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ABSTRACT 

AUTOMATED SEQUENCE VARIANT CLASSIFI-
CATION TOOL FOR DNA DIAGNOSTICS 

R. Arda İnan

M.Sc. in Molecular Biology and Genetics

Advisor: H. Tayfun Özçelik 

July 2024 

Advancements in DNA sequencing rapidly improved our understanding of the genome in 

recent years. Today, these advances are revealing thousands of genetic variants that are still 

waiting to be deciphered. Establishing the association between genetic variation and diseases 

enables us to better appreciate the biology of diseases and to develop effective therapeutical 

solutions. To this end, clinical organizations such as American College of Medical Genetics 

and Genomics (ACMG) developed standards and guidelines to interpret sequence variants. 

Clinical Genomics Resource (ClinGen) provided further specifications to the guidelines to 

improve the interpretations. However, implementation of the guidelines takes considerable 

time and requires substantial expertise in clinical genetics. Available computational tools to 

automate the process (i) do not comprehensively describe how their frameworks function, (ii) 

fail to completely follow the latest specifications and (iii) lack high consistency with variant 

classifications manually performed by experts. Here, this work presents automated ACMG-

based variant classifier (AAVC), which computationally interprets sequence variants based on 

the ACMG Guidelines and the ClinGen Specifications by aggregating information from large 

public databases and in silico prediction tools including BayesDel, ClinVar, Ensembl, gno-

mAD, PhyloP, RepeatMasker, SpliceAI and UniProt. The tool demonstrates a high concord-

ance (99.67%) with FDA-approved variant classification database, reveals more than two 

hundred novel variants in clinically actionable genes in the Turkish Variome and reclassifies 

at least 57,000 inconclusive variants in ClinVar as pathogenic or likely pathogenic. The work 

provides a comprehensive framework to enable rapid and accurate interpretation of sequence 

variants by the ACMG Standards. 

Keywords: ACMG, AAVC, clinical interpretation, clinical genomics, genetic diagnosis, se-

quence variation, variant interpretation 
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ÖZET 

GENETİK TANI İÇİN OTOMATİK DİZİ 

DEĞİŞKENİ SINIFLANDIRMA ARACI 

 

R. Arda İnan 

Moleküler Biyoloji ve Genetik, Yüksek Lisans 

Danışman: H. Tayfun Özçelik 

Temmuz 2024 

 

DNA dizilemesindeki ilerlemeler, genom hakkındaki bilgilerimizi son yıllarda hızla geliştirdi. 

Bugün bu gelişmeler, hala çözümlenmeyi bekleyen binlerce genetik değişkeni (varyant) 

ortaya çıkarıyor. Bu değişkenler ile hastalıklar arasındaki ilişkileri tespit etmek, hastalıkların 

biyolojisini daha iyi anlamamızı ve etkin tedavi yöntemleri geliştirmemizi sağlamaktadır. Bu 

amaçla American College of Medical Genetics and Genomics (ACMG) gibi klinik kuruluşlar, 

DNA değişkenlerini yorumlamak için standartlar ve kılavuzlar geliştirmiştir. Clinical Ge-

nomics Resource (ClinGen) ise bu kılavuzlara ekstra açıklamalar getirerek katkıda bulun-

muştur. Ancak kılavuzların uygulanması oldukça zaman almakta ve klinik genetik alanında 

önemli ölçüde uzmanlık gerektirmektedir. Süreci otomatikleştirmek için geliştirilmiş bilgisa-

yımsal araçlar, sistemlerinin işleyişine yönelik detaylı anlatımlar sunmamakta, en son yayın-

lanan spesifikasyonları tam olarak takip edememekte ve uzmanlarca yapılan değişken 

sınıflamaları ile yüksek tutarlılık gösterememektedir. Bu çalışmada, BayesDel, ClinVar, En-

sembl, gnomAD, PhyloP, RepeatMasker, SpliceAI ve UniProt gibi in silico tahmin araçları ve 

büyük veritabanları gibi kaynaklardan gelen bilgileri bir araya getirerek ACMG Standartları 

ve ClinGen spesifikasyonlarına dayalı olarak DNA değişkenlerini otomatik olarak yorumlayan 

ACMG tabanlı bir değişken sınıflandırma aracı (AAVC) sunulmaktadır. Bu araç, FDA onaylı 

değişken sınıflandırma veritabanıyla yüksek bir uyum (%99.67) göstermekte, Türk Vary-

omunda klinik olarak harekete geçilebilir genlerde iki yüzden fazla yeni değişkeni ortaya 

çıkarmakta ve ClinVar'da sınıflandırılamayan en az 57.000 değişkeni patojenik veya olası 

patojenik olarak yeniden sınıflandırabilmektedir. Bu çalışma, ACMG standartlarına göre 

DNA değişkenlerinin hızlı ve doğru bir şekilde yorumlanmasını sağlayan bir çerçeve sunmak-

tadır. 

Anahtar kelimeler: ACMG, AAVC, klinik değerlendirme, klinik genomik, genetik tanı, 

sekans varyasyonu, varyant değerlendirmesi 
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Chapter 1 

 

Introduction 

 

 

1.1 Human Genome 

Appreciation of the human genome is the key step to understanding the biology un-

derlying health and disease states. Since the initial efforts began more than seven 

decades ago to solve the mystery of human DNA, new avenues in medicine have 

emerged to offer genetic counseling for disease risk assessment and prevention strat-

egies for patients. Targeting the uniqueness of an individual’s genetic makeup, we are 

now capable of tailoring treatments and interventions with much more improved effi-

cacy. Understanding differences and similarities in the sequence, it has become pos-

sible to trace genetic ancestry of populations and to gain insights into evolutionary 

processes across species. Nonetheless, deciphering the true code of the human ge-

nome remains a challenging task due to the complex and dynamic nature of genetic 

interactions. Ongoing research holds promise for leveraging the full potential of the 

human genome in medicine. 
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1.1.1 Large-scale efforts aimed at deciphering human DNA 

The first large-scale initiative with the aim of documenting all human DNA, Human 

Genome Project (HGP), was established in 1990. It brought together researchers 

from diverse backgrounds for not only generating a genetic map but also enable for-

mulating strategies for data analysis (Green et al., 2015), propelling advancements in 

sequencing technologies (Mardis, 2011) and enacting new policies regarding maxim-

ized data sharing (Maxson Jones et al., 2018). The project took thirteen years to 

complete, and the final release was published in 2003 with a gap of 8% in the total 

sequence (McPherson et al., 2001; IHGS, 2004; Venter et al., 2001). After the com-

pletion of HGP, the Genome Reference Consortium (GRC) assumed the mission of 

maintaining and improving human reference genome assembly in 2007 and contin-

ued updating the assembly to date.  While the GRC genome builds remain incomplete 

due to problematic regions of the genome, a gapless assembly was completed by Te-

lomere-to-Telomere (T2T) Consortium (Nurk et al., 2022), The latest release, 

GRCh38 (Schneider et al., 2017), is currently the most widely used build among the 

scientific community. In addition, the Human Pangenome Reference Consortium 

(HPRC) recently published a draft pangenome sequence covering forty-seven indi-

viduals, which more accurately represents the diversity in the human genome (Liao et 

al., 2023). 

 Genome databases have been proven to be incredibly useful, since the begin-

ning of the era of genomics, by providing functional annotation and classification of 

DNA elements. Ensembl (Hubbard et al., 2002), the University of California, Santa 

Cruz (UCSC) Genome Browser (Karolchick et al., 2003), RefSeq (Pruitt et al., 2006) 

and the Encyclopedia of DNA Elements (ENCODE) (ENCODE, 2012) are the most 

notable databases that comprehensively provide access to curated genomic data at 

multiple levels today. 
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1.1.2 Structure and organization of the human genome 

Thanks to global collaborative efforts to decode the human genome, it is now known 

to us that the human genome consists of approximately 3.1 billion base pairs spread 

across 23 pairs of chromosomes, whereas only about one percent of it codes for pro-

teins, which approximately corresponds to 20,000 protein-coding genes. Alternative 

splicing extends the complexity to 150,000 protein-coding transcripts (Frankish et 

al., 2021). Introns, repeat elements, pseudogenes, and non-coding RNA genes make 

up the remaining portion of the human genome. Of these, ncRNAs are involved in 

notable functions within the cell, from gene regulation to immunological pathways. 

 Humans inherit one copy of each gene on autosomal chromosomes from each 

of their parents, however expression of those genes are regulated by complex interac-

tions at multiple levels. While most genes are required to be biallelically expressed, 

some are sufficient to be expressed from only one parent for proper functioning. 

Therefore, solving the mystery of the human genome and its dynamic interplay be-

tween expression of this information is critical in understanding human biology. 

 

1.1.3 Types of genetic variation and their functional impact 

A variant, or a mutation, is a change in the nucleotide sequence from the reference 

sequence. Variants can be classified into two major groups by their effects on struc-

ture: chromosomal aberrations and gene mutations. Most common form of variation 

in the human genome are gene mutations including single nucleotide polymorphisms 

(SNPs) and insertion/deletions (indels). SNPs may cause synonymous (silent), non-

sense (stop-gain), start-loss, stop-loss, and missense mutations at protein level. SNPs 

can alter splicing at splice regions or interfere with gene regulation at regulatory re-

gions or untranslated regions (UTRs). Indels can cause a shift in the open-reading 

frame (ORF) or a change protein sequence by inserting or deleting amino acids. All 

possible variant effects are shown in Figure 1. 
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Figure 1: Variant consequence terms. The diagram demonstrates all variant consequence terms described 

by Sequence Ontology (Eilbeck, 2005). Adapted from Ensembl (Harrison et al., 2024). 

If a protein acquires novel function or becomes overexpressed due to a variant, 

it is called gain-of-function (GoF). A partial or total loss in the protein abundance or 

function is termed loss-of-function (LoF). Canonical splice site variants (splice donor 

and acceptor variants), stop-gains and frameshift variants are considered as putative 

loss-of-function (pLoF) variants and extensively implicated in disease biology.  

Canonical splice variants might cause a truncation via mechanisms of exon 

skipping, exon inclusion, intron retention or frameshift. Premature stop gained vari-

ants and frameshift indels produce a truncated transcript and usually targeted by 

nonsense-mediated decay (NMD). Start-loss variants might be rescued by an alterna-

tive in-frame start codon with a partial loss in protein sequence. The functional im-

portance of the removed region determines the deleteriousness of start-loss.  

Stop-loss variants activate non-stop decay (NSD) pathway, which eliminates 

aberrant transcripts similar to NMD (Klauer & van Hoof, 2012), if there is no alterna-

tive stop codon within 3’UTR. Otherwise, protein may be rescued with an increase in 

protein length. 

 Missense variants result in a change in amino acid sequence at the mutation 

site and the functional impact is vastly dependent on the molecular and cellular con-

text. On the other hand, synonymous variants are generally neutral, since they cause 
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no change in protein sequence, unless the mutation site is a part of a conserved motif. 

The functional impact of the non-essential splice site variants (splice region variants) 

is based on the presence of a cryptic splice acceptor/donor site in proximity. Lastly, 

in-frame indels may impact protein function relying upon the site and sequence of 

insertion/deletion. 

 Variants in UTRs, non-splice altering intronic regions or intergenic regions are 

considered low impact. However, there are accumulating data suggesting variants in 

those regions might be contributing to disease phenotypes as well (Hong et al., 2023; 

Luo et al., 2023; Whiffin et al., 2020). Nevertheless, available data is still insufficient 

to make conclusive interpretations for pathogenicity of these variants based on se-

quence context. 

 

1.2 Human Genetic Diversity 

Although humans share a high degree of similarity, a small fraction of variance con-

tributes to a wide range of traits from physical appearance to disease susceptibility. 

Following the HGP, international collaborations such as the 1000 Genomes Project 

(1000GP, 2010), the Exome Sequencing Project (ESP6500) (Fu et al., 2013) and the 

Exome Aggregation Consortium (ExAC) (Lek et al., 2016) provided vital insights into 

characterization of human genetic variation. To date, these databases have been an 

essential part of the study of human genetics. 

 

1.2.1 Factors contributing to genetic diversity 

While de novo mutations in individuals may arise spontaneously during DNA replica-

tion or be induced by external factors, most of the variation is still inherited. In addi-

tion to genetic drift, the flow of variants between generations is also influenced by 

non-random factors including natural selection, isolation, and mate selection. 
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Environmental factors such as climate, lifestyle, exposure to toxic substances 

and infectious diseases impose a selective pressure on the population. Individuals 

with favorable traits against these factors are selected and they pass on their genes to 

next generations by increasing the representation of those traits in the gene pool. 

Consanguineous marriages, in a similar manner, increases the likelihood of co-

segregation of rare alleles. In contrast, if a population is isolated due to geographic 

barriers or cultural preferences, genetic heterogeneity will be much more reduced.  

 

1.2.2 Genetic variation between/among populations 

Each population has their genetic footprint characterized by factors influencing their 

gene pool. These signatures provide us with a unique opportunity for studying dis-

tinct aspects of human genetics. Within the scope of molecular genetics, abundance 

of variants among or between populations are determined by their effect on fitness of 

individuals. Variants with beneficial effects increase their frequency within popula-

tions and become fixed with time, whereas deleterious ones undergo purifying selec-

tion and remain as rare variants. Meanwhile, most variation is neutral or nearly neu-

tral, which is driven by genetic drift, and it is the ultimate source of genetic diversity 

within or between populations, as proposed by Kimura (1983).  

 

1.2.3 Implications of genetic diversity in health and disease 

Although most variation is caused by neutral mutations, genetic drift alone fails to 

explain why diseases have different genetic backgrounds across different populations. 

Here, two important concepts come into play: founder effect, where a small group of 

founders pass on their genes throughout generations by causing a bottleneck, and 

heterozygote advantage, where some deleterious mutations are found more frequent-

ly due to selective advantage for environmental factors (Nussbaum et al., 2016). 

These factors create inter-population diversity that powers the study of medical ge-

netics. To this end, large population databases such as the Genome Aggregation Da-
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tabase (gnomAD), which is sequel to ExAC, provide ancestry-specific allele frequen-

cies for subcontinental populations (Chen et al., 2024). This data is ubiquitously inte-

grated in the decision-making process for determining clinical relevance of a variant. 

 

1.3 Next-generation Sequencing 

The race to sequence the human genome has led to an explosion in high-throughput 

sequencing technologies. Initial attempts were limited to sequencing targeted regions 

and the coverage was later expanded to whole-genome scale. At the same time, cost-

effectiveness and accuracy have been dramatically improved. Dealing with the large 

data generated by sequencing was not easy at first and computational programs ad-

dressed this problem, giving birth to bioinformatics. All these advancements made it 

possible to use sequencing for first-line diagnostics. 

 

1.3.1 Initial development of sequencing techniques 

The first-generation sequencing exploited nucleotide analogues, dideoxynucleoside 

triphosphates (ddNTPs), which won Frederick Sanger the 1980 Nobel Prize in Chem-

istry. Sanger sequencing was based on the principle of chain termination caused by 

ddNTPs during DNA synthesis. Complementary radiolabeled fragments produced by 

these reactions are then assembled into complete DNA segments based on overlap-

ping sequences. Despite the high accuracy of Sanger method in HGP, it is quite ex-

pensive and time-consuming for large-scale use. 

