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SUMMARY 
 

 

Rare diseases are a group of diseases that affect approximately 400 million people 

globally, although they are individually rare in a population. The low prevalence, 

heterogeneity between phenotype and genotype relationship, and incomplete 

knowledge about them make the precise diagnosis difficult. In the post-genomic era, 

NGS-based approaches have become an accurate way for diagnosis. WES is one of 

these approaches based on the enrichment of protein-coding regions of human genes. 

WES enables the generation of a vast amount of genomic variation data. Identifying 

the potential effects of these variations and their association with over 6,000 unique 

phenotypes is the main challenge in RDs. Several bioinformatics tools are developed 

to discover the causative mutations among hundreds of variations. However, these 

tools generally center upon a particular aspect of the entire discovery and offer no gold 

standard. This thesis aimed to build a comprehensive WES workflow, including a data 

analysis pipeline and variant filtration strategy, for the prioritization of variants 

underlying RDs. The clinical impact of the workflow was tested on three previously 

unsolved WES cases. Two proband-based and one trio-based cases demonstrated that 

the workflow could be successfully applied to both approaches for diagnostics. The 

workflow revealed the novel variants in the SLC2A1 and PRKAR1A in proband-based 

cases diagnosed with GLUT1DS1 and Acrodysostosis-1, respectively. In the trio case 

diagnosed with HADDS, the disease-causing variant in the EBF3 was detected. In 

conclusion, the workflow has the potential to accelerate the diagnostic odyssey of 

patients with RDs and to contribute to the literature. 

Keywords: Rare Diseases, Variant Prioritization, Whole Exome Sequencing 
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ÖZET 
 

 

Önceliklendirme Stratejisi Kullanarak Nadir Hastalığa Neden Olan 

Varyantların Araştırılması 

 

 

Nadir hastalıklar, bir popülasyonda bireysel olarak nadir olmalarına rağmen, dünya 

genelinde yaklaşık 400 milyon insanı etkileyen bir hastalık grubudur. Düşük 

prevalans, fenotip ile genotip ilişkisi arasındaki heterojenite ve bunlar hakkındaki 

eksik bilgi, kesin tanıyı zorlaştırmaktadır. Post-genomik dönemde, NGS temelli 

yaklaşımlar teşhis için kesin bir yol haline gelmiştir. WES, insan genlerinin protein 

kodlayan bölgelerinin zenginleştirilmesine dayanan bu yaklaşımlardan biridir. WES 

çok miktarda genomik varyasyon verisi oluşturulmasını sağlar. Bu varyasyonların 

potansiyel etkilerini ve bunların 6.000'den fazla benzersiz fenotip ile ilişkisinin 

belirlenmesi, nadir hastalıkların ana zorluktur. Yüzlerce varyasyon arasındaki 

nedensel mutasyonları keşfetmek için çeşitli biyoinformatik araçlar geliştirilmiştir. 

Bununla birlikte, bu araçlar genellikle tüm keşfin belirli bir yönüne odaklanır ve altın 

standardı sunmaz. Bu tez projesi, nadir Mendel hastalıklarının altında yatan 

varyantların önceliklendirilmesi için bir veri analizi yöntemi ve varyant filtrasyon 

stratejisini içeren kapsamlı bir WES iş akışı oluşturulmasını amaçlamıştır. İş akışının 

klinik etkisi, önceden çözülmemiş üç WES vakası üzerinde test edilmiştir. İki proband 

tabanlı ve bir trio tabanlı vaka, iş akışının teşhis için her iki yaklaşıma da başarıyla 

uygulanabileceğini göstermiştir. İş akışı, sırasıyla GLUT1DS1 ve Acrodysostosis-1 

teşhisi konulan proband bazlı vakalarda SLC2A1 ve PRKAR1A'daki yeni varyantları 

ortaya çıkardı. HADDS tanısı konulan trio vakada, EBF3'te hastalığa neden olan 

varyant tespit edildi. Sonuç olarak, iş akışı, nadir hastalıkları olan hastaların tanısal 

yolculuklarını hızlandırma ve literatüre katkıda bulunma potansiyeline sahiptir. 

Anahtar kelimeler: Nadir Hastalıklar, Tüm Ekzom Dizileme, Varyant 

Önceliklendirme 
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1. BACKGROUND AND AIM OF THE STUDY 
 

 

Rare diseases (RDs) are health conditions that affect a small proportion of 

individuals in a population (1). Although the frequency definition differs from 

population to population, RDs affect 400 million people worldwide (2,3). The 

prevalence statistics about RDs suggest that despite individually rare in a particular 

community, they are collectively common health issues with 6,000 - 8,000 unique 

phenotypes (4,5).  

 

 

It is still challenging to precisely identify these rare phenotypes whose majority 

caused by a genetic origin (5). The challenges mainly arise from the heterogenic nature 

between the genotype and phenotype correlation and incomplete knowledge about 

them. These difficulties may result in taking a precise diagnosis after years from the 

onset of symptoms and seeing many physicians during this time for patients (6). 

Furthermore, the delay in diagnosis also affects the search for treatment options. 

Despite the limited number of orphan drugs, long-term complications can be alleviated 

or reprieved by targeted therapies for some RDs if  diagnosed early (7). Therefore, 

identifying of the genetic cause of RDs is vital for not only an accurate diagnosis but 

also the treatment opportunity. 

 

 

In recent years, NGS technology has become an unbiased and accurate way for the 

comprehensive characterization of RDs (8). NGS is performed by commercially 

available platforms based on massively parallel sequencing of DNA molecules (9). 

WES is one of the NGS approaches based on the enrichment of protein-coding regions 

of known human genes (10). Since most of the variants underlying rare Mendelian 

disorders impair protein-coding regions, WES is considered as a powerful approach 

for identifying them (11). After the initial reports about the usage of WES in the 

clinical area, the method has increasingly become common for RD diagnostics (12–
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14). This advancement in the clinical utility of WES  is mostly driven by 

bioinformatics analysis approaches (15).  

WES is performed as a series of biochemical and computational procedures (16). 

As a result of the procedures, a vast amount of data is generated (17). However, 

analysis and interpretation of the data are complex processes and require highly 

specific computational power and expertise. A variety of open-source tools and 

software exist to enable the analysis of WES data. These tools and software generally 

center upon a particular aspect of the entire process, and they are implemented with 

different analysis pipeline by each laboratory group. 

 

 

Despite the advancement in the analysis tools and software, WES has a 25-30% 

diagnostic yield (14,18,19). It is reported that the causative variants which belong to 

some patients in the undiagnosed percentage may not be identified in the first analysis, 

although they already in the sequenced exome (20–22). There are various reasons 

proposed that cause to remain a pathogenic variant to be unidentified in the initial 

exome. These reasons may arise from the processes of bioinformatic analysis 

workflow and phenotype examination such that when the phenotype is reported in 

detail, this increases the probability that a pathogenic mutation would be prioritized in 

the bioinformatic analysis (23). Recent studies reported that undiagnosed patients 

could get a precise diagnosis by reanalysis of the same WES data, using different 

workflows (20,23,22). 

 

 

Considering the diversity in available tools and software and the yield of re-

analyzes, building a unique analytical workflow that improves the clinical utility of 

WES cases is essential. In this dissertation, it is aimed to develop workflow and to test 

it on unsolved cases. The workflow introduced in this dissertation can efficiently 

integrate WES data and improve the diagnostic yield of WES. The results revealed 

from the implementation of the workflow will also contribute to RD literature. 
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2. INTRODUCTION  
 

 

2.1. Rare Diseases  

 

 

RD is generally defined as a health condition that affects a small proportion of 

individuals in a population. While in the European population, when a disease 

affects fewer than 1 in 2,000 people (24), it is described as rare; in the United 

States, it is considered  rare if it affects fewer than 200,000 people (25). The reason 

why these diseases remain rare between individuals is that they usually negatively 

affect reproductive fitness (26). But, according to the World Health Organization 

(WHO) report, it is estimated that nearly 400 million people suffer from RDs on 

the global scale (3). These statistics suggest that despite individually rare in a 

particular population, RDs are collectively common health issues with between 

6,000 - 8,000 unique phenotypes cataloged to date (4,5). The majority of these 

phenotypes, over 70%, are caused by a genetic origin (5). However, identifying 

an RD is still challenging due to the genetic and phenotypic heterogeneity in these 

diseases and incomplete knowledge. A precise diagnosis takes nearly 4,8 years 

from the onset of symptoms, and the patients see about 7,3 physicians until that 

time (6).  
 

 

Moreover, these challenges in diagnosis lead to delay in searching for treatment 

options. Although there are a limited number of orphan drugs, which are the 

compounds used for treating rare diseases, dietary therapy or enzyme replacement 

therapy can significantly improve the quality of life for some patients with rare 

metabolic disorders (27). For instance, Solute carrier family 2 facilitated glucose 

transporter member 1 (SLC2A1) encoding a glucose transporter across the blood-

brain barrier is the causative gene for GLUT1-deficiency syndrome 1 

(GLUT1DS1) (28) characterized by developmental delay, infantile seizures, 

acquired microcephaly, spasticity and ataxia (29). The ketogenic diet supplies an 
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alternative fuel for the brain instead of glucose and results in a marked recovery 

in symptoms (30). Therefore, precise diagnostics approaches open the door 

identifying the disease and finding therapy options.  

