools has increased
with the use of machine learning for biological data. Recently, deep neural networks
(DNNs) have also achieved good results in predicting genome-wide splice variants.
SPANR/SPIDEX is the first deep learning (DL) based tool. SPANR/SPIDEX [Xiong
et al., 2015] model trained with the experimentally observed exon skipping events
[Rentzsch et al., 2021].

Within the scope of the thesis, splicing analysis was performed with the SpliceAl
[Jaganathan et al., 2019] tool released by Illumina. SpliceAl is another DL based tool.
After the release of the SpliceAl tool, tools named FRASER [Mertes et al., 2021] and
SCISSOR [Choi et al., 2021] were published that statistically detect aberrant splicing.
However, these tools do not provide variant level information. In addition, enough
control samples are required to use the FRASER tool. Therefore, these tools were not
preferred for the splicing analysis.

SpliceAl analyses each position in a pre-mRNA transcript and evaluates whether
it is likely to be a splice donor, acceptor, or neither. The model was only trained on
reference transcript sequences and splice junction annotations, and never saw variant
data during training. Training set was constructed with protein-coding transcripts from
the GENCODE v24 annotation. The effect of the variant on splicing is evaluated
according to the delta score produced by the tool. The tool predicts firstly exon-intron
boundaries for both the reference pre-mRNA transcript sequence and the alternative
transcript sequence containing the variant and then takes the difference between the

scores [Jaganathan et al., 2019].
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The SpliceAl tool uses a .vcf file, a reference genome, and an annotation file

(.txt) as input. Annotation file contains chromosome, strand, transcript start
(TX_START) and end (TX_END) position and exon start end positions. The tool

cannot calculate for genes that are not included in the annotation file in the tool. The

file should be updated by adding the relevant information of the genes for which

calculation is requested to this file, as in Figure 3.8. The tool generates a vcf file that

includes the SpliceAl scores as output.
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#NAME CHROM STRAND TX_START TX_END EXON_START EXON_END

62090
685715
925737
944203
960586
966496
975204
998963

1013422
1020122
1070965
1081822
1173902
1203507
1211325
1216930
1232264
1242452
1254469

70008 69090, 70008,
686654 685715, 686654,
944575 925737,925921,9 925800,926013,930336,931089,9358
959290 944203,945056, % 944800,945146,945653,946286, 94654
965715 960586,961292,9 960800,961552,961750,962047,9624
975108 966496,966703,2 966614,966803,970423,970601,9707
931029 975204,976498,2 976269,976624,981029,
1000111 998963,999525,% 999432,999613,999787,1000111,
1014540 1013422,101398F 1013576,1014540,
1056116 1020122,1022200 1020373.1022462.1035324,1040830,
1074307 1070965,107401% 1072575.1074307.
1116098 1081822,108435) 1082987.1084383.1084506.1086012,
1197935 1173902,117426% 1173926.1174321.1174489,1179333,
1206571 1203507,120439% 1203960.1204486.1205492, 1206571,
121431321211325,1211700 1211625.1211832,1212138.1212704,
1232031 1216930,121845 12173804.1218633.1218927,1223357,
1235041 1232264, 1235041,
1246722 1242452,124283+ 1242646,1242913,1243152,1243552,
1273885 1254469,125604+ 1255487,1256125,1257130,1257310,

Figure 3.8: Part of the annotation file.

The output file contains eight values for each variant, of which four are delta

scores and four are positions. the scores show the effect of the variant on splicing,

while the positions indicate the position where the splicing changes relative to the

variant position.
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4. ML BASED STRATEGIES FOR CLINICAL
CHARACTERIZATION OF GERMLINE
VARIANTS

The American College of Medical Genetics and Genomics (ACMG)
collaboration with the Association of Molecular Pathology (AMP) have published a
guideline consisting of 28 criteria to be used for interpretation of germline variants in
2015. The criteria are grouped according to biological impact, in silico predictions,
presence in the control cohort, familial information, and inheritance mode. Variants
are evaluated hierarchically and divided into 5 main classes as pathogenic, likely
pathogenic, benign, likely benign and VUS according to the proposed criteria
[Richards et al., 2015]. Manual evaluation of these criteria one by one is challenging
as it is time consuming and requires expertise. Several tools have been developed that
automate the ACMG criteria but are not machine learning based [Li and Wang, 2017,
Ravichandran et al., 2019]. However, these tools are limited due to their gene specific
nature.

ML based tools developed in line with the ACMG criteria and published in the
literature to automate the variant classification with additional features [Lai et al.,
2020; Nicora et al., 2018]. Since some of these criteria evaluate variants according to
familial information, not all criteria are suitable for general use. Generalizable criteria
such as variant population frequency from ACMG-AMP criteria were used as features
in ML based tools. The success of ML-based methods depends on the selected training
dataset and features. The features used in the models developed so far can be obtained
from databases or can be calculated by DNA-Seg-based bioinformatic analysis
methods. These methods are still insufficient for characterizing remaining variants in
the deep intronic region. Therefore, there is a need for a tool that uses features obtained
from RNA-Seq data.

4.1. Machine Learning Based Approaches

Artificial intelligence is a technique in which functions such as learning and
problem solving that require human intelligence are performed through computer

systems. Machine learning is a subarea of artificial intelligence. In machine learning,
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algorithms that can learn the connections in input data by themselves and without
human intervention are developed.

Machine learning algorithms are used to extract useful patterns from complex
data by utilizing experience. For this purpose, it uses various statistical, probabilistic
and optimization methods. Machine learning algorithms can be generally divided into
four main categories, namely supervised, unsupervised, semi-supervised and
reinforcement learning. In supervised machine learning, algorithms produce a function
that maps inputs (data) to desired outputs (label). Training data consists of both inputs
and outputs. Classification and regression tasks are usually supervised machine
learning algorithms. Classification is the task of predicting the class label, such as
male/female, true/false, while regression is the task of predicting a continuous
quantity, such as a prediction of house prices or the weather forecast.

In unsupervised algorithms, it is unclear which class the input data belongs to.
These algorithms utilize a function to extract an unknown structure over unlabelled
data. Clustering and association are examples of tasks that can be accomplished by
unsupervised machine learning algorithms. Clustering is the process of assigning
similar observations to the same clusters. An association algorithm analyses the co-
occurrence of events and establishes relationships between data.