Starting with pyrosequencing, sequencing by synthesis approach, in which nu-

cleotides added to the strand are simultaneously identified, have become widespread, 

addressing the limitations of Sanger sequencing. In pyrosequencing, a light signal is 

produced by luciferase whenever a nucleotide is integrated, and this signal is read by 

machine. High-throughput sequencing (HTS) was introduced for the first time by 454 
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pyrosequencing platforms (Heather & Chain, 2016), yet the process was still expen-

sive to utilize. 

 

1.3.2 Principles of next-generation sequencing platforms 

Although next-generation technologies principally follow sequencing-by-synthesis 

approach, they differ in sample preparation and signal detection methods. PacBio 

Single-molecule real-time (SMRT) relies upon reading fluorescently labeled nucleo-

tides from circular DNA fragments by immobilized polymerases in porous chips (Hu 

et al., 2021). Oxford Nanopore sequencing is based on measurement of current 

change generated by nucleotides passing through nanopores embedded within an 

electrically resistant membrane (Wang et al., 2021). Illumina dye sequencing em-

ploys fluorescently labeled nucleotides incorporated into hybridized DNA fragments 

by modified polymerases in flow cells (Bentley et al., 2008). Ion Torrent sequencing 

detects the unique patterns of proton release during DNA polymerization in semi-

conductor chips (van Dijk et al., 2014). 

Next generation sequencing massively parallelized the process of sequencing, 

bringing the cost of sequencing a whole genome under 1000$. These advancements 

made it possible the use of sequencing in forensics, medicine, and anthropology. 

However, these technologies are not still error-free and analyzing the sequencing data 

requires careful interpretation. 

 

1.3.3 Analysis of next-generation sequencing data 

Refinement and appreciation of the data generated by sequencing combine practices 

of both computer science and genetics. Typical sequencing yields millions of frag-

mented raw reads with corresponding quality scores, in FASTQ (Fast Quality Scores) 

format. These high-quality read clusters are mapped to a reference genome by align-

ment algorithms such as Burrows-Wheeler Alignment (Li & Durbin, 2009), and then 

stored in SAM (sequence alignment map) format. Finally, variants are identified from 
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aligned reads and written into VCF (variant call format) files by variant-calling 

frameworks such as Genome Analysis Toolkit (GATK) (DePristo et al., 2011). 

  

1.4 Molecular Basis of Diseases 

Alterations to genetic code can result in an increase or decrease in mRNA or protein 

abundance, or a change in protein function or structure, leading to disease pheno-

types. As molecular dynamics resemble a web of interactions within a cell, under-

standing the primary cause of a disease is of utmost importance to develop effective 

therapies. In this context, sequencing technologies precisely empower the identifica-

tion of molecular basis of diseases. 

 

1.4.1 Molecular mechanisms underlying diseases 

Given the complexity of molecular interactions, it is not surprising that single-gene 

disorders are rarely observed, while most diseases have a polygenic background in-

fluenced by environmental factors (Fahed et al., 2020). The mode of inheritance of 

diseases with genetic basis is strongly associated with gene dosage and effect of causal 

mutation on protein function. When LoF mutations in a single copy are not tolerated 

or GoF mutations in a single copy interfere with the residual activity, diseases are 

dominantly inherited. If both copies of a gene need to be altered to exert a disease 

phenotype, then diseases are recessively inherited. In contrast, complex diseases orig-

inate from accumulation of variants with small effects and are highly influenced by 

individual’s genetic makeup and environmental factors, resulting in a variable pene-

trance and expressivity among patients with the same disease. 

 Genetic abnormalities cause diseases at two basic levels: gene expression and 

protein function. Dysregulation of gene expression due to a malfunction in transcrip-

tional regulation or post-transcriptional modification affects the abundance or stabil-

ity of mRNA, producing increased or decreased amount of protein product. Alterna-
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tively, mutations in coding region can give rise to abnormal protein products with 

loss-of-function or gain-of-function. These alterations cause a change in cellular ho-

meostasis and eventually diseases. Thus, identification of disease-causing variants is 

pivotal to the understanding of such abnormalities. 

 

1.4.2 Identification of genes/variants responsible for diseases 

Before widespread access to sequencing technologies, linkage analysis, in which ge-

netic markers are tested to see whether they co-segregate with phenotype of interest, 

was the main methodology for identifying genes or variants underlying diseases. 

Linkage studies revealed many rare causal variants of large effect for diseases with 

Mendelian inheritance patterns including cystic fibrosis and Huntington’s disease, 

while this method was not quite applicable for complex diseases, where relatively 

common variants of small effects are prevalent (Bailey-Wilson, 2011).  

Having access to large-scale sequencing data, association studies, which rely 

upon the observation of disease-causing alleles more abundantly in cases compared 

to controls, have been extended to genome-wide scale and become the predominant 

approach in gene identification studies, since genome-wide association studies 

(GWAS) have not only provided a hypothesis-free approach but also enabled identifi-

cation of many common variants involving in complex diseases including psychiatric 

traits, autoimmune diseases and obesity (Marees et al., 2018; Uffelmann et al., 2021). 

 

1.4.3 Incorporation of sequencing data into medical genetics 

Low-cost sequencing is taking the place of conventional gene mapping approaches in 

clinics day by day. Revealing the allelic heterogeneity, sequencing enables compre-

hensive diagnosis of genetic diseases (Gilissen et al., 2011). It saves lives through ear-

ly detection by identifying cancer susceptibility and tailoring personalized treatment 

strategies based on cancer signatures (Esplin et al., 2014). Despite their multifactori-
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al nature, sequencing is also employed in determining the genetic basis of complex 

diseases such as obesity and diabetes (Akbari et al., 2021; Mahajan et al., 2022).  

  

1.5 Variant Prioritization and Classification 

Identification of likely causal variants in a dataset is frequently analogized to looking 

for a needle in a haystack. Once initial sequencing initiatives started detecting many 

variants, it quickly became clear that mutations are common within our genomes and 

a thorough investigation is required to identify true causal variants. Human geneti-

cists and bioinformaticians developed variant quality control workflows, prioritiza-

tion strategies, prediction programs and classification frameworks to overcome this 

challenge. 

 

1.5.1 Functional annotation of sequence variants 

Variant annotation, which basically involves retrieving information from large data-

bases and assigning them to variants, is an integral component of variant calling. This 

information is later used in prioritization to identify likely disease-causing variants. 

ANNOVAR (Wang et al., 2010), SnpEff (Cingolani et al., 2012) and Variant Effect 

Predictor (McLaren et al., 2016) are leading annotation software integrated into vari-

ant calling pipelines. 

 Functional annotation typically labels variants as exonic, intronic or splice-

altering (see variant consequences are listed in section 1.1.3) and identifies amino 

acid change in corresponding gene, transcript, and exon. Depending on the database 

employed, information about gene function, affected domains, associated diseases, or 

pathways involved can be obtained as well. Prediction programs are also heavily ex-

ploited to determine pathogenicity of variants. 

 Frequency annotation enables filtering out excessively common variants in 

populations, which are mostly neutral. Variants with frequencies greater than 1% are 
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usually considered as common polymorphisms. However, filtration threshold may 

vary depending on the disease under assessment, given that common variants were 

previously shown to be involved in multifactorial diseases (Helgadottir et al., 2007; 

Pardiñas et al., 2018). 

 

1.5.2 Variant quality control and filtration strategies 

After variant calling, the first step is to perform quality filtration to eliminate se-

quencing artifacts and low-quality variants based on read depth, sequencing quality, 

mapping quality, position bias, strand bias or heterozygosity. Another approach, 

namely variant quality score recalibration (VQSR), employs machine-learning models 

trained on known variants to estimate the confidence of suspected variants (Van der 

Auwera et al., 2013). 

 Once high-quality variants are compiled, a prioritization pipeline is estab-

lished in compliance with the research questions of the study. Population filtration is 

a crucial step of variant interpretation, since disease-causing variants for monogenic 

disorders are expected to be rare in populations due to negative selection. Next, it is a 

common practice to focus on variants in coding regions. If a candidate gene approach 

is adopted, the dataset is narrowed down to variants in the gene panel. Gene discov-

ery studies though usually apply more stringent criteria by analyzing only pLoF vari-

ants. Gene constraint and phylogenetic conservation are other metrics incorporated 

in variant prioritization workflows (Eilbeck et al., 2017). 

 

1.5.3 In silico pathogenicity prediction tools 

While functional annotation provides information regarding the genomic context of 

the variation, they do not inform about its clinical significance, given the complex 

nature of genetic interactions. It is where computational prediction programs come 

into play, utilizing analytical or machine learning algorithms to predict deleterious-
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ness of a variant based on similarities with known pathogenic variants in terms of 

genomic context and functional relevance (Katsonis et al., 2022). 

 First examples of functional prediction programs are PolyPhen, which relies 

on protein structure and function (Ramensky et al., 2002), and SIFT, which is based 

on sequence homology (Ng & Henikoff, 2003). While many other single nucleotide 

variant prediction tools followed Polyphen and SIFT, PROVEAN was the first to came 

up with an algorithm that provides predictions for indels (Choi et al., 2012). 

 Combining multiple prediction tools following distinct methodologies with 

their weaknesses and strengths, meta-predictors started being developed to achieve 

higher predictive values. CADD (Kircher et al., 2014), a widely used ensemble frame-

work, integrates at least 50 features including prediction scores, conservation met-

rics, structural and functional context, population frequencies. BayesDel (Feng, 

2017), MetaSVM (Dong et al., 2015) and REVEL (Ioannidis et al., 2016) are other 

notable ensemble prediction tools and they aggregate scores, for known pathogenic 

variants, from more than a dozen predictors by various machine learning algorithms. 

 To address distinct aspects of genomic variation, prediction programs for spe-

cific purposes were also developed. For instance, MitoTip (Sonney et al., 2017) spe-

cifically evaluates mitochondrial tRNA variants, SpliceAI (Jaganathan et al., 2019) 

provide predictions for splice variations, and CardioBoost (Zhang et al., 2021) classi-

fies variants in genes associated with cardiovascular diseases. Evolutionary conserva-

tion tools including phastCons (Siepel et al., 2005) and phyloP (Pollard et al., 2010) 

approach the problem from a phylogenetic perspective, comparing base-level changes 

in genomes across primates, mammals, and vertebrates. While distinguishing GoF 

and LoF variants by prediction tools such as LoGoFunc (Stein et al., 2023) may give a 

better idea about the molecular context. 
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1.6 ACMG/AMP Standards and Guidelines 

Although clinical laboratories heavily integrate computational programs into their 

variant classification frameworks, in silico predictions only stand as supporting evi-

dence for pathogenicity, rather than sole determinant. These frameworks, whose his-

tory predates prediction tools, were born out of a need for a standardized approach 

for interpretation of ever-growing number of sequence variants. 

American College of Medical Genetics and Genomics (ACMG) first time pro-

vided a standardized framework for variant classification in 2000 (Kazazian et al., 

2000). The ACMG Guidelines were revised twice in 2008 (Richards et al., 2008) and 

2015 (Richards et al., 2015), with another revision expected in 2024. Unlike predic-

tion tools that make inferences based on patterns, the ACMG Standards and Guide-

lines provide an evidence-based analytical framework to estimate the probability that 

a variant is pathogenic. 

 

1.6.1 The 2015 ACMG/AMP Criteria 

The guideline published by American College of Medical Genetics and Genomics 

(ACMG) and Association for Molecular Pathology (AMP) in 2015 (Richards et al., 

2015) consists of 16 pathogenic (P) and 12 benign (B) criteria described in Table 1 

and 2, respectively. The criteria basically depend on population frequencies, in silico 

predictions, functional assays and case-control studies. Each criterion has a corre-

sponding evidence level as follows: supporting (P), moderate (M), strong (S), very 

strong (VS), stand-alone (A). Once a variant is evaluated for each criterion with avail-

able evidence, the criteria is combined into one of 5 possible classifications: benign 

(B), likely benign (LB), variant of uncertain significance (VUS), likely pathogenic 

(LP), pathogenic (P). The combination rules in the 2015 Guidelines are shown in Fig-

ure 2. 

 



15 
 

Table 1: Pathogenic criteria in the ACMG/AMP Standards and Guidelines (Richards et al., 2015). 

Very strong evidence of pathogenicity 

PVS1 Null variant (nonsense, frameshift, canonical +/−1 or 2 splice sites, initiation codon, single or multi-
exon deletion) in a gene where loss of function (LoF) is a known mechanism of disease 

Strong evidence of pathogenicity 

PS1 Same amino acid change as a previously established pathogenic variant regardless of nucleotide change 

PS2 De novo (both maternity and paternity confirmed) in a patient with the disease and no family history 

PS3 
Well-established in vitro or in vivo functional studies supportive of a damaging effect on the gene or 
gene product 

PS4 The prevalence of the variant in affected individuals is significantly increased compared to the preva-
lence in controls 

Moderate evidence of pathogenicity 

PM1 Located in a mutational hot spot and/or critical and well-established functional domain (e.g. active site 
of an enzyme) without benign variation 

PM2 Absent from controls (or at extremely low frequency if recessive) in Exome Sequencing Project, 1000 
Genomes or ExAC 

PM3 For recessive disorders, detected in trans with a pathogenic variant 

PM4 Protein length changes due to in-frame deletions/insertions in a non-repeat region or stop-loss variants 

PM5 Novel missense change at an amino acid residue where a different missense change determined to be 
pathogenic has been seen before 

PM6 Assumed de novo, but without confirmation of paternity and maternity 

Supporting evidence of pathogenicity 

PP1 
Co-segregation with disease in multiple affected family members in a gene definitively known to cause 
the disease 

PP2 Missense variant in a gene that has a low rate of benign missense variation and where missense variants 
are a common mechanism of disease 

PP3 Multiple lines of computational evidence support a deleterious effect on the gene or gene product (con-
servation, evolutionary, splicing impact, etc) 

PP4 Patient’s phenotype or family history is highly specific for a disease with a single genetic etiology 

PP5 Reputable source recently reports variant as pathogenic but the evidence is not available to the laborato-
ry to perform an independent evaluation 
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Table 2: Benign criteria in the ACMG/AMP Standards and Guidelines (Richards et al., 2015). 

Stand-Alone evidence of benign impact 

BA1 Allele frequency is above 5% in Exome Sequencing Project, 1000 Genomes, or ExAC 

Strong evidence of benign impact 

BS1 Allele frequency is greater than expected for disorder 

BS2 
Observed in a healthy adult individual for a recessive (homozygous), dominant (heterozygous), or X-
linked (hemizygous) disorder with full penetrance expected at an early age 

BS3 Well-established in vitro or in vivo functional studies shows no damaging effect on protein function or 
splicing 

BS4 Lack of segregation in affected members of a family 

Supporting evidence of benign impact 

BP1 Missense variant in a gene for which primarily truncating variants are known to cause disease 

BP2 Observed in trans with a pathogenic variant for a fully penetrant dominant gene/disorder; or observed 
in cis with a pathogenic variant in any inheritance pattern 

BP3 In-frame deletions/insertions in a repetitive region without a known function 

BP4 Multiple lines of computational evidence suggest no impact on gene or gene product (conservation, 
evolutionary, splicing impact, etc) 

BP5 Variant found in a case with an alternate molecular basis for disease 

BP6 Reputable source recently reports variant as benign but the evidence is not available to the laboratory to 
perform an independent evaluation 

BP7 
A synonymous (silent) variant for which splicing prediction algorithms predict no impact to the splice 
consensus sequence nor the creation of a new splice site AND the nucleotide is not highly conserved 

 

 

Figure 2: The ACMG Guidelines criteria combination. Letters P and B in the first letter of evidence codes 

represent pathogenic and benign, respectively. The following letters indicate the strength of evidence such as 

stand-alone (A), very strong (VS), strong (S), moderate (M) and supporting (P). Adapted from Brnich et al. 