 

 

Next-generation sequencing (NGS) based technologies are precise and 

unbiased ways to detect disease-causing variation (8). Whole-exome sequencing 

(WES) is one of the sequencing methods that supposed to cover the protein-coding 

regions in the genome (10). These regions constitute only approximately 1–2% of 

the entire human genome but, 85% of all DNA variations that have an impact on 

human disease are located in exomes (31,32). Additionally, most alleles that are 

known to cause rare Mendelian disorders disrupt exonic parts of the genome; 

therefore, WES is considered as a feasible approach for identifying variants 

underlying these disorders. (11). The initial usage of WES in RD research 

introduced with the identification of genes caused Freeman–Sheldon syndrome 

(12), Miller syndrome (13), and Schinzel–Giedion syndrome (33). After these 

initial reports, WES has increasingly become available on both research and 

clinical areas, as NGS costs have fallen (34). 

 

 

2.2. Fundamentals of WES  

 

 

In 1977, an article describing a new method for DNA sequencing was reported 

by Allan Maxam and Walter Gilbert. In this study, it was shown that the terminally 

labeled bases were treated with base-specific chemical cleavage, and the products 

of DNA molecules were separated in the electrophoresis system (35). As an 

alternative to this method, an approach including the usage of chain-terminating 

dideoxynucleotide analogs that cause to finish the DNA synthesis was described 

by Sanger et al (36). The Sanger method has been the commonly used approach 

for DNA sequencing throughout nearly 30 years (9). In 2005, sequencing 

technology was evolved by releasing the first massively parallel pyrosequencing 
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platform, which was the new era of high-throughput genomic analysis (37). While 

the automated Sanger method is recognized as a “first-generation”, newer high-

throughput approaches are known as “next-generation sequencing” (38). 

 

 

Commercially available platforms perform NGS based on massively parallel 

sequencing of clonally amplified or single DNA molecules that are separated in a 

flow cell (9). Although several companies develop platforms differing in 

sequencing chemistries and technical details,  all NGS platforms utilize a similar 

strategy  (39). First of all, the sample nucleic acids are broken into smaller pieces 

by several enzymatic or mechanical methods. Companies develop their bases, 

namely adapters, and use them in the samples' sequencing by ligating them to the 

small sample fragments during library preparation. If the system requires 

amplification of the sample to enable the creation of signals at a level which the 

system can detect, the Polymerase Chain Reaction (PCR)-mediated procedure is 

generally employed. Even though high-fidelity DNA polymerases are used in this 

procedure, a small number of nucleotide changes may occur, resulting in lower 

accuracy than 100% depending on the system type. In order to pool several 

samples in a single sequencing run, companies represent different types of library 

preparation strategies. In order to illustrate, an example can be given with 

Illumina, which dominates the NGS market. In its procedure, nucleotides which 

are conjugated to a fluorescent marker are quenched by a present chemical. Each 

of them is added to the growing strand once in every fragment population (40). 

Another common strategy to increase accuracy can be obtained through 

sequencing both DNA strands, and producing forward and reverse reads, called 

paired-end sequencing. 

 

 

WES is one of the NGS approaches based on the enrichment of protein-coding 

regions of known human genes. WES is applied as a series of experimental and 

computational procedures. The experimental process of WES generally follows a 
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similar procedure, without regard to the capture method and NGS platform used 

(16).  

 

 

The capture allows the investigation of the protein-coding regions in the 

genome. For that purpose, several types of DNA or RNA-based sequences are 

designed and synthesized compatible with the targeted exonic regions. Although 

the capture probes' content shows the difference between commercial reagent sets, 

they focus on coding regions and their proximal intronic flanking sequence. They 

may also include as targets 5' and 3' untranslated region (UTR) sequences (41). 

 

  

The procedure typically starts with the NGS library preparation from genomic 

DNA. Genomic DNA is randomly fragmented, and several micrograms are used 

to prepare a library. The fragment library is then hybridized with oligonucleotide 

capture probes with blocking bases complementary to the adaptors. The captured 

fragments are purified and then amplified. The barcode sequences, which allow 

sample indexing in the sequencing process could be introduced during post-

capture amplification if they were not presented during the initial library 

preparation. Then, massively parallel sequencing is applied to the enriched library 

(11). 

 

 

After the sequencing process, between 20,000 and 50,000 single nucleotide 

variations and small insertions and deletions can be detected from WES (17). 

However, translating the variations into a particular disease phenotype is the main 

challenge in the clinical area. Bioinformatics analysis from raw sequence data to 

annotated genomic variants which is the first part of the translation, consists of 

particular steps.  
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2.3. WES Data Analysis 

 

 
WES generates a vast amount of data whose analysis requires robust computational 

power and expertise. Bioinformatics has been pivotal to the analysis and interpretation 

of WES data. The study of WES data comprises of a multistep process. A variety of 

open-source tools and software exist to handle the analysis of WES data, and most of 

them are developed to perform a particular aspect of the entire study. Because of the 

diversity of available tools, each laboratory group performing WES has a unique 

analytical pipeline. Although variations in the process exist, there are standard basic 

bioinformatics protocols involved in the data analysis.  

 

 

A typical starting point is to evaluate the quality of raw reads (42). The raw starting 

material for most common platforms is a FASTQ file format (43). NGS platforms are 

capable of generating massively parallel sequence reads even in a single run. Yet, the 

quality of reads may not be perfect due to several kinds of biases introduced in the 

sequencing experiments (44). These sequence biases can result from some reads with 

adapters or contaminant, the low-quality bases, especially at the end of the reads, and 

unknown base calls (45). The correction of these biases is the important step that 

should be performed before further analysis. Many tools developed based on different 

algorithms are available to evaluate raw FASTQ data (45–50). These tools generally 

take FASTQ files as input and generate summary statistics and graphs for a beneficial 

overview of the raw read quality.  

 

 

Following the quality check of the raw reads, if required, preprocessing must be 

performed. The standard preprocessing step consists of trimming of low-quality bases 

and adapter sequence removal at the end of the reads (42). Adapter sequences are short 

oligonucleotides that are ligated to the ends of DNA fragments during the library 

preparation step so that they can be combined with primer sequences for amplification 

(9). However, when the target DNA fragments are shorter than the sequencing read 

length run, the adapter sequences are read out with the target DNA fragments. Besides, 
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the quality of the reads generally becomes lower at the end of the sequencing cycles 

(51,52). It is crucial to identify the adapter sequence or low-quality bases and trim it 

to recover the DNA sequences of interest before the alignment step. Several tools with 

different implementation principles have been developed to perform adapter and 

quality trimming (53–58). 

 

 

The raw sequence reads produced by sequencing machines do not include the 

information about the genomic position, and they must be aligned to reference human 

genome. The alignment is the most critical step to make an inference whether a 

sequencing experiment has succeeded (59). Optimal alignment to reference sequences 

is not an easy computational task and requires a fast and tolerant algorithm to obtain 

an imperfect alignment due to genomic variations. There are several tools based on 

different algorithms to achieve the process of alignment using a known reference 

genome (60). Each base is mapped to the reference sequences under the determined 

conditions by the mapping software's input parameters. Both GRCh37 (hg19) and 

GRCh38 (hg38) are widely used as a reference for the human genome.  

 

 

After the alignment step, it is recommended that processing of aligned reads to 

improve the quality of downstream variant calling analysis (61). In the variant calling 

step, the differences between the reference genome and the target genome are 

calculated. Several tools based on different algorithms have been developed to identify 

short germline variants, which are inherited variations that exist in the germ cells (62). 

 

 

After variants are detected, biologically important features such as gene symbols, 

genomic position, amino acid change, and consequences of variants add to the data in 

the annotation step.  In addition to the ordinary annotation, several tools can be used 

to integrate the annotations from countless sources. These annotation tools enable to 

filtration and interpretation of potential disease-causing mutations. The filtration and 

prioritization of clinically causative mutation among a vast amount of annotated 
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variations is the most challenging part of the analysis and is not a fully automatized 

(63). 

 

 

2.4. Variant Interpretation and Reanalysis of Unsolved WES Cases  

 

 

An essential consideration when analyzing WES is the strategy of sequencing only 

the patient who is the first affected individual (proband) versus the proband and 

biological parents (trio). Studies have shown that the trio approach provides a higher 

diagnostic yield since it enables more detailed information on inheritance patterns of 

variants (64). However, WES has about 25-30% diagnostic yield for identifying 

variants that cause rare monogenic disorders. (14,18,19). Although some of the 

patients who are in the undiagnosed percentage have a pathogenic mutation in the 

already sequenced genomic data, it may not be identified in the first analysis (20–22).  

 

 

There are various reasons  proposed that cause to remain a pathogenic variant to be 

unidentified in the initial exome (23). Firstly, variant calling from short sequence reads 

and annotating of them to relevant genomic information is not computationally perfect 

processes (65,66). Many factors at each step affect the quality of variant detection. 

Another reason is that the knowledge about known gene-disease and variant–disease 

associations is incomplete; however, the literature databases are growing (67). In 

addition to these, the phenotype information is the key component in the variant 

prioritization workflow. Any insufficiency in reporting may lower the probability of 

prioritization of disease-causing mutation (23).  Ultimately, a recent study reported 

that 10% of the undiagnosed patients could get a precise diagnosis through the 

reanalysis of the same WES data, using different workflows and with the help of 

growing knowledge in the literature (23).  
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3. MATERIALS AND METHODS 
 

 

In this dissertation, three different cases which had had unsolved WES were 

studied. WES data re-analysis was performed by employing a variant prioritization 

workflow described in the dissertation. The overview of the workflow is demonstrated 

in Figure 3.1. 

 

 

Figure 3.1. Overview of the workflow. Raw FASTQ files are provided from undiagnosed WES cases. 
WES data is analyzed by implementing the pipeline described in the method section. The vast number 
of variants obtained from raw data pass to the filtration step described in the thesis. Clinical 
information and family history are integrated into these analysis process. When the most prominent 
variant is identified, appropriate confirmation methods are conducted to diagnose a patient precisely. 