Semi-supervised learning is a method that falls between supervised and
unsupervised learning. These types of algorithms are used for improving the accuracy
of learning generally when there are small amount of labelled data for training and a
large amount of unlabelled data [Edwards, 2018.]. Reinforcement learning is a method
that enables an agent to learn through trial and error in an interactive environment
using feedback from their own actions and experiences. Reinforcement learning
mostly used to train robot motions.

In machine learning, the input is known as the instance (data) and the output is
known as the target (label). The input used for training is a series of data called set of
features. The features can either be continuous, binary, or categorical. Categorical
features must be converted to numeric due to machine learning models require all input
and output variables to be numeric. The terms, validation data and test data are
frequently handled along with training data. The validation data is used to set the
model parameters correctly during model training. Validation data is not used in

unsupervised methods because it is not strictly correct. The test data is the input that
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the model does not encounter during the training. Model performance is estimated
using the test data.

Data and model fit are very important for the success of the model. Compared to
the data complexity, very complex or simple models would reveal overfitting or
underfitting problems. As shown in Figure 4.1, the model selection process requires a
trade-off between bias and variance (Figure 4.1 is taken from Towards Data Science
website [Mottaghinejad, 2021]). The bias the value that reflects the distance between
the estimated data and the actual data because of the modelling. The variance is the
variability of the model estimate for a given data point, or the value that indicates how
the data is spread out. High bias and low variance are interpreted as underfitting. In
other words, the model is simplistic when it is compared to the data complexity. In this
case, the accuracy is low since the model cannot learn the data sufficiently. Low bias
and high variance are interpreted as overfitting. The model is more complex than
needed. The model picks up important relationships between variables, as well as
relationships that turn out to be just the result of a noise. Hence the model cannot

perform well on the test data because it memorizes the training data.
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Figure 4.1: Model selection in machine learning.

4.2. Random Forest Model

Random Forest is a supervised machine learning model developed by Breiman

[Breiman, 2001]. The random forest algorithm is built on decision tree models. Figure
29



4.2 shows an example of a decision tree. The nodes with the first split and representing
the entire sample is called the root node. If a sub-node is divided into further sub-
nodes, it is called a decision node. Nodes that represent the class or label that are not
divided into further sub-nodes are called leaves or terminal nodes. Each node in the

tree represents some features edge represent possible answer.
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Figure 4.2: An example of decision tree.

The purpose of dividing into sub nodes is to increase homogeneity. The purest
node or most homogeneous node has samples from only one class. Node splitting is
one of the factors affecting the performance of decision trees. There are different node
splitting strategies depending on whether the target variable is categorical or
continuous. If the target variable is categorical (such as classification problem),
information gain or entropy is used, otherwise (such as regression problem) reduction
in variance is used. The variance is calculated to decide the homogeneity of the node
in reduction in variance. A completely homogeneous node has zero variance.

Entropy can be defined as a measure of the disorder and randomness. The lower
the entropy, the higher the purity in node splitting. The range of Entropy lies in
between 0 to 1. The entropy formula is shown in Formula 4.1, where p represents class

probabilities and n represents all classes [Hershy, 2019].
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n
Entropy= - z pilogap; 4.2)
i=1

Information gain is calculated using the difference in entropy before and after a
split and measures purity. The purpose of information gain is to identify the most
important features that contain the most information about a class.

In random forest, most popular splitting criterion is gini impurity. The gini
property measures the impurity of a node. If all the training samples in the node are of
the same class, the node is pure (gini = 0). While gini’s maximum impurity is 0.5 and

the entropy’s is 1 [Hershy, 2019]. The gini formula is shown in Formula 4.2.

Gini=1- Z p? (4.2)
i=1

Random forest consists of many decision trees. As shown in Figure 4.3, The
predictions from individual trees are collected, and the final class is estimated by
combining the individual predictions using a method such as the majority voting for

classification and averaging for regression.
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Final Class

Figure 4.3: An example of a random forest.

In fact, each prediction is the output of a model. This process of combining
different model results is called ensemble learning. The ensemble learning method
used by the random forest algorithm for training is bagging or bootstrap aggregation.

The concepts of using multiple trees in parallel and bootstrapping results in
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overcoming of overfitting issues by random forests [Qi, 2012]. Bootstrapping is the
selection of random samples from the dataset with replacement.

4.3. Model Performance Metrics

Model performance is calculated according to the differences between the
correct prediction by the model and the actual class in supervised machine learning
algorithms. The closer the model predicts the actual class, the higher the performance
of the model. There are different performance metrics that are used for model
evaluation purposes. To calculate these metrics, the numbers of true positive (TP),
false positive (FP), true negative (TN), and false negative (FN) predictions are
employed. In the confusion matrix shown in Figure 4.4, the actual classes are assumed
to be positive and negative. It is called TP, when the model predicts a member of
positive class as positive, and FN when it predicts the member as negative. It is called
TN when the model predicts a member of negative class as negative, and FP when it

predicts the member as positive.
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Figure 4.4: Confusion matrix and performance metrics.

The performance of classification problems can be evaluated using accuracy, F1

score, sensitivity, or specificity. Accuracy represents the number of correctly classified
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samples over the total number of data samples. Accuracy considers the number of all
correctly classified samples and do not concentrate on a specific class. Accuracy

calculation is demonstrated in Formula 4.3.

Accuracy = TP + TN/ ((TP + TN+ FP + FN) (4.3)

Since there are different numbers of negative and positive samples in the
imbalanced data, the F1 score is a better measure to evaluate model performance
instead of accuracy. F1 score calculation is demonstrated in Formula 4.4. If the positive
class mattered the most as compared to negative, both precision and recall are crucial
for the evaluation of model performance. F1 score is balancing precision and recall on
the positive class while accuracy looks at correctly classified observations of both

positive and negative set.

F1 score = 2 X (Precision X Recall) / Precision + Recall (4.4)

Sensitivity is the positive class detection performance of the model, that is, it shows
how many of the members in the positive class are correctly classified. Specificity, the
opposite of sensitivity, is the negative class detection performance of the model, that
is, it shows how much of it is classified as negative within the negative class. The

formulas of sensitivity and specificity are shown in Figure 4.4.
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5. MODEL AND DATASET CONSTRUCTION

Random forest is a popular supervised machine learning algorithm that can be
used for both regression and classification problems. It is an easy-to-use algorithm that
gives fast results. In addition, it can give good results even without extensive parameter
setting process. Therefore, as in most variant classifier tools in the literature [Alirezaie
et al. 2018; Lai et al. 2020], the random forest classifier was used while developing the
clinical characterization model of germline variants within the scope of the thesis. The
scikit-learn python library was preferred because it facilitates the calculation of feature
importance, as well. It automatically calculates the contribution of each feature to build
decision trees during training.