(2018). 
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1.6.2 Limitations of the original framework 

In 2016, nine independent clinical laboratories were asked to assess the pathogenici-

ty of ninety-nine variants by the ACMG/AMP Standards (Amendola et al., 2016). The 

initial concordance across these diagnostics laboratories for these variants was found 

to be only 34%. After consensus discussions, the concordance increased to 71%. The 

systematic analysis revealed the primary causes of discordance as (i) subjective inter-

pretation of the rules, (ii) improper use of the criteria, (iii) lack of experience/training 

in medical genetics and (iv) unfamiliarity with the guidelines. Therefore, Amendola et 

al. provided a set of recommendations and rule clarifications to increase consistency.  

Harrison et al. (2017) reported that most of the discrepancy between classifi-

cations stems from the application of functional data (PS3, PM1, PP2, BS3) and pop-

ulation data (BS1, BS2, PS4). Harrison et al. (2019) further investigates the self-

consistency of the rules and emphasized the problems with criteria concerning popu-

lation data (BA1, BS1, PM2), functional data (PVS1, PM1, PP2), case-level data (PS2, 

PS4, PM3, PM6) and rule combinations.  

Since the original guidelines were intended to be a suggestive guide rather 

than a prescriptive framework, most rules are broadly defined to allow clinical geneti-

cists a degree of freedom. For example, BS1 rule (variant is too common to be patho-

genic for disease) can be interpreted differently based on the data and such data 

might not always be available for every disease. Moreover, reliability of variant cura-

tions in ClinVar, a database commonly used for PP5 and BP6 rules, is another point 

of discussion (Biesecker et al., 2018; Richards et al., 2018). Another example is the 

misuse of high-level evidence such as PVS1 (null variant in LoF gene), which can 

dramatically affect the final verdict. In addition, the classification of variants with 

conflicting evidence, where pathogenic and benign evidence are activated together, 

was not addressed, leading to an increase in the number of variants of unknown sig-

nificance. All these scenarios and the evidence from the studies mentioned above 

demonstrate a need to refine and improve the rules to maintain consistency. 
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1.6.3 ClinGen rule specifications 

Although ACMG/AMP essentially standardized the variant curation and terminology, 

some rules remained ambiguous by leading to different interpretations. To improve 

the guidelines, the Clinical Genome Resource (ClinGen) published numerous recom-

mendations for the ACMG/AMP Criteria (Abou Tayoun et al., 2018; Brnich et al., 

2019; Ghosh et al., 2018; Pejaver et al., 2022; Walker et al., 2023) and disease-based 

specifications for variant classification (Gelb et al., 2018; Kelly et al., 2018; Lee et al., 

2018; Mester et al., 2018; Zastrow et al., 2018; Luo et al., 2019; Oza et al., 2018). 

 

1.6.3.1 PVS1 – Null variant rule 

ClinGen has published their first recommendations to prevent inappropriate use of 

the single pathogenic very strong rule (Abou Tayoun et al., 2018). PVS1 was sup-

posed to be assigned for null variants (stop-gain, frameshift, canonical splice variant, 

start-loss, exon deletion) in diseases with known LoF mechanism. Although null vari-

ants were shown to be extensively involved in LoF mutations, the ACMG/AMP 

Guidelines did not explicitly address specific cases that require a reduction in evi-

dence weight. Abou Tayoun et al. provides a detailed decision tree to overcome these 

uncertainties. 

 The decision tree consists of a different branch for each consequence. It con-

siders NMD prediction, functional relevance of altered region, protein function, per-

centage of removed region and population frequency for nonsense, frameshift, canon-

ical splice site and exon deleting variants. Depending on the tree, these variants can 

activate PVS1 rule at moderate, strong, or very strong levels of evidence. If a variant 

is absent from a biologically relevant transcript, then it is not considered for PVS1. 

Claiming that start-altering variants are abundantly present within our genome, they 

recommend applying PVS1 as supporting or strong evidence based on the presence of 

an alternative start in a different transcript and clinical relevance of the removed re-

gion. 
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1.6.3.2 PS3/BS3 – Functional assay rule 

Given the variability of experimental approaches to study a disease mechanism, the 

reliability and resemblance of these assays have always been questioned. To resolve 

these disputes, ClinGen published specifications for determining the validity of func-

tional evidence, providing a decision tree that evaluates disease mechanism, applica-

bility of the assay, use of controls and statistical metrics (Brnich et al., 2019). 

 

1.6.3.3 BA1 – Common variant rule 

The BA1 criterion rule in the ACMG Guidelines is the only rule that is sufficient to 

classify a variant with a frequency above 5% in the general population as benign. 

However, variants of low penetrance might be commonly present in populations. 

ClinGen analyzed variants that fit this definition on ClinVar and identified nine 

common low-penetrance pathogenic variants in seven genes (Ghosh et al., 2018). It 

was proposed to exempt these variants from the application of BA1 rule. Although 

they also called on laboratories to make nominations to the exception list, there have 

been no updates since then. 

 

1.6.3.4 PP3/BP4 – In silico prediction rule 

The increasing number of computational predictors has raised the question of which 

algorithm is better and how reliable they are. Ghosh et al. (2017) revealed that the 

community continues using legacy tools, even though they perform worse than newer 

counterparts. Thus, ClinGen calibrated thirteen prediction tools by evaluating their 

accuracy for known pathogenic variants (Pejaver et al., 2022). The study recommends 

the use of BayesDel, MutPred2, REVEL or VEST4 with defined scores ranges corre-

sponding to levels of evidence from supporting to strong. 
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1.6.3.5 Splice variants 

Considering the significant contribution of splice defects to diseases (Danis et al., 

2021; Singh & Cooper, 2021), the accurate interpretation of splice variants is pro-

foundly important. While the 2015 ACMG Guidelines consider the canonical splice 

variants as null variants, no detailed specifications were provided for non-canonical 

splice variants despite their potential contribution in unsolved cases (Blakes et al., 

2022). Therefore, ClinGen provided further guidance for the classification splice-

altering variants (Walker et al., 2023). The recommendations include a decision tree 

combining tools predicting splice alterations, previous clinical reports and PVS1 

flowchart by Abou Tayoun et al. (2018) for variants inside (canonical) or outside do-

nor/acceptor ±1,2 dinucleotide sites (non-canonical). 

 

1.6.3.6 Point-based scoring system 

After evaluating a variant for each criterion, it is classified into a pathogenicity class 

based on rule combinations described in Figure 2. However, this heuristic classifica-

tion system was limited in considering different rule combinations and interpreting 

variants with conflicting evidence. Thus, Tavtigian et al. (2018) developed a Bayesian 

framework, a statistical inference method which enables calculating posterior proba-

bilities using available information, for aggregating criteria into classification groups. 

Later, this statistical framework was updated to a simpler score-based system 

(Tavtigian et al., 2020). In this system, each weight of evidence has a corresponding 

score, and a variant is classified according to the total scores accumulated. 

 

1.6.3.7 Variant Curation Expert Panels 

Along with Sequence Variant Interpretation (SVI) subgroup aimed at improving the 

ACMG/AMP Guidelines, ClinGen established VCEPs, which consists of medical ge-

neticists specialized in different diseases, to provide disease-specific recommenda-

tions for the interpretation of variants in clinically actionable genes. There are more 
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than twenty approved expert panels that have published their specifications to date 

(https://clinicalgenome.org/affiliation/vcep). 

 VCEP specifications primarily differ in the application of population frequency 

rules (PM2, BA1, BS1, BS2) from the ACMG/AMG Guidelines, introducing disease-

specific thresholds. Claiming the thresholds in the original guidelines are too con-

servative, the panels almost collectively utilize Whiffin-Ware calculator (Whiffin et 

al., 2017) to calculate maximum credible allele frequency based on prevalence, pene-

trance, and heterogeneity. Additionally, VCEPs provide further specifications for the 

use of in silico predictors, functional assays, and case-control studies in variant cura-

tions. VCEPs do not only improve the high-confidence variant curations for actiona-

ble diseases, but also inspire SVI for updates to the ACMG/AMP Guidelines in terms 

of aspects that can be generalized to any diseases. 

 

1.7 Automated Variant Classification Platforms 

One of the concerns raised by Amendola et al. (2016) was the methodological differ-

ences in the application of the ACMG Rules. Thus, they encouraged to computational-

ly automate the process of variant curation to minimize the discordance. Li & Wang 

(2017) have been first to answer this call with their tool, InterVar. There have been 

other solutions by clinical diagnostic companies. Of them, Franklin (https:// 

franklin.genoox.com) and VarSome (Kopanos et al., 2019) are frequently used plat-

forms and provide limited access to their classification tools. Currently available clas-

sification platforms and tools are listed in Table 3. 

Table 3: Currently available variant classification tools. 

Tool Developer Release Year Guidelines Paper 

AAVC Bilkent 2024 ACMG/ClinGen+ This study 

AION Nostos ? ACMG N/A 

Alamut Sophia ? ACMG/? N/A 

Alissa Interpret Agilent ? ACMG/? N/A 

CharGer WUSM 2019 ACMG Scott et al. (2019) 

Classifi Ambry ? ACMG/? N/A 

Emedgene Illumina ? ACMG/? N/A 

https://clinicalgenome.org/affiliation/vcep
https://franklin.genoox.com/
https://franklin.genoox.com/
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eVai EnGenome 2022 ACMG/ClinGen Nicora et al. (2022) 

Franklin Genoox ? ACMG/ClinGen N/A 

InterVar USC 2017 ACMG Li & Wang (2017) 

MAGI-ACMG MAGI 2023 ACMG/ClinGen Cristofoli et al. (2023) 

Moon Invitae ? Sherloc N/A 

SEQ Platform Genomize ? ACMG/? N/A 

Sunquest Mitogen Sunquest ? ACMG/? N/A 

VarSeq Golden Helix ? ACMG/ClinGen N/A 

VarSome Sephator 2019 ACMG/ClinGen Kopanos et al. (2019) 

ACMG: The ACMG Guidelines are followed, ACMG/?: The ACMG Guidelines are followed but it is unclear wheth-

er the ClinGen Modifications were also implemented.  ACMG/ClinGen: The ACMG Guidelines are followed, and 

the ClinGen Guidelines are implemented to some extent. ACMG/ClinGen+: The ACMG Guidelines and the ClinG-

en Modifications are fully implemented including latest splice variant specifications (Walker et al., 2023). Sherloc: 

Invitae’s ACMG-derived variant classification framework (Nykamp et al., 2017), USC: University of Southern 

California. 

 

1.7.1 InterVar, Franklin and VarSome 

InterVar (Li & Wang, 2017) is a command-line tool that takes VCF as input and an-

notates it with ACMG classifications and criteria met. If the VCF input is unannotat-

ed, InterVar first calls ANNOVAR to obtain necessary information for the interpreta-

tion. InterVar basically employs VCF annotations and pre-generated tables and 

checks if variant under assessment satisfies the criteria, automating 18/28 of the 

ACMG Criteria. Users can manually provide input for the remaining criteria. The 

software can also be accessed via a web server (https://wintervar.wglab.org). 

 Even though InterVar was a pioneering work, it has certain limitations today. 

Firstly, it is not quite accessible since it requires third-party software for annotation 

and wInterVar is not a rapid and flexible solution. Next, the pre-generated tables em-

ployed in the automated interpretation are outdatednow and we have better alterna-

tives and improved solutions today. Most importantly, InterVar was released long 

before the ClinGen Specifications emerged. Thus, the software makes its interpreta-

tions by the 2015 ACMG Standards. Therefore, these limitations make it a less attrac-

tive solution for automating variant classification nowadays. 

Franklin and VarSome provide solutions for variant interpretation powered by artifi-

cial intelligence (AI). They integrate information from databases including gnomAD 

https://wintervar.wglab.org/
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(Chen et al., 2024), ClinVar (Landrum et al., 2014), UniProt (Apweiler et al., 2004) 

and Ensembl (Hubbard et al., 2002) in their classification algorithms. Because Frank-

lin has still not published a peer-reviewed paper, the methodology is not totally clear. 

It is known that either tool follows the ACMG Guidelines and some ClinGen specifica-

tions. However, they fail to implement the recent ClinGen specifications for splice 

variants (Walker et al., 2023). Whereas Franklin and VarSome are effective solutions, 

neither tool provides a detailed explanation on their methodology, raising questions 

about their reliability and consistency. 

 

1.7.2 Other classification programs 

There are other approaches with different uses that are promising. CharGer (Scott et 

al., 2019) interprets variants in a pre-annotated VCF file for the 2015 ACMG Criteria 

and some custom criteria via the command-line. AutoPVS1 (Xiang et al., 2020) au-

tomates the null variant rule (PVS1) based upon the ClinGen Specifications (Abou 

Tayoun et al., 2018). VIP-HL (Peng et al., 2021) classifies hearing loss (HL) associat-

ed variants according to the ClinGen HL VCEP Specifications (Oza et al., 2018). MA-

GI-ACMG (Cristofoli et al., 2023) is another classification algorithm built upon Var-

Some and assesses variants following the ACMG and the Association for Clinical Ge-

nomic Science Guidelines (Ellard et al., 2020). 

 

1.7.3 Shortcomings of classification programs 

Currently available programs for automating the variant classification lack detailed 

explanation for their methodology. The ACMG Guidelines are not a set of strictly de-

fined rules, but a broad set of recommendations for clinical geneticists. It is today 

known that many clinical diagnostics labs follow their own approaches to practice the 

ACMG Guidelines. Moreover, VCEPs implement their own disease- or gene-specific 

modifications to the guidelines. These require applying adjustments to the framework 

for the interpretation of different genes. Available platforms fail to provide necessary 
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details on how their algorithms function. For the very same reason, it is not possible 

to assess the consistency of these tools since they are not well-documented. The way 

they evaluate the pathogenicity slightly deviates from the ACMG guidelines and the 

ClinGen Specifications as summarized in Table 4. Data privacy is another implication 

of these online platforms. Institutional, organizational, or governmental regulations 

might not allow the sharing and storage of sensitive genetic data with third parties. It 

is thus understandable that labs may prefer to run such algorithms in their own de-

vices. 

 Generally, available programs either fail to follow the latest recommendations 

or lack practicality of use. None of the tools listed in Table 4, except AAVC, complete-

ly incorporates the ClinGen recommendations together with the ACMG Guidelines. 

Apart from that, they require third party software to run.  

Table 4: The differences between AAVC, Franklin, VarSome. The differences in the application of fre-

quency rules (PM2, BA1, BS1, BS2), reported variant rules (PP5, BP6), in silico prediction rules (PP3, BP4), splice 

variants and VUS subclassifications based on the ACMG Guidelines are described. 