 

The materials and methods section can be described in 4 main subtitles:  

1. Clinical Presentation of the Cases  

2. The Data Analysis Pipeline for WES  

3. Variant Filtration 

4. Variant Confirmation 

Details of each step will be explained in their corresponding subsections.  
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3.1. Clinical Presentation of the Cases  

 

 

The reported clinical information is crucial to interpret WES outcomes. If key 

components of the phenotype are not available, this decreases the probability that a 

causative variant would be prioritized (23). Therefore, standardized terms 

corresponding to any phenotypic information about the patient should be integrated 

into the workflow. Human Phenotype Ontology (HPO) (68) terms are used to describe 

phenotypic abnormalities. HPO provides a standardized terminology for phenotypic 

symptoms found in human diseases. Below, clinical information on the three cases 

will be presented. 

 

 

3.1.1. Case I 

 

 

The patient was a 6-year-old female who applied to Istanbul Acibadem Maslak 

Hospital. The patient was born to non-consanguineous parents at the full-term of 

gestation by cesarean delivery. Pedigree analysis for case I was shown in Figure 3.2.  

She had globally delayed development with microcephaly and intellectual disability at 

the examination. Speech development was also delayed and dysarthric. At the age of 

4 months, she was diagnosed with epilepsy. Her electroencephalography (EEG) results 

indicated generalized, left temporoparietal and right posterior temporal interictal 

epileptiform discharges. Then, her treatment was started with Levetiracetam. She had 

involuntary movements including choreoathetosis and dystonia. Her tonus was 

increased in all four extremities. She could only walk with assistance She also had 

involuntary eye movements. It was reported that non-specific white matter changes in 

magnetic resonance imaging (MRI). She also had left lower eyelid hemangioma at 

birth. She took treatment for reflux. WES had been performed by a genetic diagnosis 

center, but any pathogenic variant was not reported. She has referred for genetic 

counseling by pediatric neurology again. Then, her raw data was provided to 

reanalysis. The research was conducted under a protocol approved by the Acibadem 
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Mehmet Ali Aydinlar University Institutional Review Board for human subjects 

research. Written informed consent was obtained for all participants. 

 

 

       Figure 3.2. Pedigree for the Case I. 

 

3.1.2. Case II 

 

 

The patient was a 4-year-old female who applied to Istanbul Acibadem Maslak 

Hospital. There was no known consanguinity between her parents, and pedigree 

analysis was shown in Figure 3.3. She was born with decreased movement during the 

last period of 35-week of gestation. She received treatment due to respiratory distress 

syndrome. Cranial MRI at 1.5-month showed periventricular leukomalacia in white 

matter. She showed mild-severe global developmental delay with speech disorder and 

microcephaly at the examination. She was taking medicine for hypothyroidism. She 

had strabismus and axial hypotonia. GI-II pelviectasis was detected her kidneys. She 

had some skeletal system abnormalities such as brachydactyly, small jaw, short and 

wide distal phalanx, and dislocated elbows. Additionally, she was operated two times 

for hip dislocation. She had distinctive facial features including epichantal folds, 

bitemporal narrowed forehead, flat and broadened nasal root, flat and broadened nasal 

tip, wide and long filtrum, thin upper lip, pronounced ears, flattened antihelix. WES 
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was performed in a genetic diagnosis center, but no reported variation explained her 

clinical status. Then, her raw data was provided to reanalysis. The study was approved 

by the Acibadem Mehmet Ali Aydinlar University Institutional Review Board for 

human subjects research. 

 

 

        Figure 3.3. Pedigree for the Case II. 

 

3.1.3. Case III 

 

 

Case III was a 6-year-old male who applied to Erciyes University Faculty of 

Medicine. The study was approved by the Acibadem Mehmet Ali Aydinlar University 

Institutional Review Board for human subjects research. The patient was born non-

consanguineous parents at the full-term of gestation by normal vaginal delivery. The 

phenotypic features include generalized hypotonia with global developmental delay, 

mild facial dysmorphisms such as frontal bossing and low-set ears, speech delay, 

decreased pain response, hyperactive deep tendon reflexes, strabismus. He had normal 

evaluations for brain MRI, EEG, chromosomal microarray, and comprehensive 

biochemical metabolic testing. The pedigree analysis demonstrated two additional 

healthy brothers and healthy parents (Figure 3.4).  Trio WES was performed before, 
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but any pathogenic variant was not reported. He has referred for genetic counseling 

again. The raw sequencing data of the family have been obtained for reanalysis.  

 

 

   Figure 3.4. Pedigree for the Case III. 

 

3.2. The Data Analysis Pipeline for WES 

 

 

In this part, the analysis of WES data presented in the dissertation will be explained 

in detail. An outline of the overall pipeline is shown in Figure 3.5. The pipeline consists 

of a set of steps: Quality check of raw reads, preprocessing, alignment, post-alignment 

processing, germline variant calling (haplotyping) & joint genotyping and variant 

annotation. 
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Figure 3.5. An overview WES data analysis pipeline. The pipeline consists of a set of steps: 
Quality check of raw reads, preprocessing, alignment, post-alignment processing, germline variant 
calling (haplotyping) & joint genotyping and variant annotation. 

 
 

Each of these steps, which are processor or memory intensive, is implemented by 

one or several freely available software tools. Many of the tools permit multithreaded 

operations that may benefit from the availability of multiple cores. The tools and 

packages with version numbers used in this dissertation are listed in Table 3.1. The 

usage of each tool will be described in the corresponding section with a series of 

commands in a terminal on a standard Unix workstation or server. 
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Table 3.1. Tools for WES data analysis for detection of germ-line variants 
 

Program/Software 
version 

Tool/Package Function as used in this dissertation  

Conda (v4.8.3) config Install and manage packages and environment 
FastQC (v0.11.8) fastqc  Assess the quality of sequence reads  

Skewer (v0.2.2) skewer  Trim adapter and low-quality sequences 

BWA (v0.7.17) mem Align reads to the reference human genome 

Sambamba (v0.6.6) sambamba view Extract information from SAM files 

Sambamba (v0.6.6) sambamba sort  Sort BAM files 

Samtools (v1.9) samtools merge Merges multiple bam files into a single bam 

output. 

Picard (v1.141) BuildBamIndex Build bam index (bai) 

Picard (v1.141) MarkDuplicates Identify duplicate reads. 

Picard (v1.141) FixMateInformation Verify mate-pair information between reads 

GATK (v4.1.4.1) BaseRecalibrator Generate recalibration table for Base Quality 

Score Recalibration (BQSR) 

GATK (v4.1.4.1) ApplyBQSR Apply base quality score recalibration 

GATK (v4.1.4.1) HaplotypeCaller Call germline SNPs and small indels via local 

re-assembly of haplotypes 

GATK (v4.1.4.1) CombineGVCFs Merge one or more HaplotypeCaller GVCF 

files into a single GVCF 

GATK (v4.1.4.1) GenotypeGVCFs Perform joint genotyping on one or more 

samples pre-called with HaplotypeCaller 

Annovar (v20191024) convert2annovar Convert the .vcf files to the Annovar input file 

format 

Annovar (v20191024) table_annovar Annotate the input file with different options 

available in Annovar 

RStudio (v1.1.453)  VarfromPDB Mine the genes and variants associated with 
diseases from literature and multiple public 
databases. 

 

 

3.2.1. Quality check of raw reads 

 

 

In this dissertation, FASTQ files generated by paired-end sequencing of the cases 

were used to the reanalysis. 
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FASTQ is a commonly used file format used for storage and sharing raw sequences 

produced by a sequencing machine (43). FASTQ format stores the nucleotide 

sequence, the same as in FASTA format, and the Phred quality scores corresponding 

to those sequences (69,70). FASTQ files with extension “.fq” or “.fastq” can be viewed 

from the command line on computers had Unix/Linux operating system. Each 

sequence in the file consists of four lines. The first line begins with a “@” symbol and 

continues with a sequence identifier and some definitions which can be optionally 

used. The second line consists of the bases: A, T, G, C, and N (unknown base). The 

third line starts with a “+” character. The “+” sign specifies the end of the sequence. 

The fourth line includes the Phred quality scores for the sequence in the second line. 

Following is an example of a FASTQ file analyzed in the thesis obtained from the 

Illumina sequence system: (Figure 3.6).  

 

 

 
 

Figure 3.6. An example of a FASTQ file which belongs to a case used in the dissertation. 

 

 

The first line is the sequencing machine identifier and description items separated 

by “:”. In this example, each item for the read 1 explained as respectively: 

HISEQ: sequencer name.  

123: run id.  

H87LRADXX: flow cell id. 

1: flow-cell lane. 

1101: the number of the tile. 

1168: x-coordinate of the cluster in the tile. 
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2165: y-coordinate of the cluster in the tile. 

1: the member of the pair  

N: filter information (Y if the read is filtered, N otherwise). 

0: status of control bits (0 for none of the control bits) 

NCGTCC: index sequence. 

 

 

The second line of the example is the sequence contents for the read 1. The third 

line has only a “+” sign and has no more information added. The fourth line is the 

Phred quality scores for corresponding bases in the second line. The Phred quality 

scores range from 0 to 93 stand for sequencing quality for each base in the second line, 

and the higher the Phred score, the more accurate the base to be determined.  Phred 

scores are encoded with several characters. While the “!” refers to the lowest Phred 

score, the “~” is for the highest one. 