The feature table which is input to the random forest classifier model was
prepared as follows: First, public RNA-Seq data was collected to be used in
bioinformatic analyses. All studies on mendelian or hereditary cancer with published
raw RNA-Seq data were considered, during data collection. The publicly available
datasets of the studies were obtained from GEO database [Edgar et al., 2002]. The
datasets consisted of patients (with mendelian and hereditary cancers) and control

individuals. Table 5.1 shows the accession IDs and disease types of these datasets.

Table 5.1: Accession IDs and diseases.

Accession Number of | Number of

ID Disease Type Case Control Tissue
Samples Samples
Myotonic dystrophy Skeletal
GSEB5984 of type 1 (DM1) 3 3 muscle
Myotonic dystrophy Frontal
GSEL57428 of type 1 (DM1) 21 8 cortex
GSE136371|  Cystic Fibrosis 33 16 Whole
blood
Lynch Syndrome /
GSE106500 Familial 11/13 0 Colon
Adenomatous
Polyposis

GSE149276 Breast Cancer 34 0 Breast
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Myotonic dystrophy type 1 (DML1) is an inherited muscle disease that causes
progressive muscle weakness and loss. When one copy of the gene is altered, the
disease appears in the phenotype. This indicates that the inheritance pattern is
autosomal dominant. [Meola and Cardani, 2015]. Cystic fibrosis (CF) is an important
genetic disease that affects various biological systems, especially the lungs and
digestive system. Inheritance pattern of CF is autosomal recessive. Mutations occur in
both copies of the gene in autosomal recessive diseases. [Davies et al., 2007]. CF
affects cells that produce mucus, sweat, and digestive juices. Lynch Syndrome (LS)
and Familial Adenomatous Polyposis (FAP) are autosomal dominant (dominant)
diseases. The most common hereditary colon cancer is non-polyposis colorectal
cancer. This disease is also known as Hereditary Non-polyposis Colorectal cancer
(HNPCC) or Lynch Syndrome. Unlike familial adenomatous polyposis (FAP)
syndrome, hundreds of polyps do not occur in these patients [Lynch et al., 2009].
Breast cancer is a type of cancer that is very common in women. 70% of breast cancer
is sporadic, 10% is hereditary and 20% is familial. Hereditary breast cancer exhibits
dominant autosomal inheritance [Haddad, 2020].

Paired RNA-Seq data collected from samples with disease (case samples) in the
datasets were used for variant calling, variant annotation, expression, and splicing
analyses, respectively. The goal of variant calling analysis is to detect germline
variants related to the hereditary diseases. For this purpose, HaplotypeCaller [Auwera
et al., 2013b] was used in the variant calling step and the variant list was obtained in
vcf format.

Databases downloaded from ANNOVAR [Wang et al., 2010] tool (2020) were
used for variant annotation. Databases in ANNOVAR are explained in Section 3.1.1.
Accordingly, the databases used are as follows: gnomAD (2019) for the population
frequency, dbNSFP (v.42a) for the in-silico prediction scores, ClinVar (2022) and
InterVar (2018) databases for the clinical characterization of the variants. The InterVar
database classifies variants according to ACMG-AMP criteria. This classification is
used together with the ClinVar database for variant characterization.

The ClinVar database does not divide variants into 5 main classes as pathogenic,
likely pathogenic, benign, likely benign, and VUS, as in the ACMG criteria. ClinVar
characterizes variants in different terms, including these main classes

[https://www.ncbi.nlm.nih.gov/clinvar/docs/clinsig/]. Disagreement among these
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terms is the 'Conflicting Interpretation of Pathogenicity'. Conflicting Interpretation of
Pathogenicity variant label represents the variants reported differently by different
submitters of ClinVar database. For example, one such variant may be reported as
possibly pathogenic by one submitter, while another submitter may report the same
variant as likely benign. Since there is no common decision on such variants, they were
ignored in this study and treated like VUS.

The pathogenic and benign variants were selected as follows: If a variant is
pathogenic/likely pathogenic according to both databases (ClinVar and InterVar) or
pathogenic/likely pathogenic according to one database and not benign/likely benign
according to the other database, it is included in the training set. The opposite has been
done for benign ones. As a result, a total of 7015 pathogenic and 1285930 benign
variants were obtained.

After identifying the pathogenic and benign variants according to the ClinVar
and InterVar databases, filters for population frequency and consequence features are
applied. For the first filter on population frequency, the threshold value of 0.05 was
used due to the most commonly applied threshold value is 0.05 [Ghosh et al., 2018;
Goswami et al., 2021]. According to the BA1 criterion of ACMG-AMP benign class,
variants are evaluated according to frequency > 0.05. All pathogenic variants in the
ClinVar database which contains more variants than the InterVar database were
evaluated. Only five of the pathogenic variants in ClinVar had a population frequency
greater than 0.05. Out of these five variants in ClinVar, only two were detected in the
variant analysis performed in our study.

Variants that do not change the amino acid structure are called as synonymous
variants. Synonymous variants may be pathogenic according to the literature [Zeng
and Bromberg, 2019]. However, only two of the variants in our study dataset are both
pathogenic and synonymous.

As a result, it was decided to exclude the synonymous variants (included non-
synonymous, stopgain etc. variants) and the variants with a population frequency
greater than 0.05 from our dataset. They were not included in the study to prevent these
small number of variants from complicating the model construction. After filtering,
2382 pathogenic and 227205 benign variants remained.

Expression analysis was performed, as well, for all samples in the datasets. The

normalized expression values (TPM) were obtained by using the StringTie tool [Pertea
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et al., 2015]. FC (fold change) was calculated by using normalized expression values
at the gene level to detect differentially expressed genes. In the datasets including the
control group, FC was calculated with the expression values of case and control
individuals. The file named "RNA GTEX tissue gene data™ in the Human Protein Atlas
were downloaded and the TPM values in the file were used for datasets without control
individuals. GTEX tissue gene data, a tab-separated file, includes TPM values of each
gene in 37 different tissues.

Splicing effects of the variants obtained in the variant calling step were
determined with the SpliceAl tool [Jaganathan et al., 2019]. While on Central
Processing Unit (CPU), the tool annotates an average of 4 thousand variants per hour
it annotates 25000 variants on Graphical Processing Units (GPU). So, the tool was run
on Nvidia GeForce to speed up the analysis.