. AAVC Franklin VarSome 

Frequency rules gene-specific cut-offs gene-specific cut-offs universal cut-offs 

Reported variants adjusts evidence level by 
submission confidence 

marks submissions before 
2015 as low confidence 

adjusts evidence level by 
submission confidence 

In silico predictions 
follows ClinGen specifica-
tions (Pejaver et al., 2021) 

aggregates prediction 
tools uses MetaRNN 

Splice variants 
follows ClinGen specifica-
tions (Walker et al., 2023) unknown unknown 

VUS subclassification implements does not implement does not implement 
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1.8 Rationale and Motivations of the Work 

Manual interpretation of sequence variants by the ACMG/AMP Guidelines is a highly 

subjective and an error-prone exercise due to open-ended definitions of the rules. 

Available platforms that automate the process come with their restrictions. They pre-

fer not to share their methodology in a peer-reviewed journal due to commercial con-

siderations and do not guarantee data privacy and confidentiality. While alternative 

solutions exist, they fail to offer convincing frameworks since they either address to 

specific aspects of the classification process or fail to provide comprehensive, con-

sistent and user-friendly frameworks supported with up-to-date methodologies. 

Therefore, the scientific community is in need of an alternative platform, which is 

highly accurate, inherently consistent and up to date. Here, the work presented is a 

framework that enables interpretation of sequence variants by the ACMG/AMP 

Standards, the ACGS Best Practices, the ClinGen Specifications and other recom-

mendations from the literature. 
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Chapter 2 

Materials and Methods 

 

 

2.1 Incorporated Databases 

AAVC retrieves information regarding genomic features, in silico predictions and 

population frequencies by maintaining access to sixteen different databases. The tool 

executes a query algorithm to communicate with Ensembl and gnomAD web servers 

via their application programming interfaces (APIs). In addition, further information 

is obtained from pre-generated local databases. The raw data generated from these 

sources is later wrangled and assigned to variants for the upcoming steps. 

 

2.1.1 Genome databases 

Ensembl (Harrison et al., 2024) is the primary data source integrated in AAVC, 

providing variant consequences, genomic features, and protein sequences. The data-

base, which is one of the cornerstones of genomics research, has been maintained by 

the European Bioinformatics Institute since 2002 (Hubbard et al., 2002). Ensembl 

VEP (McLaren et al., 2016) is an extensively integrated algorithm into the prioritiza-
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tion pipelines to predict variant consequences. BioMart (Smedley et al., 2009) is a 

query tool that enables easy access to information stored in Ensembl databases via 

web browsers. Ensembl REST API (Yates et al., 2015) also provides programmatic 

access, allowing users to directly interact with the databases for large queries. 

 PanelApp by Genomics England (Martin et al., 2019) is an expert-curated da-

tabase for gene-disease associations. The mode of inheritance and pathogenicity of 

genes from PanelApp are used for variant interpretation by AAVC. UniProt database 

(UniProt, 2023) is integrated into AAVC to locate functional domains for a given 

gene. RepeatMasker (Smit et al., 1996-2010) annotates repeat elements, satellite re-

gions and low complexity sequences and enables AAVC to identify error-prone re-

gions. 

 

2.1.2 Variant databases 

ClinVar (Landrum et al., 2014) is a large public database of variant submissions and 

associated phenotypes. As of June 2024, ClinVar contains 2.8 million variants with 

their classification summaries, providing a retrospective perspective for understand-

ing the clinical relevance of human genetic variation. gnomAD (Chen et al., 2024) is a 

browser that aggregates genetic variation of populations. The latest version, gnomAD 

v4, empowers genetic studies by providing variation data from approximately 

800,000 individuals across diverse populations. 

 

2.1.3 Prediction tools 

Given the high accuracy and specificity of BayesDel compared to other tools (Tian et 

al., 2019), it is the preferred meta-predictor for missense variants in AAVC. Feng 

(2017) developed BayesDel by combining PolyPhen-2 (Adzhubei et al., 2010), SIFT 

(Ng & Henikoff, 2003), FATHMM (Shihab et al., 2013), LRT (Chun & Fay, 2009), 

MutationTaster (Schwarz et al., 2010), MutationAssessor (Reva et al., 2011), phyloP 

(Pollard et al., 2010), GERP++ (Davydov et al., 2010), and SiPhy (Garber et al., 
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2009). Moreover, BayesDel was one of the four tools recommended to be used for in 

silico evidence by ClinGen (Pejaver et al., 2022). 

 SpliceAI (Jaganathan et al., 2019) is a deep learning-based prediction tool for 

splice alterations. In the ClinGen’s guide for splice variant interpretation, SpliceAI 

was selected for its sensitivity and specificity that outperform other splice predictors 

(Walker et al., 2023).  

 SpliceVault (Dawes et al., 2023) is a mis-splicing events database constructed 

on RNA sequences of 330,000 samples. The rationale behind the SpliceVault is that 

the consequence of a variation affecting splicing can be inferred from naturally ob-

served mis-splicing events. 

 phyloP100way (Pollard et al., 2010) scores the conservation for each base for 

ninety-nine vertebrates in comparison to human genome. ClinGen VCEPs recom-

mend integration of phyloP100way into the classification pipelines, since it may give 

an idea on functional importance of the region (Luo et al., 2019; Mester et al., 2018). 

 

2.2 AAVC Framework Design 

AAVC is a variant classification framework that automates the entire process from 

aggregating evidence from public resources to assessing the clinical relevance of a 

variant based on the ACMG Guidelines and the ClinGen Specifications. It is devel-

oped as a Python script, which is a general-purpose programming language 

(https://www.python.org) and built on pandas (https://pandas.pydata.org) and 

PostgreSQL (https://www.postgresql.org) packages that enable handling large da-

tasets. In the generation and manipulation of in-house tables, R environment 

(https://www.r-project.org) was exploited. AAVC requires variant position, reference 

and alternative allele information as input and generates a tab-separated output file 

with variant classification and assertion criteria. 

https://www.python.org/
https://pandas.pydata.org/
https://www.postgresql.org/
https://www.r-project.org/
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2.2.1 Data Query 

An application programming interface (API) is software that facilitates the communi-

cation between a client and a server. AAVC retrieves essential information from En-

semble VEP and gnomAD via their APIs. Once the user provides input, the variants 

are split into batches of twenty-five variants due to quotas imposed by the databases. 

Then a query is made in these databases through their APIs for each batch. 

 

2.2.1.1 Variant consequence 

Ensembl VEP provides the most critical information in variant prioritization, which is 

the consequence of a variant at mRNA and protein level. Gene, transcript, strand, 

nucleotide change, amino acid change, canonical status are other annotations re-

trieved via the Ensembl REST API. Pre-calculated BayesDel, SpliceAI and phy-

loP100way scores are also accessible via the Ensembl API services. However, func-

tional annotation is much more complicated, considering a typical variant affects 

more than once transcript due to alternative splicing. Therefore, all the information 

retrieved is supposed to be transcript dependent. To overcome this problem, AAVC 

runs the Ensembl REST API for VEP with pick parameter (--pick), which prioritizes 

the affected transcripts based on biological relevance of the transcript, transcript bio-

type, functional impact of the variant, and transcript length. Then the variant is anno-

tated and curated for the selected transcript. 

 

2.2.1.2 Variant frequency 

Distinguishing between common and rare variations is an important aspect of variant 

classification, and gnomAD stands out as a unique resource documenting human var-

iation. Nonetheless, the pattern of variation is greatly confounded by the genetic 

structure of populations. Therefore, the observation of a variant at low frequency in 

the general population does not necessarily mean that it is under selective pressure, 

as it can be found at higher frequencies in another population, indicating a neutral 
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effect. To this end, gnomAD v4 provides allele frequencies for ten distinct genetic an-

cestry groups: Admixed American, African/African American, Amish, Ashkenazi Jew-

ish, East Asian, Finnish, Non-Finnish European, Middle Eastern, Remaining and 

South Asian. Filtering allele frequency (FAF), at the lower limit of the 95% confidence 

interval of the observed frequency, is calculated for each non-bottlenecked group. 

Then based on the ancestry group with maximum FAF, each variant is assigned with 

its GroupMax FAF value. In AAVC, these GroupMax FAF annotations are obtained 

together with number of individuals with homozygous alleles for each variant via 

gnomAD API services. 

 

2.2.1.3 Gene-disease associations 

For inheritance patterns and disease associations of genes, AAVC refers to Genomics 

England PanelApp, which guides medical geneticists with their expert-curated panels 

for over five thousand genes. Gene-level annotation is especially important for com-

plex diseases, where pleiotropic effects are not uncommon. Plus, the mode of inher-

itance of a gene modifies the implementation of population data rules. AAVC re-

trieves that information locally using annotated gene identifiers. 

 

2.2.2 Local Tables 

Although the essential annotation comes through web services, AAVC uses local da-

tabases to retrieve consequence-specific annotation, reducing the processing times. 

These tables are derived from large public databases including Ensembl BioMart, 

gnomAD and ClinVar. Given the large raw file sizes, all the manipulation, including 

pruning, grouping, cross-annotating, and deriving the raw data, was performed via 

Linux terminal and R environment by data.table package (https://rstudio.github.io/ 

DT) that offers a rapid manipulation for large datasets by multithreading. All local 

tables are stored in PostgreSQL with appropriate indices and interacted via SQLAl-

chemy (https://www.sqlalchemy.org) when required. 

https://rstudio.github.io/DT
https://rstudio.github.io/DT
https://www.sqlalchemy.org/
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2.2.2.1 Genomic features 

exons.txt: It is a BioMart-derived tab-delimited table that was compiled to comple-

ment the information in Ensemble VEP. The table consists of 21 columns described 

in Table 5. It contains gene and transcript identifiers, protein length, transcript and 

exon positions, exon ranks and counts, and other exon-specific annotations. 

Table 5: Structure and description of exons.txt file. 

# Column name Description 

1 gene HGVS gene symbol 

2 synonyms HGNC gene synonyms 

3 ensg_id Ensembl gene ID (ENSG…) 

4 biotype Transcript class (protein coding, ncRNA, pseudogene, etc.) 

5 enst_id Ensembl transcript ID (ENST…) 

6 refseq_id RefSeq transcript ID (NM_...) 

7 is_canonical Ensembl canonical transcript status (1 or 0) 

8 prot_length Protein length in amino acids 

9 alt_start Position of the second methionine in the transcript 

10 alt_stop Position of the first stop codon in the 3’ UTR 

11 chr Chromosome name 

12 strand Forward (1) or reverse (-1) strand 

13 tcpt_start Transcript start position 

14 tcpt_end Transcript end position 

15 cds_start Coding sequence start position 

16 cds_end Coding sequence end position 

17 exon_rank Exon order in the transcript 

18 exon_count Total number of exons in the transcript 

19 exon_start Exon start position 

20 exon_end Exon end position 

21 highest_freq Highest pathogenic variant frequency within the exon 

 

 The primary information in the features table was provided by Ensembl Bi-

omart, however it was also annotated by additional resources. Gene synonyms were 

acquired from HUGO Gene Nomenclature Committee (HGNC) web services via their 

BioMart (https://biomart.genenames.org). To identify the alternative start and stop 

positions, the corresponding sequences (coding DNA and 3’ UTR sequences) were 

retrieved via Ensembl Biomart (https://www.ensembl.org/biomart/martview), then 

positions were computed via R and matched with the transcript IDs in the table. Of 

variants in gnomAD v4.1, ClinVar variants classified as pathogenic or likely patho-

genic were listed. Then, the highest pathogenic variant frequency for each exon was 

determined. 

https://biomart.genenames.org/
https://www.ensembl.org/biomart/martview
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domains.txt: UniProt (UniProt, 2023) provides access to expert curated protein 

features including processing sites, domains, interaction sites, protein modifications 

and secondary structures. Functionally relevant protein features and class-specific 

secondary structures based on the characterization of Iqbal et al. (2020). The list of 

features that domains.txt includes is shown in Table 6. 

Table 6: Protein features and secondary structures from UniProt.  

All protein features included in the domain dataset in the AAVC are listed below. 

Active site Domain Non-standard amino acids 

Beta strand* Functional region Peptide 

Binding site Functional site Sequence motif 

Coiled coil Helix* Topological domain 

Disulfide bond Intramembrane Transmembrane 

DNA-binding site Modified residue Zinc finger 

* Includes only specific protein classes for which these features are functionally relevant as reported by Iqbal et al. (2020). 

repeats.txt: RepeatMasker annotations are available on UCSC Genome Browser 

(https://hgdownload.soe.ucsc.edu/goldenPath/hg38/database). Using ClinVar data, 

each repeat range in the RepeatMasker database was annotated with pathogenic vari-

ant burden. In addition to variants with pathogenic, likely pathogenic and risk factor 

classifications, VUS with only likely pathogenic and/or pathogenic submissions were 

also included. 

homopolymers.txt: Homopolymeric regions are mostly misread by sequencing 

platforms due to polymerase slippage during amplification (Singer-Berk et al., 2023). 

This table contains all homopolymers with at least five nucleotide repeats for each 

chromosome. 

pext.txt: The expression patterns of alternative transcripts across tissues differ sig-

nificantly, contributing complexity of the variant interpretation. Therefore, the ex-

pression data should be integrated into variant prioritization workflows for accurate 

interpretations. Cummings et al. (2020) introduced a metric called pext (proportion 

expressed across transcripts) to account for the base-level expressivity across tran-

scripts. gnomAD provides mean pext values across tissues on their website 

(https://gnomad.broadinstitute.org/downloads). However, positions in the provided 

data were calculated for gnomAD v2.1.1 and aligned to hg19. Hence it was converted 

https://hgdownload.soe.ucsc.edu/goldenPath/hg38/database
https://gnomad.broadinstitute.org/downloads
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to hg38 positions via LiftOver software from the UCSC (https://hgdownload. 

soe.ucsc.edu/downloads.html). Deriving this data, the pext table was generated by 

matching the values to genes and grouping gene segments by pext values (Table 7). 

Table 7: A sample from pext.txt. 

gene_id chr start_pos end_pos mean_pext 

ENSG00000237683 1 138530 139309 1.00000 

ENSG00000235249 1 450738 451676 1.00000 

ENSG00000185097 1 685716 686654 1.00000 

ENSG00000187634 1 925942 930311 0.16993 

ENSG00000187634 1 930312 935793 0.88016 

ENSG00000187634 1 935794 939129 0.87175 

ENSG00000187634 1 939275 939291 0.93715 

ENSG00000187634 1 939292 939412 0.81618 

ENSG00000187634 1 939413 939460 0.10595 

ENSG00000187634 1 941144 943808 0.81618 

 

regional_constraints.txt: Analyzing the genomic regions that do not tolerate the 

missense variation, gnomAD provided regional missense constraints based on popu-

lation data for coding segments. The constraints are basically derived by comparing 

the observed and expected number of missense variants (o/e) in a region (Samocha et 

al., 2017). As the data is calculated for gnomAD v2.1.1 dataset, it was provided in 

hg19. Therefore, it was converted to hg38 positions by LiftOver. Unaligned positions 

were omitted. An o/e threshold of 0.4 (p ≤ 0.001) was used to define the constrained 

regions. 

vault.txt: SpliceVault (Dawes et al., 2023) is a compilation of naturally occurring 

mis-splicing events derived from RNA-seq data. Processing the information in the 

raw dataset, the functional consequence of the most common mis-splicing event of 

each splice site was annotated by characterizing the change in frame, alternative stop 

site for intron retention, lost protein percentage for exon deletion and skipping, trun-

cated range for mis-splicing events causing a stop gain. 