 

 

The quality of raw FASTQ data was assessed in the first step of the workflow to 

ensure no biases. FastQC (v0.11.8), developed by Simon Andrews at Babraham 

Institute (46), was used to evaluate the quality of FASTQ files. The following 

command was used: 

 

fastqc -t 16 ${sample lane}_R1.fastq  

fastqc -t 16 ${sample lane}_R2.fastq  

 

FastQC takes FASTQ files as input. -t commands the number of threads to use. The 

tool produces a report as a compressed file and an HTML file for each FASTQ input. 

The report consists of summary statistics and graphs that enable a useful impression 

of whether the data has any problems before doing any further analysis. On the below, 

FastQC output for one of the patients analyzed in this dissertation is seen. The most 

critical points that must be taken into consideration from the graphs is explained 

briefly. 
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The report begins with straightforward information about input FASTQ file 

including name, type of quality score encoding, the total number of reads, read length 

and GC content (Figure 3.7)  

 

 

                         Figure 3.7. Basic statistics about FASTQ files. 

 

 

The box and whisker plot in Figure 3.8 shows quality score statistics at each 

position in the FASTQ file. The yellow box is the inner-quartile range for the 1st to 

3rd quartile. The red line within each yellow box represents the median quality score 

at each base window. The blue line is the mean quality score at each base window. 

The upper and lower whiskers represent the 10th and 90th percentile scores. The lower 

median quality scores of the first 5-7 bases are accepted; however, it is expected to 

rise for the next sequences. It is observed that the average quality score will 

continuously decrease towards the end of the sequencing.  
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Figure 3.8. Per base sequence quality 

 

 

The plot in Figure 3.9 shows the deviation from the mean quality for each tile. The 

colors are coded on a cold to hot scale. While colder colors indicate the quality is at or 

above the average for that base, colder colors mean a tile had better qualities than other 

tiles for that base. It is expected that a plot being all blue if there is no problem in the 

quality related to a part of the flow-cell. In this case, per tile sequence, quality looks a 

bit low.  
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Figure 3.9. Per tile sequence quality 

 

 

Per sequence quality scores are represented as a plot in Figure 3.10. The plot shows 

the total number of reads and the average quality score through the reads. The 

distribution of average quality should be tight in the upper part of the plot. In this case, 

quality scores look expectedly distributed. 
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   Figure 3.10. Per sequence quality scores 

 

 

Next plot reports per base sequence content, which is the percent of called bases for 

each nucleotide at the positions in the FASTQ. It is expected to be seen as straight 

lines in the plot because the data is assumed that a random sample. So the base content 

at each position should be identical. Depending on the type of library preparation kit 

used, the non-uniform distribution of bases for the first 10-15 nucleotides can be 

expected. In this case, per base sequence content looks quite reasonable (Figure 3.11).  
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    Figure 3.11. Per-base sequence content 

 

 

Figure 3.12 is the plot of the number of reads and GC% content of the reads. The 

theoretical distribution assumes a uniform GC content for all reads. It is expected that 

the observed distribution should not deviate from the theoretical distribution. 
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Figure 3.12. Per sequence GC content 

 

 

Percent of bases at each position without a confident call, ‘N’, is reported in the 

plot in Figure 3.13. It should not be observed any point of this curve rises above zero. 

Unknown bases are not seen for the case below. 
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Figure 3.13. Per base N content 

 

 

The following graph shows the distribution of fragment sizes in the data. As 

expected, the length of the reads is mostly around 110 bp (Figure 3.14).  
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Figure 3.14. Sequence Length Distribution 

 

 

The next plot shows the percentage of reads of a particular sequence in the FASTQ, 

which exists a given number of times in the FASTQ (Figure 3.15). Duplicate reads 

generally resulted from PCR-mediated amplification of some library fragments. These 

fragments have been over-represented due to bias during the enrichment process. PCR 

duplicates cause to misrepresent the exact amount of sequences. It is expected that 

nearly 100% of the reads will be unique. In this case, the duplication level is considered 

low. 
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Figure 3.15. Sequence Duplication Level 

 

 

The last report is the plot of the part of reads where the sequence library adapter 

sequence is shown at the particular base position. Only adapters specific to the library 

shown in the legend are searched. In this case, the contamination is not detected for 

searched adaptors (Figure 3.16). 
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Figure 3.16. Adapter Content 

 

 
3.2.2. Preprocessing of raw reads 

 

 

Based on the result of the quality check step, if there is a need, preprocessing is 

necessary before alignment. Skewer (56) version v0.2.2 was used for trimming 

adapters and low-quality sequences. Skewer applies a novel dynamic programming 

algorithm to trim adapters and low-quality sequences based on Phred quality scores. It 

is specially designed for processing Illumina pair-end reads. The following command 

uses the Skewer tool, which takes as input paired FASTQ files.  

 

skewer --quiet --threads 16 -z -m pe -q 10 -Q 20 -l 35 -n -x 

AATGATACGGCGACCACCGAGATCTACACTCTTTCCCTACACGACGCTCTTCC

GATCT --output trimming/${sample}_L001 ${sample}_L001_R1.fastq 

${sample}_L001_R2.fastq 
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For pair-end reads, the valid mode is ‘pe’ to specify -m option. -q option for 3’ end 

quality trimming and trim 3’ end until specified or higher quality reached. The value 

is 10. –Q option specifies the lowest mean quality value allowed before trimming, the 

value is 20. -l option sets the minimum permitted read length after trimming. The value 

is 35. -n option for filtering out highly degenerative reads, which are defined as those 

that above 15% of the nucleotides are ‘N’. The default is no. -x option commands an 

adapter sequence of file for the reads.  

 

 

3.2.3. Alignment   

 

 

After the quality check and preprocessing of raw data, the next step is to align the 

reads to the reference genome and with high accuracy. The files that include 

sequencing reads were aligned to the hg19 released from The University of California 

at Santa Cruz (UCSC) assembly of the human genome using the Burrows-Wheeler 

Aligner (BWA), version v0.7.17 (71). BWA is a software package for mapping reads 

against particular reference genomes. BWA-MEM is one of the algorithms in the 

software designed to align reads ranging from 70bp to 1Mbp. BWA-MEM is a fast 

and accurate way to map Illumina short reads. The following command takes paired, 

trimmed read files and FASTA format of the reference genome as input and generates 

mapped reads file. 

 

bwa mem -R 

"@RG\tID:${sample_lane}\tPL:ILLUMINA\tLB:${library}\tSM:${sample}"  -M -t 

16 ucsc.hg19.fasta trimming/"$sample_lane"-trimmed-pair1.fastq.gz 

trimming/"$sample_lane"-trimmed-pair2.fastq.gz > ${sample_lane}.sam 

 

 

bwa mem has many different options to adjust the mapping and generates a 

sequence alignment map (SAM) file with extension “.sam” as an output. SAM file is 

a tab-delimited text file containing mapped reads to a reference genome and supports 
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short reads produced by different sequencing platforms (72). Binary alignment map 

(BAM) is the binary version of a SAM file and has a file extension “.bam”. Both BAM 

files and SAM files have the same information, which including a header, which is 

optional for the file formats and an alignment section. The alignment section includes 

the genomic position with relevant descriptive details of each sequence. 

The header section generally provides four types of information. Each of them must 

start with a “@” symbol: header line (@HD), reference sequence dictionary (@SQ), 

Read group information (@RG), and the mapping program (@PG).  

 

 

Sambamba tool (73) was used for converting the .sam file to .bam. Sambamba is a 

fast and robust tool with high performance on processing SAM and BAM files. 

sambamba view allows accessing SAM header and information about reference 

sequences through the following command.  

 

sambamba view --nthreads=16 --with-header --sam-input --format=bam --output-

filename=${sample_lane}.unsorted.bam ${sample_lane}.sam 

 

 

sambamba view generates an unsorted BAM file. BAM files can have sort order 

either 'coordinate', or 'qname'. While 'coordinate' means to sort the file by reference ID 

corresponding reads by start coordinate, 'qname' orders the reads by lexicographically. 

Input BAM files can be sorted externally using sambamba sort. The default mode is 

'coordinate' because this is the one used for building index later.  

 

sambamba sort --nthreads=16 --out=${sample_lane}.bam 

${sample_lane}.unsorted.bam 

 

 

Multiple sorted alignment files of the same sample should be merged and produced 

a single sorted output file that contains all the content pf the input file. Samtools (72) 

was used to achieve this by the following command: 
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samtools merge -@ 16 -f ${sample}.bam "$sample"_L001.bam 

"$sample"_L002.bam 

 

 

Before doing any analysis using a sequence file, the files usually have to be indexed. 

A BAM index (.bai) file from a BAM file was generated by using BuildBamIndex tool 

available in Picard (74): 

 

java -jar picard.jar BuildBamIndex INPUT=${sample}.bam 

VALIDATION_STRINGENCY=LENIENT 

 
 
3.2.4. Post-alignment processing  

 

 

Processing of aligned reads is recommended to improve the quality of downstream 

variant calling analysis (75). This step consists of a set of processes to minimize 

technical biases. 

 

 

During the sequencing, a library of DNA fragments from a particular genomic 

region is prepared using PCR amplification to provide adequate DNA fragments for 

the sequencing process. Therefore, some amplified fragments could share sequence 

and the same corresponding alignment position leading to bias in variant detection. 

These duplicates should be removed to eliminate PCR-introduced bias. 