SpliceAl tool produces four delta scores for acceptor and donor site as output.
As a result of the splicing analysis, it was determined whether the splicing process
influenced by the variant or not according to values of the delta scores. The
recommended value of 0.5 was used as threshold [Jaganathan et al., 2019]. The
variants with delta scores greater than 0.5 were determined as splice-affecting variants.
Such variants are labelled with ‘yes’ while variants not affecting splicing processes
were labelled as 'no’. Two example variants with and without splicing effect

determined based on the 0.5 cut-off are shown in Table 5.2.

Table 5.2: SpliceAl delta scores and categorization of the scores.

Max |~ ot
Variant DS.AG | DS.DG | DS.AL | DS.DL | Delta 05 )
Score '
chr19:11120523:G:C 0 0 0 0.99 0.99 yes
chr1:55057360:A:G 0 0.02 0 0 0.02 no

A feature table was prepared with the information obtained by bioinformatic
analyses. The class labels should be given before training step due to the random forest
model used in this thesis is a supervised machine learning algorithm. Accordingly,
variants in the feature table were labelled as pathogenic or benign. Pathogenic and
likely pathogenic variants were considered to be pathogenic and benign and likely

benign variants were considered to be benign. Benign variants labelled with "0" in
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datasets representing the positive class, and pathogenic variants labelled with "1"
representing the negative class. Table 5.3 shows an example feature table for two
variants.

A total of 2382 variants were labelled as pathogenic according to the ClinVar
and InterVar databases. Since the number of benign variants is very big compared to
pathogenic ones, benign variants in datasets were randomly selected. Two datasets
with different number of benign variants were prepared. The first dataset is balanced
S0, as many benign variants as the number of pathogenic variants were selected.
Path1xbenignlx tag is used for the balanced dataset in this thesis. In the second dataset,
the number of benign variants selected were 10 times larger than the number of
pathogenic variants. Path1xbenignl10x tag is used for this imbalanced dataset in this
thesis. As a result, the first dataset consists of 4764 variants; 2382 pathogenic and 2382
benign, and the second dataset consists of 26202 variants; 2382 pathogenic and 23820

benign variants.

Table 5.3: An example feature table.

Variant 1 Variant 2
Label 1 0
Features
Chr 3 19
Position 182872530 54221884
Ref G T
Alt G A
Gene Region exonic exonic
Genotype Het Het
Consequence stopgain nonsynonymous SNV
Population frequency 0.0469
FC 3.16 0.65
cat_spliceai no no
SIFT pred D
PolyPhen HDIV pred B
PolyPhen HVAR_pred B
LRT pred D N
MCAP_pred
Mutation Tester pred A N
Mutation Assessor pred N
MetalR_pred T
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Table 5.3: Continuation.

MetaSVM_pred T
PROVEAN_pred N
FATHMM pred N
fathmm_coding_pred D T
DEOGEN2_pred
ClinPred_pred T
SIFT score 0.027
PolyPhen HDIV score 0.142
PolyPhen HVAR score 0.216
LRT score 0 0.071
MCAP_score
Mutation Tester _score 1 1
Mutation Assessor_score 0.765
MetaLR score 0.03
MetaSVM _score -1.049
PROVEAN score -1.9
FATHMM score 2.55
FATHMM coding_score 0.995 0.006
variant_type SNP SNP

The performance evaluation of the models generated in this study is performed
using both hold-out and cross validation tests. In cross validation, training set and test
set are selected randomly from the dataset. On the other hand, the hold-out test a set
of variants are selected from the dataset to represent the real-world operation.

For the cross validation, StratifiedKFold in scikit-learn is used with K=5. During
this test, the data is randomly divided into 5 parts. One of them is used as test data and
the rest are used for training. The training and test process is repeated 5 times where a
separate part is used as test set.

For old-out tests, a test set consisting of variants that the model did not see during
the training was prepared to evaluate the real-world performance of the model. So, this
test set is called real-world dataset. As the real-world dataset, 2 case samples from the
GSE157428 and GSE136371 datasets were used, with the sample IDs SRR12582120
and SRR10037663, respectively. There are 24 pathogenic variants in the sample
SRR12582120, and 19 pathogenic variants in the sample SRR10037663. Other
samples in these two datasets (GSE157428 and GSE136371) were used for model
training. Therefore, there is a high probability of a common variants between other
samples in the same dataset and the samples used for real-world dataset. Naturally, all

the features of each common variant are same except the expression feature. If these
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variants are included in the real-world dataset, with very high probability, they would
be classified to be pathogenic since the model used quite similar variants during the
training. This may result in artificially increased model performance on real-world
dataset. Therefore, these common variants were not included in the real-world dataset
to evaluate the performance of the model for characterizing completely diverse
variants. After removing the common variants, 26 pathogenic variants remained in
total, 8 from the sample SRR12582120 and 18 from the sample SRR10037663.

Since the number of benign variants is orders of magnitude larger than the
number of pathogenic variants in real world samples, an imbalanced test set was
prepared as real-world dataset by randomly selecting almost 10 times more benign
variants. As a result, the real-world dataset consists of 326 variants, 26 pathogenic and

300 benign. All datasets used in the thesis are summarized in Table 5.4.

Table 5.4: Dataset and variant count.

Number of Pathogenic Number of Benign
Dataset . .
Variants Variants
pathlxbenignlx 2382 2382
path1xbenign10x 2382 23820
real-world (hold-out) 26 300

As explained above, using the public RNA-Seq data, the features required for

variant characterization were obtained via bioinformatic analyses and the datasets are

formed. Figure 5.1 summarizes the dataset construction process.
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Figure 5.1: Summary of data construction step.
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6. FEATURE ENGINEERING

In the datasets, the feature table contains both numeric (e.g., SIFT score and
population frequency) and categorical data (e.g., Gene Region and Consequence).
Also, some variants do not have value (missing value or NA) for a number of features
(see Table 5.3). For example, there are variants without population frequency
information. So, the features in the input data needs to be converted into a format
suitable for the model. This process is a part of feature engineering in the literature
[Rawat and Khemchandani, 2017].

Missing data can be handled by deleting or imputing. Deleting missing values
will reduce the size of the dataset. Our main goal is to accurately detect pathogenic
variants. Therefore, variants with missing information were not deleted so as not to
reduce the number of pathogenic variants. Also, since features will be prioritized by
the algorithm, the missing features for most variants were not deleted. Instead, missing
values were imputed in our study. There are various techniques in statistics such as
mean imputation and median imputation to impute missing data. In mean or median
imputation, missing values are replaced with the mean or median of the values for the
corresponding feature. However, this kind of imputation is not reliable for biological
features.