 

https://hgdownload.soe.ucsc.edu/downloads.html
https://hgdownload.soe.ucsc.edu/downloads.html
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2.2.2.2 Gene constraints 

disease_assoc.txt: PanelApp (Martin et al., 2019) is a gene-disease database curat-

ed by expert reviewers. The database extends the gene-disease associations to mode 

of pathogenicity and mode of inheritance annotations, which are two valuable infor-

mation pieces integrated into the AAVC. 

gene_metrics.txt: It stores gene based LoF metrics, haploinsufficiency curations, 

ClinVar statistics and frequency cutoffs. gnomAD provides statistical metrics based 

on population data: the probability of loss intolerance (pLI), the loss-of-function ob-

served/expected upper bound fraction (LOEUF) and missense Z scores (mis_z). A 

pLI value greater than or equal to 0.90 for the pLI is considered LoF intolerance, 

while a LOEUF value less than 0.6 indicates intolerance. Although they slightly differ 

in handling the uncertainty, both parameters are widely accepted in the evaluation of 

intolerance to LoF. A mis_z value greater than 3.09 suggests an intolerance to mis-

sense variation based on the deviation between expected and observed variants.  

ClinGen Dosage Sensitivity Working Group provides curations for over than 

1500 genes on their website (https://search.clinicalgenome.org/kb/gene-dosage). 

Their gene dosage curations follow an evidence-based workflow (Riggs et al., 2012). 

Haploinsufficiency data from these curations is integrated to this table. 

Based on ClinVar submissions, mutation spectrums of genes are characterized 

by two metrics: LoF percent and missense percent. LoF percent is computed as the 

abundance of pLoF variants among pathogenic or likely pathogenic (P/LP) variants 

for genes with at least 10 P/LP variants. Missense percent is calculated as the per-

centage of pathogenic variants among all missense variants for a given gene. These 

two metrics are later assessed for BP1 and PP2 rules. 

Lastly, this table contains gene-based frequency cutoffs based on population 

data from gnomAD. This cutoff is derived from the most common pathogenic variant 

in the gene. Along with this metric, the number of individuals homozygous for the 

https://search.clinicalgenome.org/kb/gene-dosage
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given variant for each gene is stored in the table. The use of the two metrics is ex-

plained in detail in Section 2.2.4.2. 

 

2.2.2.3 ClinVar Submissions 

clinvar.txt: ClinVar is weekly updated, and submissions can be downloaded as VCF 

or TSV files via their FTP servers (https://ftp.ncbi.nlm.nih.gov/pub/clinvar). Annota-

tions in the INFO column in VCF file were extracted using regular expressions (regex) 

in R and organized into separate columns. VUS with multiple submissions were re-

solved if they had at least one conclusive classification (LP, P, LB, or B). The schema 

for the table can be found in Table 8. 

The allelic origin of a variant is reported in ClinVar VCF files with numerical 

labels. This information was processed to annotate de novo variants in the database. 

Variants reported to be in trans with known pathogenic variants were also extracted 

by expression matching from submissions summary file. 

Table 8: Structure and description of clinvar.txt file. 

# Column name Description 

1 chr Chromosome name 

2 pos Variant position in chromosome 

3 id ClinVar Variation ID 

4 ref Reference allele 

5 alt Alternative allele 

6 gene Gene symbol 

7 effect HGVS expression (ex: NM_001005484:c.A44G:p.E15G) 

8 tcpt RefSeq transcript ID (ex: NM_001005484) 

9 nt_change Nucleotide change (ex: c.A44G) 

10 nt_pos Nucleotide change position in the transcript (ex: 44) 

11 aa_change Amino acid change (ex: p.E15G) 

12 aa_pos Amino acid change position in the protein (ex: 15) 

13 is_splicing Located in splice site or region (1 or 0) 

14 is_missense Results in amino acid change (1 or 0) 

15 is_indel Insertion/deletion (1 or 0) 

16 is_denovo Reported as de novo (1 or 0) 

17 is_intrans Detected as in trans with a pathogenic variant (1 or 0) 

18 cls ClinVar classification (P, LP, B, LB) 

19 star Review status (1-4) 

 

https://ftp.ncbi.nlm.nih.gov/pub/clinvar
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2.2.3 Variant Annotation 

Once the basic variant annotation from APIs is obtained, the algorithm annotates all 

variants with transcript information, functional domains, LoF metrics, gene-based 

frequency metrics, genomic context and ClinVar status from local databases de-

scribed in the section 2.2.2. Additional annotations are called by the algorithm in a 

variant-specific manner.  

 

2.2.3.1 Accessing transcript-specific information 

While multiple endpoints are provided with Ensembl REST API for several types of 

annotations, retrieving all required information via APIs is costly. Thus, some infor-

mation is accessed locally, minimizing the dependency on the web servers. Coding 

strand, transcript length, protein length, canonical status, transcript start and end 

positions, exon start and end positions, highest pathogenic variant frequency with the 

exon are fetched from local databases by matching the Ensembl transcript ID provid-

ed by Ensembl API. 

 

2.2.3.2 Sourcing ClinVar classifications 

In the AAVC, the ClinVar database (see Section 2.2.2.3) consists of over 1 million var-

iants classified as B, LB, LP, or P. The algorithm first checks whether the variant un-

der assessment is reported previously. Depending on the rule, it seeks out reported 

variants within the same gene, domain, exon, splice site, removed region or a specific 

range. The query is primarily made by genomic positions. 

2.2.3.3 Retrieving genomic features 

Understanding the genomic context of variation is made possible via multiple annota-

tions in the AAVC. RepeatMasker and Uniprot databases supply the algorithm with 

annotations for repeat elements and functional domains, respectively (see Section 
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2.2.2.1). Pext scores and homopolymeric regions are accessed for null variants (see 

Sections 2.2.2.1 & 2.2.2.2).  

 

2.2.4 Criteria Interpretation 

Evaluation of certain criteria requires some advanced calculation, and this is achieved 

by either running scripts during processing or using pre-calculating values for the 

assessment. Next, deciding whether a variant is rare or common in a gene-specific 

manner involves a set of calculations. Finally, identifying alternative start codons in 

the transcript for start-loss variants and alternative stop codons for stop-loss variants 

requires sequence-level information. 

 

2.2.4.1 Nonsense-mediated decay prediction 

Nonsense-mediated decay (NMD) is a cellular pathway triggered by truncated vari-

ants and eliminates aberrant transcripts, resulting in no protein product. Based on 

functional studies, today we know mechanisms that can lead to NMD and predict it. 

Ensembl provides an NMD prediction algorithm (https://github.com/Ensembl/ 

VEP_plugins/blob/release/111/NMD.pm) based on findings by Coban-Akdemir et 

al. (2018) and Lindeboom et al. (2016). Adopting the principles provided here, it was 

re-produced and embedded in the AAVC. All stop-gain and frameshift indels subject-

ed to the algorithm are evaluated whether they satisfy one of the following features 

that leads to NMD escape: 

i. Variant located within first 100 bp in the transcript 

ii. Variant in a single-exon transcript 

iii. Variant in last exon 

iv. Variant in the last 55 bp of the penultimate exon 

 

https://github.com/Ensembl/VEP_plugins/blob/release/111/NMD.pm
https://github.com/Ensembl/VEP_plugins/blob/release/111/NMD.pm
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2.2.4.2 Gene-based frequency cut-offs 

Many VCEPs adopted disease-based approaches for population data rules (Gelb et al., 

2018; Kelly et al., 2018; Mester et al., 2018; Luo et al., 2019; Oza et al., 2018). Given 

the unavailability of established metrics such as prevalence and penetrance for most 

diseases, these approaches fail to be extended to all diseases. Alternatively, imple-

mentation of gene-based allele frequency cut-offs for accurate interpretation of popu-

lation data was first time suggested by Kobayashi et al. (2017). Inspired by this study, 

AAVC takes a gene-based approach to evaluating population data similar to ClinGen 

VCEPs. 

 Genes (n=1954) with at least one two-star pathogenic (or likely pathogenic) 

variants from submissions with independent confirmation, in ClinVar were first de-

termined. Then the most common pathogenic variant (mocopav) for each gene based 

on gnomAD v4 Exomes popmax values was identified. Rounding up these frequen-

cies, a threshold of rarity is set for each gene. Similarly, the number of homozygotes 

for the mocopav is also determined for each gene. The processing was done in Python 

through gnomAD API. These values are accessible for the algorithm from the file 

gene_metrics.txt. 

 

2.2.4.3 Text mining functional assays from ClinVar 

The ACMG Guidelines consider in vitro or in vivo functional assay results as strong 

evidence for or against pathogenicity (PS3/BS3). While most clinical laboratories do 

not have access to wet lab experiments, reviewing the literature for functional studies 

performed for the variant under assessment might be time-consuming. Thus, a lan-

guage model was trained for text classification to extract functional assays by their 

findings, whether disrupting or neutral, from ClinVar submission summaries. The 

trained model enables AAVC assigning PS3 or BS3 for variants reported on ClinVar. 

 Firstly, submissions with terms demonstrated in Table 9 were extracted from 

ClinVar. Then, approximately three thousand entries were manually evaluated to de-
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termine whether the assays produced mutant or wild type phenotypes or inconclusive 

results. Then, a biomedical language model, BioBERT (biobert-large-cased-v1.1) (Lee 

et al., 2020), was employed to train a classification model on the labeled data. As a 

result, about 250,000 submissions that contained at least one of keywords in Table 9 

were classified by the model with an accuracy of 97% for the test set after several 

steps of fine-tuning. A database of functionally studied variants was compiled using 

classified data. 

Table 9: Keywords used to extract submissions with reported functional assays. 

activity drosophila loxP pombe southern 

affinity elegans mice precipitation transcription(al) 

animal enzym(e/atic) minigene ps3 transfect(ion) 

assay experiment model pull down transgen(e/ic) 

binding FISH morpholino rerio voltage 

bs3 fluorescence mouse rescue western 

cell (culture/line) functional murine RNA stud(y/ies) wild 

cerevisiae histochemistry musculus RNAi wt 

cybrid in vivo mutagenesis saccharomyces yeast 

 

In addition, multiplexed functional assays from the literature for x genes were 

manually curated and added into the dataset (Table 10). The final database consists 

of 25,800 functionally damaging and 21,857 functionally neutral alterations. The in-

tegration of the database into the classification is further detailed in Section 2.3.2. 

Table 10: List of genes with multiplexed assays of variant effect. Approximately 30,000 functionally 

studied variants across 30 genes were manually compiled from the literature. 

Gene(s) PMID Paper 

ALPL 32160374 Del Angel et al., 2020 

BRCA1 31907386 Kim et al., 2020 

BRCA1 30209399 Findlay et al., 2018 

BRCA1 32546644 Bouwman et al., 2020 

BRCA1 23867111 Bouwman et al., 2013 

BRCA1 18992264 Carvalho et al., 2009 

BRCA1 17308087 Carvalho et al., 2007 

BRCA1, BRCA2 29884841 Hart et al., 2019 

BRCA2 33609447 Richardson et al., 2021 

BRCA2 29394989 Guidugli et al., 2018 

BRCA2 35736817 Hu et al., 2022 

CHEK2 30851065 Delimitsou et al., 2019 
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CYP2C9  34314704 Amorosi et al., 2021 

GALM 30910422 Iwasawa et al., 2019 

GATM 27233232 DesRoches et al., 2016 

HMBS 37729906 van Loggerenberg et al., 2023 

HNF1A, HNF4A, HNF1B 33950347 Çubuk & Yalçın Çapan, 2021 

IDS 30639582 Zhang et al., 2019 

KCNQ4 35760561 Zheng et al., 2022 

LDLR 35568682 Graça et al., 2022 

LDLR 34167030 Alves et al., 2021 

LDLR 29874871 Benito-Vicente et al., 2018 

LDLR 23021490 Silva et al., 2012 

LEPR, PCSK1, POMC 36864747 Shah et al., 2023 

MLH1 17510385 Takahashi et al., 2007 

MLH1, MSH2 19697156 Christensen et al., 2009 

MSH2 33357406 Jia et al., 2021 

MSH2 36550560 Scott et al., 2022 

MSH6 34445333 Frederiksen et al., 2021 

NPC1 35190686 Erwood et al., 2022 

NUDT15 32094176 Suiter et al., 2020 

OTC 37146589 Lo et al., 2023 

PALB2 31757951 Boonen et al., 2019 

PTEN 29706350 Mighell et al., 2018 

PTEN 32350270 Post et al., 2020 

RAD51C 36099300 Prakash et al., 2022 

RAD51C 37253112 Hu et al., 2023 

SCN1A 31782251 Brunklaus et al., 2020 

SHH 32939873 Hong et al., 2020 

UBE3A 34815418 Weston et al., 2021 

UBE3A 33607653 Bossuyt et al., 2021 

VKOR 32870157 Chiasson et al., 2020 

 

2.3 Rule Implementation 

AAVC offers an evidence-based variant classification methodology following the 

ACMG Standards and the ClinGen Recommendations. In addition, the ACGS Best 

Practices and the ClinGen VCEP Specifications are partially incorporated in the algo-

rithm. With the aim of maintaining consistency, all evidence is sourced from well rec-

ognized large public databases, described Sections 2.2.1 & 2.2.2, by the scientific 

community. Furthermore, the custom modifications, discussed in Section 2.2.4, are 

provided with appropriate justification to improve the classification. Adhering to 
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these principles, AAVC automatically evaluates 21 of the 28 ACMG Criteria as fol-

lowed: PVS1, PS1, PS2, PS3, PM1, PM2, PM3, PM4, PM5, PP2, PP3, PP5, BA1, BS1, 

BS2, BS3 BP1, BP3, BP4, BP6, BP7. 

 

2.3.1 Population Frequency Rules 

A variant commonly observed in populations is considered neutral, while a rare vari-

ant is under selective pressure and likely to be associated with a disease phenotype. 

The original guidelines consider rare variants pathogenic based on their absence or 

low frequency in population databases, but the definition of rare or common may be 

variable for genes. Thus, AAVC employs gene-based thresholds described in Section 

2.2.4.2. 

 The frequency of the most common pathogenic variant (mocopav) is set as cut-

off BS1 (too common to be pathogenic for the disease) and an order of magnitude is 

used as cut-off for PM2 (rare in population databases). The PM2 rule is applied at 

supporting level of evidence, as recommended by EPs. The number of homozygous 

individuals for the same variant is the cut-off for BS2 (observed in healthy individu-

als). When a mocopav is not identified for the gene, 1% and 1.5% are used as thresh-

olds for PM2 and BS1, respectively. If the gene was previously associated with an au-

tosomal dominant or X-linked disease, the threshold is lowered to 0.5% for PM2. Fi-

nally, the original cut-off (5%) in the 2015 ACMG Standards continues to be used for 

BA1 (too common to be pathogenic) rule.  