MarkDuplicates available in the Picard tools (74) was used to detect read duplicates 

based on their position on the genome. 

java -Xmx4g -jar picard.jar MarkDuplicates I=${sample}.bam 

O=${sample}.mdup.bam M=${sample}.mdup_metrics.txt CREATE_INDEX=true 

VALIDATION_STRINGENCY=LENIENT  
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FixMateInformation available in Picard (74) verifies whether each read and its 

mate-pair is in sync and fix if needed. 

 java -Xmx4g -jar picard.jar FixMateInformation I=${sample}.mdup.bam 

O=${sample}.matefixed.mdup.bam SORT_ORDER=coordinate 

CREATE_INDEX=true VALIDATION_STRINGENCY=LENIENT 

 

In addition to marking duplicates, base quality is also an essential factor for variant 

detection. As mentioned before, each sequence read has a Phred quality score 

generated by the sequencing machine. However, the machine could make 

systematically biased scores, and these cause to overestimated or underestimated base 

quality scores. Base Quality Score Recalibration (BQSR) implements an empirically 

accurate error model to the bases in order to arrange the quality scores. Thus, technical 

bias is significantly minimized. The critical point in this process is to exclude known 

variants before BQSR since they are actual genomic variations, and they should not 

be evaluated as sequencing errors. The recalibration of base qualities was performed 

following the recommendation of Genome Analysis Toolkit (GATK) (75). The base 

recalibration process consists of two steps: Generating quality scores and applying the 

scores to bases. The program creates a covariation model of known variants; then it 

adjusts the base quality scores in the data based on the model by running the following 

GATK command: 

 

gatk BaseRecalibrator --reference ucsc.hg19.fasta –input 

${sample}.matefixed.mdup.bam --known-sites dbsnp_138.hg19.vcf --known-sites 

Mills_and_1000G_gold_standard.indels.hg19.sites.vcf --known-sites 

1000G_phase1.indels.hg19.sites.vcf –output ${sample}.recal_data.table 

 

 

Then, the recalibration is applied to the data by running the following GATK 

command: 
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gatk ApplyBQSR --reference ucsc.hg19.fasta –input ${sample}.matefixed.mdup.bam 

--bqsr-recal-file ${sample}.recal_data.table –output 

${sample}.bqsr.matefixed.mdup.bam 

 

3.2.5. Variant calling 
 

 

In the variant calling step, the differences between the reference genome and 

genome of interest are calculated. After the post-alignment processing step, the 

identification of germline short variants can be started on an analysis-ready BAM file. 

The HaplotypeCaller (61) available in GATK was used to call germline single 

nucleotide variations (SNVs) and small indels simultaneously. These variants are 

called by the program via the local de-novo assembly of haplotypes in an active region. 

When the program finds a variation in a particular part, it disposes the present mapping 

information and reassembles the reads in that region. The HaplotypeCaller achieves 

this in four steps: 

 

1- Definition of active regions: The program detects areas showing signs of 

variation and then applies de novo assembly to those regions. 

 

2- Determination of the haplotypes in the active region: The program implements a 

De Bruijn-like graph for reassembling each active part. Following that, the possible 

haplotypes in the data are identified. The haplotypes are realigned to the reference 

haplotype applying the Smith-Waterman algorithm. 

 

3- Determination of probabilities for the haplotypes: Pairwise alignment of each 

read against reference haplotypes for each active region is performed, implementing 

the Hidden Markov Model algorithm. A matrix of likelihoods of haplotypes is 

produced, and they are then marginalized to obtain the probabilities of alleles for each 

potential variation region.  
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4- Assignment of sample genotypes: For the potential variation regions, Bayes' rule 

and calculates the likelihoods are implemented by for each genotype. Then the most 

likely genotype is assigned to the sample. 

 

This local reassembly approach makes the HaplotypeCaller more accurate when 

calling regions that contain different types of variants close to each other. It also has a 

higher performance to call indels than position-based callers.  

The tool runs per-sample and takes a .bam files to generate a file, namely GVCF. 

GVCF is an intermediate file format which can then be used in GenotypeGVCFs (76) 

for joint genotyping of multiple samples efficiently.  

 gatk HaplotypeCaller --reference ucsc.hg19.fasta –input 

${sample}.bqsr.matefixed.mdup.bam –output ${sample}.g.vcf.gz --emit-ref-

confidence GVCF --annotation-group AS_StandardAnnotation 

 

 

For trio analyses, CombineGVCF (76) available in GATK is used to integrate the 

data from biological parents to the proband’s data. The program combines per-sample 

gVCF files produced by HaplotypeCaller into a single gVCF file. 

 

gatk CombineGVCFs --reference ucsc.hg19.fasta  --variant ${sample}.g.vcf.gz --

variant ${sample}.g.vcf.gz --variant ${sample}.g.vcf.gz –output combined.g.vcf.gz --

annotation-group AS_StandardAnnotation 

 

 

Joint genotyping of the samples pre-called with HaplotypeCaller was carried out 

following by the GenotypeGVCFs available in GATK (76). This tool is developed to 

perform joint genotyping on a single input containing one or many samples. The 

GATK4 GenotypeGVCFs tool can take a single-sample GVCF or a single multi-

sample GVCF created by CombineGVCFs as input.  

 

gatk GenotypeGVCFs –reference ucsc.hg19.fasta --variant combined.g.vcf.gz --

output combined.vcf.gz --annotation-group AS_StandardAnnotation 
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The tool generates a final Variant Call Format (VCF) in which all samples have 

been jointly genotyped. A VCF is a text file that stores sequenced variants called by 

variant callers (77). The file has two main lines, a header line with meta information 

and a data line. The previous section provides background information about the 

analysis results and begins with “##” symbol. The first header line always shows the 

VCF format version followed by lines starting with ##INFO, ##FILTER, and 

##FORMAT, which include several descriptions of each component regarding fields 

of each data line. Data lines in the VCF file contains nine standard columns, which are 

described below, and continue with one or more sample columns.  

CHROM: the name of chromosomes. 

POS: the position of the variants. 

ID: the identifier of variants. 

REF: reference sequence. 

ALT: alternate bases. 

QUAL: Phred quality score. 

FILTER: filter status. 

INFO: additional information. 

FORMAT: colon separated key and value. 

 

 

More than one sample columns may be present in a VCF file. The sample field has 

the values defined in the previous FORMAT field for a sample. 

 

 

3.2.6. Variant annotation  

 

 

After variants are detected, biologically important features of variants add to a VCF 

file in the annotation step. ANNOVAR (78) was used to annotate variants. 

ANNOVAR takes variant files that includes chr, start, end, ref, alt, and optional fields, 

as an input. Before the annotation, the .vcf file format must convert to the ANNOVAR 
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input file format. The convert2annovar.pl command can convert other "genotype 

calling" format into ANNOVAR format.  

 

perl annovar/convert2annovar.pl -format vcf4 ${sample}.vcf -allsample -withfreq 

-include > ${sample}_pass.txt | tee log 

 

 

ANNOVAR annotates functional effects of variants; the location of each variant 

concerning genes; exonic, intronic, intergenic, splice site, 5’ or 3’-UTR, with a 

predicted impact on human genes from the RefSeq, and with an allele frequency in the 

gnomAD, 1000 Genomes Project, and Exome Aggregation Consortium control human 

populations. The table_annovar.pl takes VCF files as an input and generates a tab-

delimited output file with columns, each representing one annotation. 

 

perl annovar/table_annovar.pl ${sample}_pass.txt annovar/humandb/ -buildver 

hg19 -protocol 

refGene,avsnp150,snp138NonFlagged,clinvar_20190305,gnomad211_exome,popfre

q_max_20150413,exac03nontcga,revel,dbnsfp33a,regsnpintron,dbscsnv11 -

operation g,f,f,f,f,f,f,f,f,f,f --argument '--splicing_threshold 40',,,,,,,,,, -nastring '' --

otherinfo | tee run.log 

 

 

By default, ANNOVAR annotates variant on hg18 coordinate. Since the input file 

is in hg19 coordinate, -buildver hg19 is added in the code above. The output file 

includes multiple columns. Each of the columns specified one of the "protocol" that 

the user determined in the command line. The refGene column is the annotation on 

how the mutations affect gene structure. It consists of FASTA sequences for all 

annotated transcripts in RefSeq Gene. The next columns are explained respectively 

below:  

avsnp150: the SNP identifier in the dbSNP version 150. 
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snp138NonFlagged: dbSNP with ANNOVAR index files, after removing those 

flagged SNPs (SNPs < 1% MAF or unknown, mapping only once to reference 

assembly, flagged in dbSnp as "clinically associated". 

clinvar_20190305: ClinVar database with separate columns (CLINSIG CLNDBN 

CLNACC CLNDSDB CLNDSDBID) for each variant. The columns include 

information about variant clinical significance (unknown, untested, non-pathogenic, 

probable-non-pathogenic, probable-pathogenic, pathogenic, drug-response, 

histocompatibility, other) and disease name. 

gnomad211_exome: gnomAD exome collection (v2.1.1), with AF, AF_popmax 

AF_male, AF_female, AF_raw, AF_afr, AF_sas, AF_amr, AF_eas, AF_nfe, AF_fin, 

AF_asj, AF_oth, non_topmed_AF_popmax, non_neuro_AF_popmax, and 

non_cancer_AF_popmax controls_AF_popmax headers. 

popfreq_max_20150413: A database containing the maximum allele frequency from 

1000G, ESP6500, ExAC, and CG46. 

exac03nontcga: ExAC on non-TCGA samples. ExAC 65000 exome allele frequency 

data for ALL, AFR (African), AMR (Admixed American), EAS (East Asian), FIN 

(Finnish), NFE (Non-finnish European), OTH (other), SAS (South Asian). version 0.3.  