The numerical data in the feature table are FC (expression feature), population
frequency, position and in silico prediction scores. Except for the position, other
numeric features contain missing data (NAS).

Three solutions are considered to solve missing value problem in FC feature. For
the first two solutions, the FC values are categorized, and the category named NA is
used to represent missing values. In the first solution, the cut-off used during
conversion to categorical values are 1.5 and 0.66, which are frequently preferred in
DEG analyses. As shown in the column named cat_FC1 in Table 6.1, if the FC value
is greater than 1.5, the gene is up regulated and represented as "up”. If the FC value is
less than 0.6, the gene is downregulated and represented as "down". If the FC value is
between 1.5 and 0.6, the expression of the gene is assumed to be unchanged and
represented as "unchanged".

In the second solution, FC values including missing values were categorized into

three classes. As shown in the column cat_FC2 in Table 6.1, if the genes are up-
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regulated or down-regulated, they are represented as changed. If the gene expression
does not change, it is represented as unchanged.

Table 6.1: FC and categorical expression values.

Variant Gene FC cat FC1 cat FC2
chrl13:32333046:A:G | BRCA2 11.67 up changed
chr11:108267276:T:C ATM 0.24 down changed
chrX:154362534:.G:A | FLNA 0.93 unchanged unchanged
chr1:109236451:G:A SARS NA NA NA

In the third solution, numeric FC values were used directly for the expression
feature, and NA's have been replaced with "-1" as a solution to the problem of missing
value problem. The reason for not preferring a method such as mean or median
imputation was that they are not reliable for biological features, as it is mentioned
before. For example, if the mean is higher than 1.5, the model would learn that the
variant has an effect on the gene expression. So, values such as mean or median for
NAs can directly affect the decision of the model. The NAs were replaced with "-1"
since the FC value can never take a negative value. Thus, this feature will be ineffective
for variants without FC information.

Similar to FC values, the population frequency cannot be negative. Therefore, "'-
1" was used for variants without frequency information. Impact of these choices on
the performance of the model is discussed in Section 7.

Replacing NAs with -1 is not applicable for in-silico prediction scores since
these scores can have negative values, as well. So, they were categorized according to
their letter scores. Letter scores were determined according to thresholds specified in
the literature. For example, If the SIFT score is less than 0.05, it is denoted by the letter
"D" representing "Deleterious”, otherwise it is denoted by a "T" representing
“Tolerated”. The thresholds from the literature were used to categorize other in silico
prediction scores. Furthermore, for the in-silico prediction scores of the dbNSFP
database, ANNOVAR includes letter scores already converted according to the
thresholds specified in literature. Therefore, these letter scores were obtained from the

database without any manual transformation.
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There are several categorical features in the data set; chr, ref allele, alt allele,
gene region of the variants such as exonic or intronic, consequence showing the effect
of the variant on the protein, variant type (SNP/INDEL), splicing effect, genotype, and
letter scores of the in-silico prediction scores. These categorical features were
converted to numeric by the “one hot encoding” method, which is a popular technique.
In one hot encoding, binary representation of categorical variables is used. First,
categorical values are mapped to integer values starting from zero. The binary vector
representing a categorical value is obtained by setting values in the vector to zero
except the value at the integer index which is marked with one. In this representation,
missing data is another categorical value, and it is converted to numeric value

similarly, so there is no need for an additional data imputation.
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7. RESULT AND DISCUSSION

Within the scope of the thesis, RandomForestClassifier class of the
sklearn.ensemble library was used in its default settings (if it is not specified otherwise
explicitly) for model training. The number of trees (number of estimators) was 100
and class weight was none. In model training performed with imbalanced data class
weight and minimum sample split parameters were experimented, as well. Cross
validation tests were carried out with StratifiedKFold (K=5) method. Confusion matrix
was used to show the performance of classification algorithm. The metrics used to
evaluate the model performance were accuracy and F1 score. These scores, as well as
sensitivity and specificity scores, were examined for the models trained with

imbalanced data.
7.1. Feature Importance

A feature comparison was performed to observe the effect of the features
calculated within the scope of the thesis on the classification models. The contribution
of features is visualized as a column chart using RandomForestClassifier's gini
importance method. In gini importance, the feature with a higher score has the more
effect on classification.

In the dataset construction section, three different alternatives for representing
the expression feature were presented. These alternatives, together with the
representations for the other features were evaluated. All alternatives were added to
the feature table separately and their effect on the classification was presented.

For the expression value, the effect of numeric and two categorization methods
on the proposed model was examined. Feature importance charts are shown in Figure
7.1, 7.2 and 7.3 where each bar represents a feature. The feature in the yellow frame is

the expression feature.
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Figure 7.1: Feature importance charts for cat_FC1.
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Figure 7.2: Feature importance charts for cat_FC2.
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Figure 7.3: Feature importance charts for FC.

The Figure 7.1 and Figure 7.2 was created for categorized FC, and Figure 7.3
was created for numeric FC values. The importance of the feature increases when
numeric FC feature is used. Therefore, numerical values were used as the expression
feature in the feature table during the model training.

To show the contribution of various features determined within the scope of the
thesis, the performance of the model with several set of selected features on balanced
and imbalanced data were evaluated. Feature comparison was carried for both models
trained with balanced and imbalanced data. The first set group contains chr, position,
ref allele, alt allele and variant type defining a variant. This group is called as “main
features” since these are most popular features for variant characterization. The feature

groups and their corresponding features are shown in Table 7.1.

Table 7.1: Feature group name and features.

Feature Group Name Features

Main Features chr, position, ref allele, alt allele and variant type

MCAP, SIFT, PolyPhen, LRT, Mutation Tester,
Mutation Assessor, MetaSVM, MetaLR, ClinPred,
DEOGEN2, PROVEAN, FATHMM,
FATHMM _ coding,

In silico pred scores
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Table 7.1: Continuation.