For example, frequency rule cut-offs for insulin receptor (INSR) gene are 

shown in Table 11. INSR, whose protein is an integral component of the plasma 

membrane (Payankaulam et al., 2019), is assigned with a LOEUF constraint of 0.56, 

which indicates its essentialness and intolerance to LoF. Therefore, pathogenic vari-

ants for INSR are expected to be quite rare. The mocopav of INSR, INSR:c.1573C>T 

(rs1599937180), is a stop gain mutation in exon 7. Its grpmax frequency (maximum 

allele frequency observed in an ancestry group) in gnomAD v4.1 is 0.0000031. It is 
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rounded up to allow a degree of freedom and the value 0.000004 is set cut-off for 

BS1. Variant being interpreted with a frequency of greater than this value is assumed 

to be common, activating BS1. Next, an order of magnitude of this value is set cut-off 

for PM2. Therefore, variants rarer than 0.0000004 assigned with PM2. Finally, 

INSR:c.1573C>T was never observed in homozygous state in gnomAD v4.1, therefore 

the variant under assessment should be observed at least in two homozygous individ-

uals to satisfy the BS2. 

Table 11: Thresholds for the frequency rules for INSR gene. 

Rule Threshold Incidence 

PM2 ≤ 0.00004% ≤ 1 in 2,500,000 

BS1 > 0.0004% > 1 in 250,000 

BS2 ≥ 2 individuals ≥ 2 individuals 

BA1 ≥ 5% ≥ 1 in 20 

 

2.3.2 Reported Variant Rules 

If the same variant or a similar variant was previously reported in reputable sources, 

the findings can be used as evidence for pathogenic or benign impact. In AAVC, the 

evidence for reported variant rules PS1, PS2, PS3, PM3, PM5, PP5, BS3, BP6 is ob-

tained from ClinVar database. 

PS1 criterion is applied if another nucleotide change in the same amino acid 

residue is reported pathogenic or likely pathogenic (P/LP), while PM5 criterion is 

applied if a different change in the same amino acid residue is reported P/LP. As rec-

ommended by hearing loss and myeloid malignancy EPs (Luo et al., 2019; Oza et al., 

2019), the PM5 is applied at strong level if more than one P/LP variant is reported 

for the same residue. The ClinVar database in AAVC also records de novo and in 

trans P/LP variants as described in Section 2.2.3.2, variants with these labels as-

signed with PS2 and PM3 criterion, respectively. PS3 or BS3 is assigned to variants 

with ClinVar reports whose functional studies show pathogenic or benign impact, 

respectively. This information is extracted via text classification using machine learn-

ing as described in Section 2.2.4.3. Reputable source criteria (PP5/BP6) are also 

applied according to the ClinVar reports. Considering the concerns regarding the re-
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liability of ClinVar curations discussed in Section 1.6.2, the evidence level for these 

rules is adjusted based on the review status as shown in Table 12. 

Table 12: Evidence levels for PP5/BP6 criteria adjusted by ClinVar review status. 

Review Status Gold Stars Evidence Level 

Practice guideline ★ ★ ★ ★ Very strong 

Reviewed by expert panel ★ ★ ★ ☆ Very strong 

Criteria provided, multiple submitters, no conflicts ★ ★ ☆ ☆ Strong 

Criteria provided, single submitter or conflicting classifications ★ ☆ ☆ ☆ Moderate 

No assertion criteria provided ☆ ☆ ☆ ☆ Supporting 

 

2.3.3 In silico Prediction Rules 

Following the PP3/BP4 rule specifications by ClinGen (Pejaver et al., 2022), BayesDel 

scores for missense variants are interpreted based on the recalibrated threshold rang-

es for strong, moderate, and supporting evidence levels as demonstrated in Figure 3.  

 

Figure 3: Recalibrated thresholds for BayesDel predictions. The thresholds provided by Pejaver et al. 

(2022) correspond to strong (S), moderate (M) and supporting (P) levels of evidence for predicted pathogenic 

(PP3) and benign impact (BP4) criteria, demonstrated as shades of green and red, respectively. 

 

While ClinGen splice variant specifications (Walker et al., 2023) recommends 

the use of SpliceAI, there is no such recalibration based on levels of evidence. Adher-

ing to the recommended moderate-level cut-offs, SpliceAI is used as in silico evidence 

in AAVC. The score ranges for SpliceAI are shown in Table 13. 

 

≤ -0.36

BP4_M

(−0.36, −0.18]

BP4_P

(-0.18, 0.13)

N/A

[0.13, 0.27)

PP3_P

[0.27, 0.50)

PP3_M

≥ 0.50

PP3_S
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Table 13: The cut-offs for SpliceAI and corresponding evidence levels. SpliceAI delta scores indicate 

the probability of a mis-splicing event. Delta scores are given between 0 and 1. 

Evidence Level Cut-off Author description 

BP3_Moderate Δ < 0.10 no predicted splice impact 

PP3_Moderate Δ ≥ 0.20 high sensitivity of splicing alterations 

 

2.3.4 Protein Effect Rules 

The ACMG Criteria employs several protein effect rules to assess the genomic context 

of the variation, which enables make inferences regarding the impact on the protein 

product. Of these, the PVS1 rule (null variant in LoF gene) dramatically affects the 

classification and is highly susceptible misinterpretation as discussed in Section 

1.6.3. Thus, AAVC follows the decision tree provided by ClinGen (Abou Tayoun et al., 

2018). The provided decision tree evaluates stop-gain, frameshift, canonical splice 

site, start-loss, exonic deletion and duplication variants. While AAVC does not inter-

pret exonic deletions and duplication events, it extends the framework to stop-loss 

variants based on the ACGS Best Practices (Durkie et al., 2024). Although splice vari-

ants in essential splice sites are considered for the PVS1 criterion, the algorithm fol-

lowed for splice variants will be discussed in Section 2.3.5. 

 In the original guidelines, the PVS1 rule is designed for truncating variant in 

genes that do not tolerate haploinsufficiency. Thus, the first step of the PVS1 rule is to 

decide whether loss-of-function is a mechanism of disease for the gene. AAVC con-

siders PVS1 for genes that meet at least one of these criteria below: 

i. The ClinGen Haploinsufficiency (HI) score is 2 or 3 

ii. gnomAD pLI score is at least 0.9 and HI score is not 40 

iii. gnomAD LOEUF score is less than 0.6 and HI score is not 40 

iv. PanelApp reported LoF as mode of pathogenicity for the gene 

Once the LoF-intolerance for the gene is established, the variant is subjected to 

the PVS1 algorithm based on its effect. (It should be noted that LoF-intolerance check 

described above is disabled in AAVC by default. But users can easily activate it.) Stop-

gain and frameshift variants are first checked for NMD (see Section 2.2.4.1 for NMD 
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prediction). If the transcript is predicted to be targeted for NMD, then the biological 

relevance is determined by regional pext scores (calculation of regional pext scores 

are described in Section 2.2.2.2). A high pext score leads to classification as 

PVS1_VS. When NMD is not expected, PVS1_S is applied if the removed region is 

functionally important (more than two-third of variants reported within the exon are 

expected to be P/LP). In case the functional relevance is unknown, a significant pext 

score is required to proceed further. If the LoF with highest frequency in the same 

gene reported in ClinVar is common (allele frequency ≥ 0.1), the percentage removed 

from the protein is calculated. A loss greater than 10% in the protein length classifies 

as PVS1_S, while a smaller loss classifies as PVS1_M. The decision tree for stop-gain 

and frameshift variants is summarized in Figure 4. 

For start-loss variants, the first in-frame alternative start codon is identified. 

Next, the variants reported as P/LP in ClinVar in the removed region between the 

original and the rescue start codon is quantified. If at least one P/LP variant is re-

ported, then PVS1_M is assigned, otherwise PVS1_P is assigned.  

Similarly, the algorithm searches for in-frame stop codons within the 3’ UTR 

for stop-loss variants. If there is no stop codon, then non-stop decay pathway is ex-

pected to be activated. Therefore, PVS1_VS is assigned. In case there is an alternative 

stop codon within the 3’UTR, only PM4 (change in protein length) is activated. The 

identification of alternative start and stop codons is detailed in Section 2.2.2.1. 
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Figure 4: PVS1 framework for stop gained and frameshift variants. The decision tree is based on the 

ACMG Standards (Richards et al., 2015) and the ClinGen PVS1 Specifications (Abou Tayoun et al., 2021). 

 

The PM1 rule (mutational hotspot) is particularly considered for missense 

variants. To check whether the variant lies upon a functional domain, AAVC queries 

Pfam database. If it is found within a domain, which is absent from B/LB variants 

reported in ClinVar, then PM1 is applied. For variants that are out of a functional 

domain, the regional constraint is evaluated. If the variant is found within a con-

strained region and its pext is greater than 0.5, PM1 is assigned. Otherwise, the ag-

gregation of pathogenic and benign reports in ClinVar for the exon is evaluated. If the 

exon contains at least two pathogenic variants and no benign variant reports, then 

PM1 is applied. 

The PM4 (change in protein length) and BP3 (in-frame indels in repeat re-

gion) are evaluated together in AAVC. Stop-loss variants activate PM4. In-frame in-

dels are checked with RepeatMasker database to see if they localize to a repeat ele-

ment. In-frame indels in non-repeat regions activate PM4, while the ones in repeat 

regions are further assessed whether the repeat domain contains any P/LP variant 

reported in ClinVar. If the repeat is absent from P/LP variants, BP3_P is applied. 



47 
 

The PP2 criterion addresses missense variants in genes where benign mis-

sense variations are uncommon. AAVC employs gnomAD v4 missense Z (mis_z) 

scores, which quantify the difference between observed and expected missense vari-

ants in a gene (Samocha et al., 2014; Lek et al., 2016), as recommended by ClinGen 

Standard Operating Procedure (ClinGen, 2022). A missense variant in a gene with 

mis_z score greater than 3.09, which suggests intolerance to missense variation, acti-

vates PP2. When the gene has a lower mis_z score than this threshold, the proportion 

of P/LP variants for the gene in ClinVar is determined. If 85% of variants in the gene 

are P/LP, then PP2 is applied. 

Missense variants in LoF-intolerant genes satisfy the BP1 rule. As described 

in the PVS1 section above, AAVC evaluates three metrics to classify a gene as LoF-

intolerant: HI = 2 or 3, pLI ≥ 0.9 or LOEUF < 0.6. A missense variant in a gene that 

meets at least one of these criteria activates BP1. 

Although the BP7 rule is originally intended for synonymous variants with no 

splice impact, some VCEPs (Kelly et al., 2018; Mester et al., 2018; Luo et al.; 2019) 

apply this rule for intronic variants in non-conserved regions. Correspondingly, 

AAVC assesses phyloP100way scores to determine the conservation for synonymous, 

UTR, flanking region and intronic variants. A threshold of > 0.1 is used to apply BP7. 

 

2.3.5 Splice Variant Interpretation 

Interpretation of splice variants requires special consideration, but the original guide-

lines lack sufficient depth to address all aspects of these variations. Thus, ClinGen 

recently approved additional specifications for splice variant interpretation (Walker 

et al., 2023). AAVC follows these specifications tree to evaluate PVS1, PS1, PP3, BP4 

and BP7 rules for canonical and non-canonical splice site variants. 

 Splice variant evaluation commences with the identification of the variant if it 

is reported in SpliceVault database. Both canonical and non-canonical variants are 

searched in the database. Walker et al. (2023) defines the canonical (or essential) 
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splice site as ±1/2 sites at the boundaries of an exon. The -1 and -2 dinucleotides lo-

cated at the upstream exon are called splice acceptor sites, +1 and +2 dinucleotides 

located at the downstream exon are called splice donor sites. In addition, the posi-

tions from -3 to -1 and from +3 to +6 at the downstream exon are considered donor 

splice region and the positions from -20 to -3 and +1 positions at the upstream exon 

are called acceptor splice region. All splice associated regions are illustrated in Figure 

5. 

 

Figure 5: The illustration of splice sites and splice regions. Canonical donor and acceptor site refer to 

dinucleotides (±1,2) at the 5’ and 3’ ends of the intron, respectively. Donor splice region encompasses nucleotides 

between -3 to +6 in relative to exon-intron junction. Acceptor splice region encompasses nucleotides between -20 

to +1 in relative to exon-intron junction. Polypyrimidine tract and branchpoint occur at the 3’ end of the intron.  

Reprinted from Walker et al. (2023) with permission from Elsevier, Copyright @2024. 

 

If variant is annotated, it is first evaluated whether the alteration results in a 

frameshift and the transcript is targeted for NMD. If they are, it is assigned with 

PVS1_VS. If there is a reported P/LP variant in the same acceptor/donor site or 

splice region, PS1_P is also applied. If NMD is not predicted or the variant does not 

result in a frameshift, the functional importance of the truncated region is assessed. 

PVS1_S is assigned is the removed region is functionally important. If it is not, and if 

LoF variants are uncommon in the transcript, the percentage lost due to truncation is 

calculated. A loss larger than %10 in the protein length assigns it PVS1_M. Variants 

that satisfied PVS1_S or PVS1_M are further assessed for PS1. If a P splice variant 

was previously reported at the same nucleotide or the same canonical splice site, 

PVS1_S assigned. If a P or LP variant was reported at the same splice region, PS1_M 

or PS1_P is applied, respectively. The canonical splice algorithm tree is shown in 

Figure 6. 
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Figure 6: The annotated splice variant algorithm tree. The tree evaluates splice variants with reported 

consequences in SpliceVault for PVS1 and PS1 rules based on the ACMG Standards (Richards et al., 2015) and the 

ClinGen PVS1 Specifications (Walker et al., 2023). 

 

To assess the impact of variants not reported in the SpliceVault splice variants, 

SpliceAI predictions are assessed. If the SpliceAI Δ score ≥ 0.2, PP3 (pathogenic in 

silico prediction) with corresponding level of evidence is assigned as described in Sec-

tion 2.3.3. Then it is checked whether a P or LP variant was reported in ClinVar at the 

same nucleotide to assign PS1_S or PS1_M, respectively. If not, the same splice re-
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gion is searched for a P or LP variants to assign PS1_M or PS1_P, respectively. In 

case the SpliceAI Δ score ≤ 0.1, which means no splice impact is predicted, BP4_M 

(benign in silico prediction) is assigned. If the same variant is synonymous or intronic 

in a non-conserved nucleotide (see Section 2.3.4 for conservation prediction), BP7 is 

applied as well. The algorithm tree followed by AAVC for non-canonical site splice 

variants is described in Figure 7. 

 

 

Figure 7: The unannotated splice variant algorithm tree. for PVS1 and PS1 rules based on the ACMG Standards 

(Richards et al., 2015) and the ClinGen PVS1 Specifications (Walker et al., 2023). 

 

2.3.6 Final Classification 

Once a variant is assessed for each criterion in AAVC, the levels of evidence are com-

bined according to ClinGen's point-based scoring system to reach a final verdict. Each 

score is derived from Bayesian probabilities of pathogenicity (Tavtigian et al., 2020) 

and corresponds to a classification category as demonstrated in Table 14. Then com-

bining scores for the evidence criteria, the variant is classified into one of five catego-

ries: benign (B), likely benign (LB), variant of unknown significance (VUS), likely 

pathogenic (LP) and pathogenic (P). Tavtigian et al. (2020) also calculated the score 
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ranges for these criteria (Table 15). AAVC particularly provides posterior probability 

of being pathogenic for each variant based on this model. 

Table 14: The levels of evidence and corresponding point scores.  

The scaling is adjusted based on Bayesian probabilities, as recommended by Tavtigian et al. (2020). 