Revel: REVEL scores for non-synonymous variants. 

dbnsfp33a: The dataset includes SIFT, PolyPhen2 HDIV, PolyPhen2 HVAR, LRT, 

MutationTaster, MutationAssessor, FATHMM, PROVEAN, MetaSVM, MetaLR, 

VEST, M-CAP, CADD, GERP++, DANN, fathmm-MKL, Eigen, GenoCanyon, 

fitCons, PhyloP and SiPhy scores from dbNSFP version 3.3a for WES variants. 

regsnpintron: prioritize the disease-causing probability of intronic SNVs. 

dbscsnv11: dbscSNV version 1.1 for splice site prediction by AdaBoost and Random 

Forest, which score how likely that the variant may affect splicing. 

 

 

The -operation argument specifies which operations to use for each of the protocols: 

g means gene-based, f means filter-based.  
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3.3. Variant Filtration 

 

 

Over 20.000 annotated variants are filtered, taking into consideration many 

parameters, as shown in Figure 3.17. Variants are evaluated in three categories 

separately: de novo heterozygous, homozygous and compound heterozygous variants. 

Common variants with high Minor Allele Frequency (MAF) are filtered at the first 

step of variant filtration by utilizing several population databases. Following that, 

variants are restricted to the exonic regions and splice-site junctions. Then, variants 

are interpreted with extensive database and literature review considering clinical 

relevance, inheritance pattern, family segregation, disease mechanism, and variant 

level evidence (for example; evolutionary conservation, computational prediction) and 

following the guidelines determined by American College of Medical Genetics and 

Genomics (ACMG) and (79).  Details about filtration steps will be explained in their 

corresponding subsections. 
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       Figure 3.17. An overview of the variant filtration. 

 

3.3.1. Variant frequency filtering 

 

 

Pathogenic variants have lower allele frequencies than benign variants because of 

negative selection (80). In the global population database, except for the well-known 

founder alleles, >5% MAF can be considered as benign (79). A common variant is 

also not expected to be the cause of RDs. Therefore, allele frequencies are often used 

as a criterion for predicting pathogenicity. This is usually achieved according to two 

different approaches. The first approach, called discrete filtering, assumes that a 

disease-causing variant should not found in these databases (11,81).  This approach 

was used for heterozygous variants. The second approach, called 1%-approach, is 

based on allele frequency cut-offs that change according to the inheritance model of 

variants. It is recommended that the threshold of MAF can be set at 1% for the analysis 
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of autosomal recessive variants in this approach (11). However, Kobayashi et al. 

showed that 97.3% of pathogenic variants they examined using the Exome 

Aggregation Consortium (ExAC) dataset have MAF < 0.01% (82). It suggests that a 

low allele frequency threshold can be adopted to interpret sequence variations, which 

are in the possible relation with Mendelian diseases. Hence, the MAF threshold was 

set at 0.1% for homozygous and compound heterozygous variants. 

 

 

Based on the assumption that variants found in the population with high MAF are 

not likely to be the cause of RDs, such variants are filtered out by using population 

databases explained below.  

 

 

3.3.1.1. 1000 Genome Project Databases 1KGP database  

 

 

1KGP database provides a comprehensive set of human genetic variations from a 

diverse set of individuals of several populations. The database includes the 

reconstructed genomes of 2,504 individuals from 26 populations obtained by 

combining low-coverage whole-genome sequencing (WGS), WES, and microarray 

genotyping. The database contains over 88 million variants, consisting of around 84,7 

million SNPs and 3,6 million indels (83). 

 

 

3.3.1.2. The Genome Aggregation Database (gnomAD)  

 

 

gnomAD is an extensive collection of WES and WGS data from several large-scale 

sequencing projects. The first release of gnomAD is also known as the ExAC dataset 

(84). gnomAD short variant v2 release contains 125,748 WES data, and 15,708 WGS 

data aligned to the GRCh37/hg19 reference sequence. In contrast, the short variant v3 

release contains 71,702 WGS data, including most of the WGS data from the v2 
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version mapped to the GRCh38 reference sequence. Therefore, gnomAD v2 provides 

higher power for the analysis of the coding regions, while v3 offers a valuable resource 

for the study of non-coding sequences (85).  

 

 

The gnomAD dataset was used to calculate metrics describing tolerance to variation 

for genes in the human genome. The metrics are also available in the constraint table 

displayed on the gnomAD browser, as shown in Figure 3.18. 

 

 

 
 
Figure 3.18. The constraint table for SLC2A1 gene. 

 

 

The metrics are developed to measure the intolerance of a transcript to variation by 

predicting the number of expected variants that are seen in the gnomAD dataset and 

comparing those expectations to the number of observed mutations. For synonymous 

and non-synonymous variations, Z score was created to differentiate observed counts 

from the expected ones. While positive Z scores mean the transcript is more intolerant 

of variation, transcripts with more variants than expected have negative Z scores. For 

protein-truncating changes, it is assumed that there are three categories of genes: null, 

recessive, and haploinsufficient. The observed and expected variant counts are used to 

determine the probability of intolerance of loss-of-function variation, which falls into 

the category of haploinsufficient genes. The likelihood of being loss-of-function 

intolerant (pLI) scores ≥ 0.9 indicates an extreme intolerance (84). However, it is 

important to note that the pLI scores developed with the ExAC dataset have been 

shifted to the observed/expected (o/e) score in gnomAD. Because of the lower 
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sampling in ExAC, the calculation needs to a transformation of the observed and 

expected values for the quantity of loss-of-function variants. The revised model with 

gnomAD includes an increased sample which enables to evaluate more accurately the 

level of intolerance to loss-of-function variation in each gene. A gene with a low o/e 

ratio is under a more robust selection for that class of variation than a gene with a 

higher value (85).  

 

 

3.3.2. Distance from splicing regions  

 

 

The majority of pathogenic splice site mutations in the literature are located on ± 

ten bases far away from the exon/intron boundary. The study performed on 1,059 WES 

cases by Bergant et al. showed that among all pathogenic splice-site mutations, the 

majority of them were seen at positions +4 and +5 (63.6%) and ± one and two 

contributing to 1.2%. Two splice variants were seen at positions −3, −12, and two 

synonymous variants were predicted to affect splicing (21). Hence, the threshold of 

splice site distance determined as ± ten base-pair. If any prominent variant is not 

detected, the length is increased to ± 40 base-pair. 

 

 

3.3.3. Pathogenicity prediction tools 

 

 

Even splice distance and population MAF-based filtering, individuals generally 

have many novel variants that are not reported in databases. According to criteria 

proposed by some clinical guidelines, most of these variants do not classify 

definitively as benign or pathogenic. These types of alterations are called as variants 

of uncertain significance (VUS) (79). Further filtering approaches must use to lower 

the quantity of VUS as much as possible. For this purpose, numerous pathogenicity 

prediction tools based on different principles have been developed to evaluate the 
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variant effect. ACMG (79) and the European Society of Human Genetics (ESHG) (86)  

guidelines also recommend these in-silico methods to interpret variant pathogenicity.  

 

 

The methods are based on different principles to predict variant pathogenicity. 

Evolutionary conservation is among the most beneficial features of such predictions. 

Some methods, such as SIFT (87) and PROVEAN (88), rely on sequence conservation. 

For example, as the most widely used algorithm, SIFT compares the alignments of 

related sequences by performing a PSI-BLAST (Position-Specific Iterated BLAST) 

(89) search to check if the variant is tolerated in an evolutionary aspect. In addition to 

sequence conservation, another group of methods that take into account several 

features such as amino acid physicochemical properties, the context of variation 

position, and protein structural features through machine learning algorithms are also 

available. Combined annotation– dependent depletion (CADD) (90), MutationTaster2 

(91), PolyPhen-2 (92), DANN (93), and VEST3 (94) are well-known examples of such 

tools. 

 

 

The predicted impact of a variation obtained from different tools may not be the 

same. This problem led to researchers making efforts to develop meta predictors that 

combine the results from existing tools by using several approaches such as logistic 

regression, decision trees, random forests, and support vector machines to make their 

own decisions. MetaSVM and MetaLR (95), The Mendelian clinically applicable 

pathogenicity (M-CAP) (96), and Rare exome variant ensemble learner (REVEL) (97) 

are well-known examples of meta-predictors. 

 

 

Many tools were used for pathogenicity prediction in the dissertation. Below, some 

background information will be presented about the more inclusive and informative 

ones. 
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3.3.3.1. CADD  

 

 

CADD combines 63 genomic features derived from evolutionary constraint, 

surrounding sequence context, and functional predictions to evaluate SNVs and short 

indels. The tool integrates all of these features into a single CADD score. It employs a 

machine learning approach trained on a binary distinction between simulated variants 

and variants that have become fixed in human populations since the split between 

humans and chimpanzees. C scores correlate with pathogenicity of a variant and 

disease severity (90). Based on the observation on training sets used in CADD, 

pathogenicity thresholds are set up at different levels. C- score >10 means the 10% 

most deleterious substitutions, and C-score >20 indicates the 1% most deleterious 

substitutions. 

 

 
3.3.3.2. M-CAP 

 

 

M-CAP uses a supervised learning classifier to interpret genomic variants and 

especially focus on coding mutations for Mendelian diseases. As a meta-predictor, it 

uses nine existing tools SIFT (87), PolyPhen-2 (92), CADD (90), MutationTaster (91), 

MutationAssessor (98), FATHMM (99), LRT (100), MetaLR and MetaSVM (95). It 

also combines many knowledge came from of genomic and conservation information,  

from Residual Variation Intolerance Score (RVIS) (101), PhyloP (102), PhastCons 

(103), SIPHY (104), GERP (105), PAM250 and BLOSUM62 (106). Additionally, M-

CAP establishes multiple sequence alignments of 99 primate, mammalian, and 

vertebrate genomes to the human genome as a new feature (96). The threshold for M-

CAP to estimate variant pathogenicity is > 0.025. 
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3.3.3.3. REVEL 

 

 

REVEL is an ensemble tool for pathogenicity prediction of the missense variants 

combining of several tools: MutPred (107), SIFT (87), PROVEAN (88), 

MutationTaster (91), Poly-Phen (92), VEST (94), MutationAssessor (98), FATHMM 

(99), LRT (100), phyloP (102), phastCons (103), SiPhy (104), and GERP (105). 