VUS_char Main features + in silico pred scores

Main features + in silico pred scores + FC

VUS_char_expression )
(expression)

Main features + in silico pred scores + cat_spliceai

VUS_char_splicing (splicing)

According to Figure 7.3, consequence and gene region are the two most effective
features in classification. To see the effect of other features, consequence and gene
region features were not included in this experiment. Test accuracy of the model on
balanced and imbalanced datasets were calculated using 5-fold cross validation
presented in the Table 7.2. As a result of the experiment with main features, the model
trained with imbalanced data outperformed the model trained with balanced data. With
the addition of prediction scores to the main features, the model performance has
improved for both models. While the expression and splice features were ineffective
in the performance of the model trained with imbalanced data, the expression caused
a 1% decrease in the performance of the model trained with balanced data. The splicing
feature did not affect the model performance as in the model trained with imbalanced
data. According to these scores, the features in the main features group are the most
effective on variant characterization, which is supported by the feature importance

graph in Figure 7.3.

Table 7.2: Accuracy values of the models trained with various feature groups.

pathlxbenignl0x pathlxbenignlx

Feature Group Name Test Accuracy Test Accuracy
Main Features 0.97 0.91
VUS_char 0.99 0.97
VUS_char_expression 0.99 0.96
VUS_char_splicing 0.99 0.97
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As shown in Figure 7.4, the three most important features in balanced and
imbalanced data are Chr, Position and Alt allele in the main feature group.
FATHMM_coding and Mutation_Tester from pred scores have a significant effect on

the classification performance of both models.
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Figure 7.4: Feature importance of the model trained with balanced and imbalanced
dataset using features in VUS_char.

According to the literature, variants that increase or decrease gene expression
are likely to be pathogenic. So, the effect of variants, referred to as VUS in databases,
on gene expressions are manually analysed and the pathogenicity of the variant is
usually interpreted accordingly. In the light of these studies, model training was carried
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out by adding FC to the features in VUS_char. The feature importance graph obtained
as a result of the model trained by features in grouped named VUS_char_expression
is shown in Figure 7.5. FC represents expression feature and one of the important

features.
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Figure 7.5: Feature importance of the model trained with balanced and imbalanced
dataset using features in VUS_char_expression.

According to Table 7.2, when the expression feature was added, a slight decrease
was observed in the performance of the model trained with balanced data. However,
according to Figure 7.5, expression feature (FC) is one of the features that are effective

on variant characterization. So, it is interpreted that although the expression value has
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a negative effect on variant characterization, this effect may be due to the FC
calculation method or the samples coming from different tissues. The negative effect
of its expression on variant characterization was investigated in detail and the results
are presented in Section 7.2.

Variants that affect the splicing process and cause aberrant splicing are likely to
be pathogenic. In the literature, it has been reported that 60% of the SNPs in the splice
site are pathogenic. So, some VUSs can be characterized by manual examination of
the effect on splicing, like expression values. Furthermore, it is also among the criteria
of ACMG that variants that act on splicing may be pathogenic. Therefore, splicing
feature has been added to VUS _char to present the effect of splicing on variant
characterization. The feature importance graph obtained as a result of the model
trained by features in grouped named VVUS_char_splicing is shown in Figure 7.6. The
"cat_spliceai"” shown in Figure 7.6 represents the splicing feature. As can be seen from
the graph, the splicing feature showed similar performance in models trained with

balanced and imbalanced datasets.
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Figure 7.6: Feature importance of the model trained with balanced and imbalanced
dataset using features in VUS_char_splicing.

The performance of the models trained with VUS_char_splicing is shown in the

Table 7.2. According to this table, there was no significant change in model

performance after adding the splicing feature in both models. The reason why splicing

has no significant effect on model performance is that the number of variants affecting

the splicing process is insufficient for model to learn about them. The results of the

study carried out by increasing the number of variants affecting the splicing process

can be found in Section 7.3.
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7.2. Significance of Expression on Variant Characterization

As mentioned in Section 7.1 direct implication of expression features obtained
from the RNA-Seq data is not observed. Additionally, it negatively affects the model
performance. So, further experiments were performed to investigate the reasons of this
phenomenon.

The FC values were calculated from the gene expressions separately for each
dataset and these values were used during model training. For datasets without control
data, tissue-specific expression values obtained from Human Protein Atlas were used
in FC calculation. This different calculation strategy may have adversely affected the
results. To control this effect, either the calculation can be performed using only HPA
data or only datasets with control samples can be used during model training.

Among the datasets used within the scope of the thesis, only the dataset
GSE136371 does not have tissue specific expression information in HPA. On the other
hand, only three datasets have control samples. To have more samples for training,
first, tissue specific expressions from HPA were used as controls for the samples in all
datasets except the dataset GSE136371. After removing the dataset with 1D
GSE136371, 2149 pathogenic variants remained in the feature table.

The RNA-Seq data in the datasets used in the study come from different tissues.
This may be another reason for the negative effect of the expression feature on model

performance. As a solution to this, the tissue types were added as a feature.

Table 7.3: Performance metrics of the model trained with FC calculated using HPA
tissue specific expression value.

Feature Group Name p'I?ZZtl Ztéeczifané/x
VUS_char 0.97
VUS_char_expression 0.96
VUS_char_expression + tissue 0.95
Main features 0.91
Main Features + expression 0.90
Main Features + expression + tissue 0.90
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As shown in Table 7.3, using HPA tissue-specific expression as a control to
calculate FC values does not improve the accuracy and even has a negative effect the
model performance. Using the tissue feature besides the expression feature results in
worse performance.

In the second option, FC values are calculated only for datasets with control
samples. When data were limited to dataset that have control samples, 450 pathogenic
variants remained. 450 benign variants were randomly selected to continue model
training with a 1:1 ratio.

In previous experiments, the samples were compared with all controls (one vs
all), while in this experiment, samples with the same disease were compared with
corresponding controls. Raw expression values were normalized using the DESeq tool
and FC were recalculated. The same FC value was used for all samples in the datasets.
For example, the same FC values for the variants in a gene detected in the samples in
the dataset consisting of cystic fibrosis patients are added to the table.

Table 7.4: Performance metrics of the model trained with FC calculated using
expression value of controls in datasets.

Feature Group Name p.?;gtl ;?:iﬂifarltx
VUS_char 0.97
VUS_char_expression 0.97
VUS_char_expression + tissue 0.97
Main Features 0.82
Main Features + expression 0.82
Main Features + expression + tissue 0.83

As shown in Table 7.4, after the calculation method were changed, although the
model performance was not adversely affected, there is no significant improvement.
The reason why the expression feature does not affect model performance may be due
to the insufficient number of genes whose expression has changed. Out of 900 variants
used for training, 24 genes with 36 variants are down-regulated, and two genes with
two variants are up-regulated. Therefore, the number of genes whose expression was

changed was insufficient train the model for these variants.
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7.3. Significance of Splicing on Variant Characterization

It has been indicated in Section 7.1 that the splicing feature was ineffective on
model performance. The reason this result may be the insufficient number of variants
that affect the splicing process. In our results, 41 out of 4764 variants in total affect
splicing. All the variants’ having impact on splicing process are pathogenic. To
overcome this problem, a model training was performed using all the variants in the
databases.