Evidence Point scale 

Strength Pathogenic Benign 

Supporting 1 -1 

Moderate 2 -2 

Strong 4 -4 

Very Strong 8 -8 

 

Table 15: The score range for classification categories.   

The ranges and their posterior probabilities of pathogenicity were derived by Tavtigian et al. (2020). 

Category Score ranges Probabilities 

Benign ≤ -7 < 0.1% 

Likely benign [-1, -6] 0.1% to 10% 

VUS [0, 5] 10% to 90% 

Likely pathogenic [6, 9] 90% to 99% 

Pathogenic ≥ 10 > 99% 

 

 AAVC further classifies VUS by exploiting the point-based classification sys-

tem to reduce the rate of inconclusive results. Harrison & Biesecker (2021), on behalf 

of the ACMG, readily provided scores ranges compatible with Bayesian system for 

three VUS subcategories: VUS-high (4-5), VUS-middle (2-3), and VUS-low (0-1). 

Unpublished data from Baylor College of Medicine, Mass General Brigham and Quest 

Diagnostics suggests that VUS-high and VUS-low subclassifications prospectively 

align with LP and LB classifications, respectively (Figure 8) (Rehm, 2023). 
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Figure 8: The change in the classification of VUS by time. The vertical axis shows the starting classifica-

tions, and the horizontal axis shows the final classifications. The figure illustrates the classification movements of 

likely pathogenic (LP), VUS-high, VUS-mid, VUS-low and likely benign (LB) after re-classification by additional 

data. Reprinted by permission from Rehm (2023). 
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Chapter 3 

Results 

 

 

3.1 Concordance with ClinGen Repository 

ClinGen Evidence Repository (ERepo) (https://erepo.clinicalgenome.org/evrepo/) is 

an FDA-recognized collection of variant curations asserted by VCEPs. The database 

contains 7229 curated variants in 110 genes as of June 2024. The curations are based 

on instructions specified by 32 Expert Panels (EP) (https://cspec.genome.network/ 

cspec/ui/svi/). It is a unique resource to assess the accuracy of AAVC classifications. 

 

3.1.1 AAVC classifications highly correlate with ClinGen ERepo 

After omitting structural alterations, retracted submissions and VUS, the remaining 

4915 variants were classified by AAVC. The analysis reveals a concordance of 99.67% 

between AAVC and ERepo classifications for P/LP and B/LB variants (Table-16a). It 

increases to 99.88% by incorporating VUS-H and VUS-L into the calculations. The 

sensitivity (true pathogenic variants among all variants classified pathogenic) and 

specificity (true benign variants among all variants classified benign) are both 100%. 

https://erepo.clinicalgenome.org/evrepo/
https://cspec.genome.network/cspec/ui/svi/
https://cspec.genome.network/cspec/ui/svi/
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When the same set of variants is classified by Franklin, it demonstrates a con-

cordance of 94.16% (Table 16-b). The performance for the classification of P/LP vari-

ants is highly similar (99.71% for AAVC, 99.30% for Franklin), but Franklin misses 

out 17.63% of the ERepo B/LB (n=1492) variants by classifying them either VUS 

(n=254) or LP (n=9). While AAVC does not misclassify any B/LB ERepo variants as 

P/LP, it classifies 0.40% (n=6) of ERepo B/LB variants either VUS-M (n=1) or VUS-L 

(n=5). These comparisons do not only imply that AAVC can access the same evidence 

lines as human curators, but also suggest that its classifications are almost completely 

concordant with ClinGen ERepo curations, performing better than Franklin. 

Table 16:  The concordance of AAVC and Franklin for ClinGen ERepo curations. AAVC (a) and 

Franklin (b) classifications are shown for variants pathogenic (P), likely pathogenic (LP), likely benign (LB) and 

benign (B) in ClinGen.   

a.  EREPO CLASSIFICATIONS  
 

 
P LP LB B TOTAL 

AA
VC

  
C

LA
SS

IF
IC

AT
IO

N
S P 1835 1362 0 0 3197 

LP 72 144 0 0 216 
VUS-H 1 4 0 0 5 
VUS-M 0 2 1 0 3 
VUS-L 1 2 4 1 8 

LB 0 0 83 40 123 
B 0 0 616 747 1363 

 TOTAL 1909 1514 704 788 4915 
 

 

b.  EREPO CLASSIFICATIONS  

FR
AN

KL
IN

  
C

LA
SS

IF
IC

AT
IO

N
S 

 
P LP LB B TOTAL 

P 1747 1178 0 0 2925 
LP 154 320 7 2 483 

VUS 8 15 188 66 277 
LB 0 0 346 110 456 

B 0 1 163 610 774 
TOTAL 1909 1514 704 788 4915 
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3.2 Secondary findings in the Turkish Variome 

The ACMG periodically publishes recommendations on reporting variants in actiona-

ble genes associated with cancer, cardiovascular diseases, or inborn errors of metabo-

lism phenotypes since 2013 (Green et al., 2013). This secondary finding (SF) list has 

been updated in 2015 (ACMG, 2015), 2021 (Miller et al., 2021) and 2023 (Miller et 

al. 2023). The current version consists of 81 genes (Table 17). The ACMG encourages 

labs to screen these genes to help us understand better underlying disease mecha-

nisms, develop effective management strategies, and discover novel therapeutic tar-

gets. 

Table 17: ACMG Secondary Findings v3.2 list for reporting actionable genes. 

Gene Disease name 

ACTA2 Aortic aneurysm 

ACTC1 Familial hypertrophic cardiomyopathy 

ACVRL1 Hereditary hemorrhagic telangiectasia type 

APC Adenomatous polyposis coli  

APOB Familial hypercholesterolemia 

ATP7B Wilson disease  

BAG3 Dilated cardiomyopathy, Myofibrillar myopathy 

BMPR1A Juvenile polyposis syndrome  

BRCA1 Breast-ovarian cancer 

BRCA2 Breast-ovarian cancer 

BTD Biotinidase deficiency  

CACNA1S Malignant hyperthermia  

CALM1 Catecholaminergic polymorphic ventricular tachycardia, Long QT syndrome 

CALM2 Long QT syndrome 

CALM3 Long QT syndrome 

CASQ2 Catecholaminergic polymorphic ventricular tachycardia 

COL3A1 Ehlers-Danlos syndrome 

DES Dilated cardiomyopathy, Myofibrillar myopathy 

DSC2 Arrhythmogenic right ventricular cardiomyopathy 

DSG2 Arrhythmogenic right ventricular cardiomyopathy 

DSP Arrhythmogenic right ventricular cardiomyopathy, Dilated cardiomyopathy 

ENG Hereditary hemorrhagic telangiectasia type 

FBN1 Marfan's syndrome  

FLNC Dilated cardiomyopathy, Myofibrillar myopathy 

GAA Pompe disease  

GLA Fabry's disease  

HFE Hereditary hemochromatosis  

HNF1A Maturity-Onset of Diabetes of the Young  

KCNH2 Long QT syndrome 

KCNQ1 Long QT syndrome 

LDLR Familial hypercholesterolemia 

LMNA Dilated cardiomyopathy  



56 
 

MAX Pheochromocytoma  

MEN1 Multiple endocrine neoplasia 

MLH1 Lynch syndrome 

MSH2 Lynch syndrome 

MSH6 Lynch syndrome 

MUTYH MYH-associated polyposis  

MYBPC3 Familial hypertrophic cardiomyopathy 

MYH11 Aortic aneurysm 

MYH7 Dilated cardiomyopathy, Familial hypertrophic cardiomyopathy 

MYL2 Familial hypertrophic cardiomyopathy 

MYL3 Familial hypertrophic cardiomyopathy 

NF2 Neurofibromatosis 

OTC Ornithine carbamoyltransferase deficiency  

PALB2 Hereditary breast cancer  

PCSK9 Hypercholesterolemia, autosomal dominant 

PKP2 Arrhythmogenic right ventricular cardiomyopathy 

PMS2 Lynch syndrome 

PRKAG2 Familial hypertrophic cardiomyopathy 

PTEN PTEN hamartoma tumor syndrome  

RB1 Retinoblastoma  

RBM20 Dilated cardiomyopathy  

RET Familial medullary thyroid carcinoma, Multiple endocrine neoplasia 

RPE65 RPE65-related retinopathy  

RYR1 Malignant hyperthermia  

RYR2 Catecholaminergic polymorphic ventricular tachycardia 

SCN5A Brugada syndrome, Dilated cardiomyopathy, Long QT syndrome 

SDHAF2 Paragangliomas 

SDHB Hereditary paraganglioma-pheochromocytoma syndrome  

SDHC Paragangliomas 

SDHD Hereditary paraganglioma-pheochromocytoma syndrome  

SMAD3 Loeys-Dietz syndrome 

SMAD4 Juvenile polyposis syndrome 

STK11 Peutz-Jeghers syndrome  

TGFBR1 Loeys-Dietz syndrome 

TGFBR2 Loeys-Dietz syndrome 

TMEM127 Pheochromocytoma  

TMEM43 Arrhythmogenic right ventricular cardiomyopathy 

TNNC1 Dilated cardiomyopathy  

TNNI3 Familial hypertrophic cardiomyopathy 

TNNT2 Dilated cardiomyopathy, Familial hypertrophic cardiomyopathy 

TP53 Li-Fraumeni syndrome 

TPM1 Familial hypertrophic cardiomyopathy 

TRDN Catecholaminergic polymorphic ventricular tachycardia, Long QT syndrome 

TSC1 Tuberous sclerosis 

TSC2 Tuberous sclerosis 

TTN Dilated cardiomyopathy  

TTR Hereditary transthyretin-related amyloidosis  

VHL Von Hippel-Lindau syndrome  

WT1 Wilms' tumor  
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Hosting numerous civilizations throughout the centuries in the Anatolian Penin-

sula, the Turkish Variome provides a unique opportunity to study rare and complex 

diseases (Kars et al., 2021). Responding to ACMG's call to report suspected pathogen-

ic variants in these genes, the Turkish Variome can provide valuable insights into the 

pathogenic burden of those genes in Turkish population and enable us to unearth 

novel causal variants. The Turkish Variome consists of exome and genome sequenc-

ing data of 3824 samples. The cohort includes 935 obese individuals (BMI ≥30 for 

adults or ≥95th percentile for children). Mean age of the individuals with phenotype 

data (n=1161) is 38.8±14.5 and female-to-male ratio is 2.38. 

3.2.1 Pathogenic variants activate an average of 4.25 criteria 

All variants in 81 genes from ACMG SF v3.2 list (Table 10) in the Turkish Variome 

were assessed for their pathogenicity by AAVC. Of 11,337 variants, 9346 variants 

(82.4%) map to coding sequences, the remaining 1991 (17.6%) variants are found 

within non-coding regions. The distribution of the variants by their major conse-

quences is demonstrated in Figure 9. 

 

Figure 9: The distribution of the SF gene variants in the Turkish Variome. Of 11,337 variants in the 81 

ACMG SF v3.2 genes in the Turkish Variome, there are 5826 missense variants, 3264 synonymous variants, 1835 

non-coding variants, 198 indels, 156 splice variants and 58 start/stop-altering variants across were analyzed. 
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AAVC activated a combination of 32,723 criteria for 11,337 variants, with an av-

erage of 2.89 criteria activated per variant. While approximately 4.27 pathogenic cri-

teria were activated to classify a variant P/LP, 2.49 benign criteria were activated for 

B/LB variants. VUS-H, VUS-M and VUS-L groups had an average of 1.58 pathogenic 

and 1.17 benign criteria activated per variant. Figure 10 shows the number of occur-

rences for each criterion. When a variant meets PM3 (observed in trans with a patho-

genic variant), it was classified pathogenic with a chance of 87.3%. PVS1 (67.9%), 

PS1 (66.7%), PS3 (63.4%) and PP5 (75.4%) were other criteria that mostly assigned 

to pathogenic or likely pathogenic variants. 

 

Figure 10: Assigned ACMG criteria for variants in the SF genes. AAVC assigned 32,723 criteria for 

11,337 variants. Pathogenic and benign criteria are demonstrated in shades of red and green, respectively. 

 

3.2.2 AAVC discovers novel pathogenic variants in the SF genes 

The algorithm classified 818 (7.2%) variants P/LP/VUS-H, 9963 (87.9%) variants 

B/LB/VUS-L and 556 (4.9%) variants VUS-M. Whereas ClinVar classified 228 (2.0%) 

variants P/LP/VUS-P and 5888 (51.9%) variants B/LB/VUS-B. AAVC improved the 

resolution of pathogenic variants by 3.59-fold and benign variants by 1.69-fold. The 

results are summarized in Figure 11. 
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 CLV_B INCONC CLV_P TOTAL PERC 

AAVC P 0 40 145 185 1.63% 

AAVC LP 13 226 43 282 2.49% 

AAVC VUS-H 24 310 17 351 3.10% 

AAVC VUS-M 89 456 11 556 4.90% 

AAVC VUS-L 337 2714 6 3057 26.96% 

AAVC LB 3070 1431 6 4507 39.75% 

AAVC B 2355 44 0 2399 21.16% 

 228 (2.0%) 5221 (46.1%) 5888 (51.9%) 11337  

Figure 11: The concordance between ClinVar and AAVC classifications. (a) The concordance of Clin-

Var classifications with AAVC shown in the clustered bar chart. The AAVC classifications are in vertical axis. Clin-

Var B/LB/VUS-B and P/LP/VUS-P are highlighted with green and red in the bar chart. Inconclusive variants 

(conflicting/inconclusive/unreported in ClinVar) are shown in orange. (b) The table shows the analysis of inter-

pretation of 11,337 actionable gene variants in the Turkish Variome. The algorithm classified all variants into 

seven categories: pathogenic (P) (1.63%), likely pathogenic (LP) (2.49%), VUS-high (VUS-H) (3.10%), VUS-

medium (VUS-M) (4.90%), VUS-low (VUS-L) (26.96%), likely benign (LB) (39.75%) and benign (B) (21.16%). 

Of 5221 unreported/inconclusive/conflicting variants in ClinVar, AAVC could re-

solve 266 (5.1%) variants as P/LP and 1475 (28.3%) variants as B/LB. This recom-

mends that one in every three novel or uncertain variants can be resolved by AAVC. 

Considering VUS-high and VUS-low classifications, the resolution power rises to 

91.3%. The classification of 19 variants were not concordant between ClinVar and 

AAVC. 13 ClinVar B/LB/VUS-B variants were classified P/LP, while 6 ClinVar P/LP 

were classified B/LB by AAVC. All of these variants were of low-confidence (12 zero-
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star entries and 1 one-star entry) in ClinVar since the assertion criteria was not either 

provided or not confirmed by an independent study.   

AAVC revealed 279 novel pathogenic or likely pathogenic variants, which were 

either misclassified, controversial or unreported in ClinVar, across 57 SF genes in the 

Turkish Variome. These variants have an aggregated allele frequency of 3.9% based 

on gnomAD v4.1 popmax, indicating that they are present in a considerable propor-

tion of the population. 