REVEL was trained with a random forest on the set of variants that have recently 

reported as pathogenic and rare benign missense variants. The prediction score for 

variants can range from zero to one in REVEL, reflecting the proportion of trees in the 

random forest that classified the variant as pathogenic (97). The pathogenicity 

threshold can be set either as 0,50 or 0,75 to predict pathogenicity. While 75,4% of 

disease mutations, 10,9% of neutral variants have a score above 0,5; 52,1% of disease 

mutations, 3,3% of neutral variants, and 4,1% of all missense variants have a score 

above 0,75. 

 

 

3.3.4. Genic intolerance 

 
 

Genic intolerance is a gene-level assessment that has the potential to help in the 

interpretation of human genetic variants. It has been developed as a scoring system to 

calculate tolerance of genes to a functional genetic variation using allele frequency 

information from the 6503 WES data that is available in the National Heart, Lung, and 

Blood Institute (NHLBI) Exome Sequencing Project (101). This system predicts the 

expected common functional variations in the gene and compares them to benign 

variations found in the gene. The deviation from this prediction is attributed to the 

intolerance score, namely RVIS. While genes with a positive RVIS score have more 

common functional variation than expected, genes with negative RVIS scores have 

less. A negative RVIS score indicates that the gene is intolerant. The scoring system 

also shows that the genes that cause Mendelian diseases are more strict to variations 

than genes that cause other diseases. 
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3.3.5. Model organism databases 

 

 

The evolutionary conservation of many biological processes among species allows 

the usage of several different model organisms to study human diseases.  Although not 

all the human genes are conserved in invertebrate models such as worms and fruit flies, 

vertebrate models such as zebrafish and mouse provide valuable resources to study 

such genes. So that they serve as a valuable resource during the variant prioritization 

process. When evaluating the function of a conserved gene in model organisms, it is 

critical to keep in mind that orthologous genes usually cause different phenotypes in 

different species, although the gene products have a similar molecular function. The 

model organism database used in the dissertation will be explained below to provide 

the related information on the molecular function of query genes. 

 

 

3.3.5.1. Mouse Genome Informatics (MGI) 

 

 

MGI is the primary database that integrates genetic, genomic, and biological data 

for the laboratory mouse. Mouse Genome Database (MGD) and Mouse Gene 

Expression Database (GXD) are the two most significant contributors to MGI, serving 

as valuable resources for human disease studies. MGD provides curated phenotypes 

and functional annotations for mouse genes and alleles, while GXD contains mouse 

gene expression data with an emphasis on endogenous gene expression during mouse 

development (108,109). The Human-Mouse Disease Connection tool within MGI is 

another important feature that facilitates exploring gene-phenotype-disease 

relationships between human and mouse. By simply searching the human genes on 

MGI, the algorithm finds matching mouse genes and their homologs and displays the 

both human and mouse phenotypes associated with the genes of interest. It is shown 

an example search for the SLC2A1 gene in Figure 3.19.  MGI is updated once every 

week by adding new annotations from the literature. 
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Figure 3.19. Mutant mouse phenotype for SLC2A1 gene. 

 

 

3.3.6. Literature search  

 
 

The VarfromPDB package (v2.2.10) (110) available in R (111) was used to utilize 

deep literature search for prioritized variants. VarfromPDB is an automated method to 

mine the genes and variants related to a Mendelian disorder from several databases 

which are HPO (68), Human Gene Nomenclature Committee (HGNC) (112), ClinVar 

(113), Online Mendelian Inheritance in Man (OMIM) (4), Uniprot (114), Orphanet 

(115), UCSC (116) and literature (PubMed).  

 

 

The function extract_pubmed captures the information about the keywords from 

abstracts in PubMed based on text mining. The functions in the R RISmed package 

(https://www.rdocumentation.org/packages/RISmed) are used to get and search the 

abstracts (110). The information such as phenotypes, genes, variants, article titles, 

publication journals, publication years, first authors, and PMIDs can be captured 

(Figure 3.20) 
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pubmed.phenotype <- extract_pubmed(query = "disease phenotype AND gene AND 

mutation", 

                                   keyword="disease phenotype") 

disease.pubmed <- pubmed.phenotype[[1]] 

 

write.table(disease.pubmed, file = "disease.csv", row.names = F, 

sep = ";") 

 

 
 

Figure 3.20. The output file which is generated by using extract_pubmed function in the 
VarfromPDB package for GLUT1 deficiency syndrome. 
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3.4. Variant Confirmation 

 

 

When WES were integrated into the clinical area for diagnostic purposes, Sanger 

sequencing has become the confirmation method of NGS results (12–14,117). 

However, with advances in sequencing technologies and methods for bioinformatics 

analyses, the accuracy of NGS has parallelly improved. Therefore, laboratories 

working with NGS data are able to empirically determine quality thresholds for 

variants without Sanger confirmation (118). In the example study reported by Strom 

et al., Sanger sequencing was performed on 110 SNVs detected by WES. WES 

findings were validated for 100% of SNVs with quality scores ≥Q500. The mean 

coverage for these variants was 116x and ranged from 5x–250x. In the remaining 

seven variants with quality scores <Q500, six were confirmed by Sanger sequencing 

(119). Based on this study, they have set a quality threshold of Q500 with 

approximately 40x coverage for WES. These thresholds were also used in this 

dissertation. However, Sanger confirmation of low-quality single nucleotide variants 

and all small indels remains necessary. 

 

 

As an alternative approach, a manual check of the variants utilizing a visualization 

tool such as the Integrative Genomics Viewer (IGV) (120,121) is a possible way the 

corroboration of variants. In addition to IGV visualization, molecular dynamics (MD) 

simulation provides valuable insight to confirm the variant pathogenicity via 

simulating the impact of a mutation to protein structure and function. 

 

 

3.4.1. IGV  

 

 

IGV is open-source software that enables us to visualize NGS data, including both 

basic mapped read data and derived results from them, such as read coverage. The tool 

supports the visualization of many samples and the comparison of these datasets 
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synchronically. Datasets can be loaded from local or remote sources. IGV takes several 

file formats as an input. Only .sam or .bam files can be used for sequence alignment 

data, and bam index files (.bai) are also required. IGV represents NGS data by a simple 

coverage plot (120,121).  This coverage plot was used to evaluate the quality and detect 

technical issues in the sequencing. 

 

 

3.4.2. Sanger sequencing 

 

 

Sanger method described by Frederick Sanger and colleagues is based on the usage 

of chain-terminating dideoxynucleotide analogs that caused base-specific termination 

of the DNA synthesis (36). Sanger sequencing was used for the purpose of the 

confirmation of detected variants and determination of parental segregation for 

proband-based WES case. In order to perform Sanger sequencing, peripheral blood 

samples were obtained from the patients and their biological parents following the 

standard procedures. Genomic DNA was isolated from peripheral blood samples using 

the Quick-DNATM Miniprep Plus Kit (Zymo Research, USA) following the 

manufacturer’s protocol. DNA quality was checked by agarose gel electrophoresis and 

NanoDrop 2000c Spectrophotometer (Thermo Fisher Scientific, USA). PCR primers 

were designed for each region of interest using Primer3 (122). These regions were 

amplified employing PCR and run in agarose gel electrophoresis for size and integrity 

analysis. Sanger sequencing was carried out using standard protocols. Sequence 

electropherograms were viewed using the 4Peaks (Mekentosj, Amsterdam).  

 

 

3.4.3. Computational impact prediction of the mutant protein function: MD 

Simulation 

 

 

Understanding the impact of a mutation on the three-dimensional (3D) structure 

and function of the protein is crucial in deducing the pathogenicity. However, studying 
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with proteins is required tedious and time-consuming experimental methods because 

of their flexible and dynamic nature, which can play a significant role in their function. 

Moreover, they can also undergo conformational changes while carrying out their 

function. Recent advances in structural genomics and computational modeling 

methods allow simulating the proteins (123). These computational methods enable not 

only predicting the structure of proteins but also determining the impact of variants on 

the protein (124–126). MD simulation is a powerful way to measure the impact of the 

variant on protein 3D structure and function. MD simulation measures the physical 

movements of several hundreds of atoms at a fixed period of time based on the 

application of Newton’s equation of motion to predict the behavior of proteins (127). 

Thus, MD simulation makes direct observation of the motion of mutant proteins in 

their dynamic environment possible at the atomic scale and helps to corroborate the 

variant pathogenicity. 