For this experiment, all the variants found in the InterVar and ClinVar databases
were combined. These variants were filtered based on frequency and consequence.
A total of 105514 variants remained after the unclassified variants were removed.
Splicing analysis was performed for these variants. 1122 variants affecting splicing
were identified. Of these variants, 1038 are pathogenic and 84 are benign.

All pathogenic variants affecting splicing are used in the dataset. Pathogenic
variants that do not affect splicing was selected as much as pathogenic variants
affecting splicing and added into the dataset. As far as the benign variants are
concerned, all benign variants affecting splicing are taken. From the remaining
benign variants, a random selection is performed until there are same number of
benign variants as pathogenic variants. The resulting training set consists of 1996
pathogenic and 1996 benign variants.

Table 7.5: Model performance metrics for splicing feature obtained by splicing
analysis of variants in databases.

Feature Group Name p‘?é?tl ziizilgancilx
VUS_char 0.98
VUS_char_splicing 0.98
Main Features 0.63
Main Features + splicing 0.73

The performance comparison of using splicing features in model training besides
main features and in silico prediction scores are shown in Table 7.5. The splicing

feature did not affect the model performance when it is used in addition to VUS_char
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features as in model training with public data. Because variants were classified quite
good using their prediction scores, the splice feature was ineffective.

To observe the effect of the splicing feature on the classification, the model is
trained by adding the splicing feature to the main features only, without prediction
scores. As a result, an increase in the test accuracy of the model was observed. This
means that some variants that cannot be characterized correctly with the main features

were classified correctly with the splicing feature.

Table 7.6: Comparison of predictions of one of the cross-validation models.

Pred. Pred. Splicing | Splicing
Count| Actual Main Main Features | Effect | Effect |Empty
Features + Splicing Yes No
61 | Pathogenic Benign Pathogenic 54 2 5
37 | Pathogenic| Pathogenic Benign 0 29 8
70 Benign Pathogenic Benign 0 53 17
22 Benign Benign Pathogenic 10 7 5
81 Benign Pathogenic Pathogenic 5 61 15
77 | Pathogenic Benign Benign 2 55 20

The predictions of one of the models generated during the cross validation is
shown in Table 7.6. Accordingly, most of the variants that were incorrectly predicted
by the model trained with the main features were predicted correctly when the splicing
feature was added. Naturally the model tends to classify variants that influence splicing
as pathogenic. The benign variants that the model trained with main features classified
as pathogenic were correctly classified by the model with additional the splicing

feature.

7.4. Model Comparison and Handling Imbalanced Data

According to graphs of feature importance shown in Figure 7.5, the effects of
the features used on the models trained with both balanced and imbalanced datasets
are similar. When the performance metrics of the models trained with balanced and
imbalanced data were compared (see Table 7.2), two models performed similarly, as

well.
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However, due to the biased classification of the model, accuracy score may not
be a good performance metric in the model trained with imbalanced data. In generally
a model trained with imbalanced data classifies the major group in the data better.

In the model trained with imbalanced dataset, the major group is benign.
Therefore, the model may tend to classify pathogenic variants as benign. In order to
check this, a model was trained using imbalanced data and all features including
expression and splicing determined in this thesis. As a result, accuracy, sensitivity
scores were 0.99 and specificity scores were 0.98 after 5-fold cross validation.
According to these performance metrics, the model is expected to correctly classify all
pathogens in the real-world dataset. However, the model results for real-world dataset
summarized by the confusion matrix in Figure 7.7 was not good. The sensitivity was
0.98 but none of the pathogenic variants could be classified correctly. The model tends
to classify almost all variants as benign. This is an important problem for models
trained with imbalanced data.

Fue label

0 1
Predicted label

Figure 7.7: Confusion matrix of the model trained with class weight = none.

One problem of the imbalanced data used for the models in the scope of the
thesis is that the selected benign variants are quite similar to each other. Therefore,
although the number of benign variants has been increased, there was no new
information added to the model.

This problem was solved for imbalanced data by increasing the number of min

sample splits while the samples are divided into sub-nodes. The minimum number of
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sample splits is two in the default settings of Random Forest Classifier. In the
experiments, the number of samples split was determined using
RandomizedsSearchCV from sckit-learn. Many combinations have been tried to
determine the number of sample splits manually. RandomizedSearchCV performs
random searches on hyperparameters and gives the most appropriate parameter
combination as an output. The range of values to be used for the minimum sample split
is determine before the use RandomizedSearchCV.

When using RandomizedSearchCV, all values between 0.1 and 1.0 were tried
for the min sample split parameter. As a result, parameter called min samples split for
imbalanced data was determined as 0.5. Model training was carried out with the min
sample split parameter set to 0.5 and the other parameters left to be default. As a result,
accuracy was 0.91, sensitivity was 0.99, and specificity was 0.08 after cross validation.

The main goal in developing the VUS characterization tool was to accurately
classify pathogenic variants. Since pathogenic variants constitute the negative class, in
the model performance should be evaluated according to the specificity score. As a
result of the model trained by changing the min sample split parameter, the specificity
was still found to be very low. This result means that most pathogenic variants cannot
be classified correctly. Since sensitivity was high, almost all benign variants are
classified correctly. The high sensitivity and very low specificity indicate that the
problem of biased classification persists for the model trained with imbalanced data.
As a solution to this, the class weight parameter was changed in the model trained with
imbalanced data.

Weights scale the loss function. Without weights set, the model treats each
sample as equally important. When the class weight is set to ‘balanced’, the model
automatically assigns the class weights inversely proportional to number of members
in each class. Class weight can also be adjusted manually. In the model trained with
imbalanced data, the performance of correct classification of the minor group by the
model is improved by giving a lower weight to the major group and a higher weight to
the minor group.

Model training was carried out by using the Random Forest Classifier's min
sample split parameter of 0.5, class weight parameter to none, balanced and manual.

Other parameters were at their default settings. The performance metrics of these
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models after 5-fold cross validation are shown in Table 7.7. “M” represents model in
Table 7.7.

Table 7.7: Performance metrics of the model trained by changing class weights.