 

3.2.3 BayesDel fails to reliably classify missense variants alone  

To see how reliable in silico predictions alone are in comparison to evidence-driven 

classification, 5681 missense variants in the SF genes were analyzed by BayesDel and 

AAVC. Using cut-offs (≥0.13 for pathogenicity, ≤-0.18 for benignity) defined in Peja-

ver et al. (2022), 849 and 3117 variants were classified as pathogenic and benign by 

BayesDel, respectively. Showing a concordance of 72.2% (2450/3392) for benign var-

iants with AAVC, the predictive value of BayesDel was somewhat convincing. While 

213 (25.1%) of 849 BayesDel pathogenic variants were classified P/LP, 217 (25.6%) 

of these variants were B/LB by AAVC. These figures recommend using BayesDel 

alone is highly misleading for finding pathogenic variants, with about a fourth of pre-

dictions being false positives. The comparison is shown in Figure 12. 
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Figure 12: The concordance between BayesDel and AAVC classifications. Benign (B), VUS and patho-

genic (P) classifications by BayesDel are shown as three separate bars in the horizontal axis. Colors indicate the 

AAVC classifications.  

 

3.3 Reclassification of ClinVar variants by AAVC 

ClinVar is the most comprehensive variant curation database, containing over 2.8 

million variants, although its credibility is heavily criticized. In order to investigate 

the concordance with ClinVar, all variants in ClinVar were classified by the algorithm. 

 

3.3.1 AAVC can resolve unclassified variants in ClinVar 

The comparison showed a concordance of 95.85% between ClinVar and AAVC classi-

fications for P/LP and B/LB groups. VUS-H and VUS-L curations increased it to 

98.02%. While AAVC confirmed (P/LP/VUS-H) the pathogenicity of 89.92% of Clin-

Var P/LP variants, 0.16% of them were classified B/LB and 8.28% were VUS-M. On 

the other hand, B/LB assertions in ClinVar were highly accurate with a concordance 

of 99.31% (B/LB/VUS-L) with AAVC. Reclassifying the VUS variants in ClinVar by 

AAVC resolves 53.40% of variants into P/LP (4.02%) or B/LB (49.38%). When VUS-

H and VUS-L subclassifications are incorporated, 90.09% of variants are resolved. 

The Sankey graph in Figure 13 depicts the differences between classifications. 
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Figure 13: The re-classification of ClinVar variants by AAVC. AAVC confirms 89.92% and 99.31% of the 

P/LP and B/LB, respectively, assertions in ClinVar. The tool resolves 90.09% of the all ClinVar variants into P, LP, 

VUS-H, VUS-L, LB, or B. 

When only entries with multiple submissions (two-star and above) were evalu-

ated, the concordance was found to be 97.55% for P/LP and B/LB. Considering the 

VUS subclassifications, it increased to 99.83%. Variants with at least two gold stars in 

ClinVar are excessively used in comparison as a truth set due to their reliability. Giv-

en AAVC shows a nearly full concordance with ClinGen ERepo variants, the incorpo-

ration of VUS-H and VUS-L to the decision-making process can be reliable. 

 

 



63 
 

 

 

 

Chapter 4 

Discussion 

 

 

4.1 Conclusions 

4.1.1 Motivation of the work 

With the mainstream availability of sequencing technologies and rapid accumulation 

of sequence data in the genomic era, hundreds of thousands of novel variants have 

begun to being revealed. While discovering a novel variant was something big in the 

beginning of the era, today it is simply part of the standard process in genetic re-

search. Currently, we understand that most of the variation in the genome is actually 

neutral, but tweezing the causal variants still remains as a challenge. Various in silico 

prediction tools were developed to sort out the pathogenic variants. However, they 

fell short against the complexity and context-dependency of the human genome. 

Thus, human geneticists came up with standardized frameworks to confidently make 

use of the sequence data for diagnosis, management, and treatment of diseases in the 

clinics. But these set of guidelines were not without problems. The frameworks re-

quired a substantial amount of time, knowledge, and experience to put into practice. 

Moreover, controversial assertions for the same variant by different human curators 
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following the same guidelines led to disagreements. These problems have paved the 

way for the birth of automated variant classification tools. 

 

4.1.2 Addressing the needs 

AAVC is provided as a standalone software that can run in Python environments. Ag-

gregating data from ClinVar, Ensembl, gnomAD, PanelApp along with other online 

and local databases, the algorithm assess pathogenicity based on the ACMG Criteria 

and the ClinGen Specifications. It comes with utilities to keep local databases up to 

date. Providing the necessary annotations with tools like ANNOVAR, the algorithm 

can completely run offline. The input can be provided as a text file containing variant 

identifiers and the program produces a tab-separated output in return. Alternatively, 

it can work with VCF files. AAVC does not store or share any information with third 

parties. Therefore, clinical laboratories and research groups can utilize the program 

without any concern for data privacy. Installation and use of the tool requires basic 

understanding of computer science. Following the instructions, anyone with basic 

knowledge in bioinformatics can run the algorithm. 

 

4.1.3 Impact and implications 

Today, many bioinformatics companies provide their variant interpretation tools. 

However, their variant curation processes lack justifiable methodologies in peer-

reviewed journals and prevent people from understanding, analyzing, and integrating 

the framework into their work. Their consistency and accuracy are questionable at 

this point. Another point of concern regarding these variant classification platforms is 

data privacy. They strictly run on web platforms. Moreover, these tools either fail to 

follow the latest updates to the guidelines or provide the necessary environment for 

large scale analysis. AAVC offers a highly accurate, rapid and up-to-date framework 

for clinical laboratories and research groups to automatically interpret sequence vari-

ants. AAVC shows almost full concordance (99.67%) with FDA-approved variant 
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classifications in ClinGen ERepo. It enables revealing novel pathogenic variants in 

actionable genes. It resolves a significant proportion of VUS classifications in ClinVar, 

reclassifying at least 57,000 inconclusive variants as P/LP.  

 

4.2 Limitations 

AAVC is primarily designed to classify single nucleotide variations and short indels, 

whereas it does not interpret copy number variations and long indels. Although the 

framework can interpret non-coding variants, our current understanding of non-

coding genome is quite limited, therefore such variants will likely to be classified 

VUS. Next, AAVC is developed in Python and requires internet connection for every-

day use, which might not be very feasible for large-scale analysis. For such use, pre-

annotated VCF files can be used to interpret variants, boosting the processing speed. 

However, such preparation will require familiarity with annotation tools such as AN-

NOVAR and VEP. Finally, the current version of the ACMG Guidelines still possesses 

problems and additional specifications are required to guide clinical geneticists. It is 

expected new guidelines to address them. 

 

4.2.1 Inaccessibility of the data 

One of the greatest challenges of the genomic age is variants of uncertain significance 

(VUS). These variants fulfill neither the criteria to be pathogenic nor the criteria to be 

benign. Our analysis has shown that VUS in the 81 ACMG SF genes in the Turkish 

Variome has an average of 1.58 pathogenic and 1.17 benign criteria met, which was 

lower than P/LP (4.27) and B/LB (2.49). It recommends that lack of data is the rea-

son why these variants could not be classified into a group. This corresponds to ap-

proximately 35% of classifications. At this point, data sharing policies and accession 

strategies need to be improved to address the VUS challenge. 



66 
 

ClinVar has achieved remarkable success in documenting human genetic vari-

ation. ClinVar submitters report whether a variant is de novo, observed in trans with 

a pathogenic variant, or functionally assessed in vitro along with their assertions. All 

these information pieces dramatically affect the classification. AAVC implements a 

BioBERT-derived text-mining algorithm to extract this information from the ClinVar 

submissions. However, the choice of submitting a variant to ClinVar is optional and 

many more variants in the literature are lacking their assertions in a variant database. 

Thus, the missing information needs to be extracted from the literature. Although 

there are currently available services such as LitVar2 (Allot et al., 2023) that screens 

the literature, a human curator should still review the retrieved information. There-

fore, it is not completely automated. Nevertheless, such automation is not far away, 

with the power of biomedical large language models in development such as 

Meditron-70b (Chen et al., 2023). 

 

4.2.2 Programmatic constraints 

AAVC is designed to be used with minimum user involvement and no prior experi-

ence in bioinformatics. It collects the most critical information from the web services 

of Ensembl and gnomAD. These services are intended to give users access to data-

bases from anywhere in the world. An extraordinary load on their servers will prevent 

people from accessing them. Such excessive queries can also affect the integrity of 

databases. Thus, they apply a quota for accessions through their APIs to prevent it. 

AAVC is unlikely to exceed the quotas, because the processing rate for batch queries 

is limited to twenty-five variants per query submitted to Ensembl and gnomAD. The 

algorithm counts the inputs and splits them into batches. This gives necessary time to 

avoid the quotas without causing any load on the servers. 

 These constraints can be quite limiting for large-scale analyses. The VCF mode 

in AAVC, which totally runs offline, can overcome this limitation by accelerating the 

processing. But this mode requires a pre-annotated VCF file with VEP, gnomAD, 

REVEL, SpliceAI and phyloP. While VEP has its own command-line tool, the remain-
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ing annotation can be performed through ANNOVAR, which enables annotation with 

user-generated tables. Running on a powerful processor fed with 64 GB of RAM, the 

algorithm can process about twelve variants in a second in offline mode.  

 

4.2.3 Shortcomings of the guidelines 

The original ACMG Guidelines have been notably improved by the ClinGen Specifica-

tions. The main problem with the initial version was ambiguities in the definitions 

and lack of in-depth explanations of the rules. ClinGen’s efforts addressed these limi-

tations with their operating procedures. However, the current state of the guidelines 

still has many unclear points that can lead to confusion. For example, NMD is the 

primary mechanism that leads to truncation of transcript. But neither the ACMG 

Guidelines nor the ClinGen Specifications provide clear instructions to evaluate 

whether a variant is likely to escape NMD. Next, the evaluation of splice variants is 

still challenging. Walker et al. (2023) extended the original guidelines and provided a 

detailed decision tree, but there are no available computational tools to infer the con-

sequence of a splice variant whether it results in a frameshift, leads to multi-exon 

skipping or cause pseudoexonization. Canson et al. (2023) developed a SpliceAI-

based framework that predicts splice consequences, but its technical impracticality 

makes it non-feasible to implement. Moreover, the ACMG framework still classifies a 

large fraction of missense variants VUS due to limited evidence or criteria for the 

evaluation of missense alterations. One approach to dealing with VUS is to use VUS-

High and VUS-Low classification, as discussed in Section 2.3.6. A retrospective anal-

ysis from an unpublished study suggests that VUS-H and VUS-L align with LP and 

LB, respectively, by time. While the new guidelines under development are expected 

to address most of the limitations of the 2015 Guidelines. 
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4.3 Future Perspectives 

4.3.1 Interpretation of the non-coding and structural variants 

Although most clinical sequencing practices target coding regions of the genome, ge-

nome-wide association studies (GWAS) increasingly reveal signals that map to non-

coding regions (Duan et al., 2014; Madelaine et al., 2018). Although Ellingford et al. 

(2022) provided some considerations for evaluation of non-coding variants, our 

knowledge is still quite limited to follow them. In this way, understanding the regula-

tory code is essential. Based on polymorphism data, Aggarwala & Voight (2016) could 

explain at least 81% of variation from heptanucleotide context. Following a similar 

methodology, the constrained regions in the non-coding genome were defined by di 

Iulio et al. (2018). More recently, gnomAD introduced the genomic non-coding con-

straint map using population data (Chen et al., 2024). In addition, chromatin marks 

can ideally help us distinguish critical regions in the non-coding genome, since epige-

netically accessible regions are mostly regulatory elements such as enhancers and 

promoters (Klemm et al., 2019). With the availability of epigenomic data and these 

constraint metrics, the interpretation of non-coding variants can be improved. 

AAVC is currently limited to SNPs and short indels, while it does not interpret 

large indels, inversions, copy number variation, duplication, mobile element inser-

tions, short tandem repeats or translocation events. However, the detection of struc-

tural variation (SV) by short-read sequencing methods is technically problematic. 

Sanchis-Juan et al. (2023) demonstrates that complementation of short-read se-

quencing with long-read sequencing increases diagnostic yield by capturing SV. 

GATK-SV is an ensemble pipeline and enables calling SV from sequencing data (Col-

lins et al., 2020). gnomAD reports their short-read SV data generated by this ap-

proach is almost as reliable as long-read data with a precision of 96.9%. Given the 

standards for the interpretation of SV was already outlined by ClinGen (Riggs et al., 

2020), the incorporation of these guidelines with the availability of high-quality SV 

data to AAVC would reveal more causal variants. 
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4.3.2 Incorporation of cohort-based evidence 

One of the evidence lines in the ACMG Guidelines is cohort-based evidence that in-

volves co-segregation (PP1) or lack of segregation (BS4) of variants in related indi-

viduals with disease phenotype. Biesecker et al. (2024) recently published a quantita-

tive framework to assess co-segregation rules PP1 and BS4. Providing family infor-

mation to AAVC as input, it is possible evaluate whether variant co-segregates with 

the phenotype based on this framework. Based on the availability of a control group, 

case-control rule (PS4) can also be evaluated for the disease phenotype. This will in-

volve comparing the enrichment in case and control groups, calculating odds ratio for 

the variant and determining the standard error. Again, this would require an addi-

tional input that assigned with individuals as case or control. These additional rules 

can potentially take the interpretation one step further, providing more insight into 

the clinical relevance of uncertain variants. 

 

4.3.3 Updated standards for sequence variant interpretation 

The ACMG Sequence Variant Classification working group announced that an update 

to the ACMG Guidelines is under review. The draft standards were introduced to the 

clinical genetics community during the ACMG Annual Meeting in March 2024. The 

final version of the guidelines is expected to arrive this year. While the new guidelines 

do not introduce new lines of evidence, it primarily aims at addressing the weakness-

es of the current guidelines by removing ambiguities and providing quantitative pa-

rameters. 
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RE: Permission to use figure
From <hrehm@broadinstitute.org>
To 'Arda İnan' <arda.inan@bilkent.edu.tr>
Date 2024-07-04 01:16

Yes, that's fine. Good luck with your defense.
Heidi

Heidi L. Rehm, PhD, FACMG
Director, Genomic Medicine Unit, Center for Genomic Medicine, MGH
Chief Genomics Officer, Department of Medicine, MGH
Co-Director, Medical and Population Genetics, Broad Institute
Medical and Clinical Lab Director, Broad Clinical Labs
Professor of Pathology, Harvard Medical School
hrehm@mgh.harvard.edu
Admin: Samie Wong tggadmin@broadinstitute.org
Lab Website: The-TGG.org
 
**I often send emails outside of traditional business hours because it works with my schedule. Please do not feel that a response is
expected outside of your regular work schedule.

-----Original Message-----
From: Arda İnan <arda.inan@bilkent.edu.tr>
Sent: Wednesday, July 3, 2024 7:23 AM
To: hrehm@broadinstitute.org
Subject: Permission to use figure

Dear Prof. Rehm,

I hope this e-mail finds you well.

I will defend my master's thesis in the coming weeks. I would like permission to use a figure you used in one of your presentations.
To my knowledge, it has not been published anywhere yet. If you permit, I plan to include it with no changes (including
acknowledgements).

You can find the link to the presentation:
https://www.genome.gov/sites/default/files/media/files/2023-11/Session_7-2__Rehm.pdf

I plan to use the figure in the slide 5 with title "VUS tiering correlates with reclassification".

Sincerely,
Arda İnan
--
Arda İnan, BSc
Özçelik Lab
Bilkent University
Dept of Molecular Biology & Genetics
Bilkent Ankara 06800 TURKEY
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