M Parameters aczﬁigcy Specificity | Sensitivity
1 [class_weight = none 0.91 0.08 0.99
2 |class_weight = benign: 1, pathogenic:1 0.91 0.07 0.99
3 | class_weight = benign: 1, pathogenic: 2 0.94 0.87 0.95
4 | class_weight = balanced 0.94 0.99 0.93
5 | class_weight = benign: 1, pathogenic: 5 0.94 0.99 0.94
6 |class_weight = benign: 1, pathogenic: 10 0.94 0.99 0.93
7 | class_weight = benign: 1, pathogenic: 50 0.90 0.99 0.89
8 | class_weight = benign: 1, pathogenic: 100 0.83 0.99 0.81

According to Table 7.7, the models 3, 4, 5 and 6 have the highest and same
accuracy. The specificity of the model 3 is slightly lower than the other models with
high accuracy. The accuracy and sensitivity of the model 7 and model 8, which have
the same specificity as these models, are lower. So, performances of models 4, 5, and
6 are considered to be better than the others.

To select the model with the best performance among these models, models 4, 5
and 6 were tested with real-world dataset. The results of the test with this hold out data

are shown in Table 7.8.

Table 7.8: Performance metrics of the models trained by changing class weights for
hold-out data.

M Parameters accuracy | specificity | sensitivity
4 | class_weight = balanced 0.62 0.88 0.60
5 [class_weight = benign: 1, pathogenic: 5 0.68 0.42 0.71
6 |class_weight = benign: 1, pathogenic: 10 0.64 0.88 0.62

According to Table 7.8, the 5th model presents the highest accuracy. Class
weight parameter set to 1 for the benign class and 5 for pathogenic class. Although the
specificity of this model was the same as the other two models after cross validation,
it was found to be quite low for real-world data compared to the others. The
specificities of the model 4 and model 6 are the same and 88%. The sensitivity and
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accuracy of the 6th model is slightly higher than the model 4. Since the class weights
are determined according to the number of members in class with the balanced
parameter, it was expected that the results of these two models would be similar.
Among the models trained with imbalanced data, it was determined as the model 6
with the best performance due to a slight difference in accuracy and sensitivity.

Compared to the models trained with imbalanced and balanced data, the model
trained with balanced data performed better.

Firstly, balanced data was trained with all the features determined in the thesis
and in the default settings of RandomForestClassifier. Later, the training was carried
out by setting the min sample split parameter to 0.5 and the other parameters as default.
Since the number of members in the classes is balanced, the class weight parameter
has not been changed. Table 7.9 shows the performance metrics of the model trained
with balanced data after cross validation. “M” represents model. Model 1 has better
performance in all three scores, called accuracy, specificity, and sensitivity.

Table 7.9: Performance metrics of the model trained by balanced data.

M Parameters Test Specificity | Sensitivity
accuracy

1 |with default parameters 0.98 0.98 0.97

2 | min samples split=0.5 0.96 0.97 0.94

Both models have been tested with real-world data. The results are shown in
Table 7.10. According to these results, model 1 showed the best performance for real-

world data, as well.

Table 7.10: Performance metrics of the model trained by balanced data for hold-out

data.

M Parameters Test Specificity | Sensitivity
accuracy

1 | with default parameters 0.70 0.88 0.69

2 | min sample split=0.5 0.58 0.96 0.55

When model 6, which performs the best model trained with imbalanced data,

and model 1, which performs the best models trained with balanced data, are
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compared, model 1 performs slightly better in terms of accuracy and sensitivity,
although their specificities are similar. So, model 1, with balanced data was chosen as

the model that emerged from the thesis.
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8. CONCLUSION AND FUTURE WORK

Clinical characterization of variants is an important problem. Most of the
variants obtained by variant analysis are not reported because they are characterized
as VUS. Therefore, many VUS variants with the potential to be associated with a
disease are overlooked. There are studies in the literature that prioritize VUSs with
splicing and expression information obtained from RNA-Seq data. However, using the
information obtained in RNA-Seq data for variant characterization requires expertise
and manual inspection. So far, there is no variant characterization model based on
RNA-Seq data.

In this study, RNA-Seq data was used while developing the variant
characterization model. Our model is the first variant classifier model based on
machine learning on RNA-Seq data.

RNA-Seq was processed by performing variant calling, annotation of variants,
expression and splicing analysis. Outputs obtained from RNA-Seq data analyses
constitute the features used in the training set. After the training set was prepared, ML
based variant characterization model using random forest classifier was developed.
Although the developed model can characterize germline variants with an accuracy of
98%, the major effect of expression and splicing information obtained from RNA-Seq
data shown in studies in the literature was not observed in our study. While the
expression feature was negatively affected the model performance, adding the splicing
feature did not significantly change the model performance.

Based on several experiments performed to analyse the reason for not observing
the effect of the expression feature on variant characterization, the most important one
is the scarcity in the datasets. Although all datasets in public databases were used in
our study, still the number of samples is very limited. Moreover, RNA-Seq data of
samples forming each dataset were isolated from different tissues and not every dataset
has a control group. So, first, detection of genes with altered expression in downstream
analysis was not performed effectively. Secondly, the number of variants from the
same tissue is very limited for the model to learn the tissue specific expression
changes. Several approaches were tried such as using the tissue feature and calculation
of expression changes using tissue specific expression value in databases. However,

the expression feature did not significantly affect the model performance.
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Another important feature obtained from RNA-Seq data is splicing events. The
splicing feature did not significantly change the model performance, neither. The
reason is again the low number of variants in the training set that affect the splicing
process. In total, 41 of 4764 variants has an effect in the splicing process. To increase
the number of variants that have an effect on splicing, a new training set was prepared
with variants obtained from databases. On this dataset the importance of the splicing
feature on variant characterization is demonstrated. There is around %15 increase in
model performance by using splicing featured in addition to main features.

In future, as more RNA-Seq data available, the number of variants that have an
effect gene expression values or splicing will be increased. This study has to be
repeated to observe improvement in the model performance. Within the scope of the
thesis, the expression feature is calculated at the gene level, transcript level expression
values can also be used instead to show the effect of this feature on variant
characterization. In addition, the selection of benign variants was performed randomly
within the scope of the thesis. To increase the contribution various types of benign
variants in model training, variants can be clustered according to their attributes
selection of adequate variants form each cluster can be assured. Thus, more reasonable
distribution and improved variation of benign variants in training set can be achieved.
Using this enhanced dataset, the model trials carried out within the scope of the study

can be repeated as a future work.
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