 

 

Computational modeling study for case II was performed by Umut Gerlevik from 

our research group. For structural modeling, Robetta (128) was used to model the full-

length monomer structure of human PRKAR1A protein (UniProt ID: P10644 (114)) 

by using the crystal structure of mouse orthologous of PRKAR1A (PDB ID: 4DIN , 

chain B (129)) as a template. Ramachandran plot analysis via PROCHECK (130) was 

applied to check the quality of the model. Then, to observe the mutation impact on the 

cAMP binding ability of the regulatory subunit of PKA holoenzyme, two cAMP were 

docked to the binding regions, as shown in the crystal structure of the bovine 

orthologous of PRKAR1A protein (PDB ID: 4MX3 (131)). G171E mutation was 

introduced with the help of Mutator Plugin (v1.3) of Visual Molecular Dynamics 

(VMD- v1.9.3) (132). The systems were solvated in the TIP3P water box  (133) with 

0.15 M KCl ions as neutralizing the charge. 

 

 

In the simulation setup, NAMD 2.13-multicore-CUDA (134) were used to run MD 

simulations. CHARMM36 all-atom force field (135) was used. After applying 10,000 

step minimizations with a conjugate gradient algorithm, the systems were equilibrated 
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for 2 ns at 298 K under the NVT ensemble. Production simulations were performed 

along 100 ns at 310 K and 1 atm under the NPT ensemble. For both wild-type and 

mutant systems, three different productions were performed with the different random 

seeds to ensure the reproducibility of results. Langevin barostat and thermostat 

couplings were used for pressure and temperature controls (136). The integration time 

step was 2 fs. For the computation of long-range Coulomb interactions, the particle-

mash Ewald method was used (137). 

 

 

For trajectory analysis, visualizations and rendering were applied by using VMD 

(132). In-house TCL scripts were used for aligned backbone root-mean-square 

deviation (RMSD), aligned Cα atoms root-mean-square fluctuations (RMSF), and 

radius of gyration of the entire structure. The ggplot2 package (138) in R 4.0.2 (111) 

was used to plot the results of analyses. 
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4. RESULTS 
 

 

In this dissertation, a unique variant prioritization workflow consisting of the WES 

data analysis pipeline and variant filtering strategy has been employed on previously 

unsolved WES cases. While two cases were proband-only WES, one of them trio-

WES. The workflow created in this dissertation achieved a precise diagnosis by 

reanalyzing the raw data of all individuals. The diagnosis and details of each case will 

be explained in their corresponding subsections. 

 

 

4.1. Case I: GLUT1 Deficiency Syndrome 1 

 

 

Case I was a 6-year-old female who had symptoms, including global developmental 

delay, intellectual disability, dysarthria, epilepsy, hemangioma, and involuntary 

movements (choreoathetosis and dystonia). WES was performed before, but no 

pathogenic variant has been able to detect. The raw FASTQ file was immediately 

obtained. At the end of the analysis of initial nondiagnostic WES, 10,800 

heterozygous, and 5,500 homozygous passed the depth and quality filter. After the 

population frequency and splice site filtering, quantity decreased to 402 and 15, 

respectively. After further filtering described in the method section, three genes were 

prioritized namely SLC2A1, KMT2C, and CACNA1B (Table 4.1.) 
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Table 4.1. Summary of prioritized variants for case I.  
 

Gene  
and  
Variant 

Phenotype 
gnomAD 
Gene 
constraint 

Intolerance 
Score 
(RVIS) 

CADD 
REVEL 
M-CAP 

MGI 
Phenotype 

SLC2A1 
(OMIM 
*138140) 
NM_006516: 
exon3: 
c.275+1G>- 

GLUT1 
deficiency 
syndrome 1, 
infantile onset, 
severe 
(OMIM 
#606777) 

Missense Z 
Score = 2.93 
Loss of 
Function pLI 
Score = 0.99 

-1.05 
- 
- 
- 

Heterozygotes 
embryos show 
seizures, impaired 
motor performance, 
hypoglycorrhachia, 
microencephaly, 
and reduced brain 
glucose uptake. 
(MGI:95755) 

KMT2C 
(OMIM 
*606833) 
NM_170606: 
exon18: 
c.C2961G: 
p.Y987X 

Kleefstra 
syndrome 2 
(OMIM 
#617768) 

Missense Z 
Score = 2.14 
Loss of 
Function pLI 
Score = 1 

-2.52 
11.576 
0.162 
- 

Mice homozygous 
for a knock-out 
allele display partial 
embryonic lethality, 
postnatal growth 
retardation, and 
impaired fertility. 
(MGI:2444959) 

CACNA1B 
(OMIM 
*601012) 
NM_000718: 
exon2: 
c.390+1-
>ACGACAC
GGAGCCCT
ATTTCATCG
GGATCTTTT
GCTTCGAG
GCAGGGAT
CAAAA 

Neuro-
developmental 
disorder with 
seizures and 
nonepileptic 
hyperkinetic 
movements 
(OMIM 
#618497) 

Missense Z 
Score = 4.52 
Loss of 
Function pLI 
Score = 1 

NA 
- 
- 
- 

Mice deficient in 
this gene exhibit 
defects in 
nociception, 
memory and 
learning, 
hyperactive and 
aggressive 
behaviors with 
defects in the the 
sleep-wake cycle.  
(MGI:88296) 

 

 

Together, these statistical findings, prediction scores, and phenotype information in 

both human and the model organism provided strong evidence that the novel variant 

in SLC2A1 causes the observed phenotype. The heterozygous mutation in SLC2A1 

(NM_006516) c.275+1G>- was detected with high-depth reading in IGV (Figure 21). 
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Figure 4.1. IGV visualization of the variant. At the position of 43396716 on Chromosome 1, there are 
128 reads for reference (C) and 115 deletions. 

 

 

Since the patient was a proband-only WES case, it was needed to confirm whether 

there is parental segregation of the variant or not. Sanger sequencing was carried out 

to verify parental segregation. In addition to the parental verification, mixed and low-

quality traces from the heterozygous deletion point in both forward and reverse 

sequence direction confirm the IGV visualization (Figure 4.2).  

 



 58 

 
 

Figure 4.2. Forward and reverse reads from obtained Sanger Sequencing of the patient and her 
biological parents. While the upper reads come from the forward sequencing, the lower ones come 
from to reverse sequencing. The reads in the first column belong to the affected child. The second 
and the third columns belong to the mother and the father, respectively. 

 

The SLC2A1 gene is located on the short arm of chromosome 1, 1p34.2 (139). The 

gene with ten exons encodes GLUT1 protein composed of 492 amino acids. (140,141). 

GLUT1 protein is the main glucose transporter responsible for the delivery of glucose 

in human erythrocytes and blood-tissue barriers  (116–118). 

 

 

Impaired glucose transport at the blood-brain barrier caused by mutations in the 

SLC2A1 lead to GLUT1DS1 (28). GLUT1DS1 is a rare neurometabolic disorder with 

the estimated prevalence of 1:80-90,000 (145) and characterized by 

hypoglycorrhachia, early-onset seizures, delayed development, dysarthria, acquired 
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microcephaly and movement disorder including spasticity, ataxia, and dystonia 

(29,146).  

 

 

Most of the SLC2A1 mutations resulted in GLUT1DS1 occur de-novo with the 

autosomal dominant condition (147). In familial cases, mutations are usually inherited 

by autosomal dominant pattern (148,149); however, the presence of autosomal 

recessive variants have also been shown (150,151). Thus far, it is estimated that more 

than 140 different pathogenic variants have been shown in the SLC2A1 (152).  All 

mutations, including deletions, missense, nonsense, frameshift, and splice-site 

variations result in absence or loss of function of one of the SLC2A1 alleles (147). 

Generally, missense changes can be associated with the whole symptom spectrum of 

GLUT1DS1, while deletions and null mutations in the SLC2A1 are related to severe 

forms of the syndrome (153).  Yet, genotype-phenotype correlation is complex, and it 

is not yet clearly defined. On the other hand, it is vital to identify GLUT1DS1 in the 

early stages since the ketogenic diet therapy is able to provide a reduction in symptoms 

in GLUT1DS1 patients (154). 

 

 

4.2. Case II: Acrodysostosis 1, with or without hormone resistance 

 

 

Case II was a 4-years-old girl with distinctive facial features, skeletal system 

abnormalities, global developmental delay, and hypothyroidism. WES was performed 

before, but no pathogenic variant was detected. Raw FASTQ file was obtained for 

reanalysis. At the end of the WES data analysis, 13741 heterozygous and 9403 

homozygous variants were detected. After the population frequency and splice site 

filtering, the number of variants decreased to 326 and 103 for heterozygous and 

homozygous, respectively. After further filtering approaches defined in the method 

section, six genes were highlighted, namely NEB, TRIP12, CHD1, PRKAR1A, 

RERE, KMT2D (Table 4.2).  
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Table 4.2. Summary of prioritized variants for case II.  
 

Gene  
and  
Variant 

Phenotype 
gnomAD 
Gene 
constraint 

Intolerance 
Score 
(RVIS) 

CADD 
REVEL 
M-CAP 

MGI  
Phenotype 

NEB 
(OMIM 
*161650) 
NM_004543: 
exon77: 
c.T11437G: 
p.L3813V 

Nemaline 
myopathy 2, 
autosomal 
recessive 
(OMIM # 256030) 

Missense Z 
Score = - 0.04 
Loss of 
Function pLI 
Score = 0 

0.88 
 

-0.520 
0.201 
0.005 

Homozygous 
inactivation of this 
gene leads to stunted 
growth, altered 
sarcomere structure, 
reduced contractility 
in skeletal muscle, 
muscle weakness. 
(MGI:97292) 

TRIP12 
(OMIM 
*604506) 
NM_0013483
1: 
exon22: 
c.3356+13G>
T 

Mental 
retardation, 
autosomal 
dominant 49 
(OMIM #617752) 

Missense Z 
Score = 4.64 
Loss of 
Function pLI 
Score = 1 

-2.46 
 

- 
- 
- 

Mice homozygous for 
a targeted allele 
exhibit complete 
embryonic lethality 
during organogenesis. 
(MGI:1309481) 

CHD1 
(OMIM 
*602118) 
NM_001270: 
exon18: 
c.2718+1G>T 

Pilarowski-
Bjornsson 
syndrome 
(OMIM #617682) 

Missense Z 
Score = 4.21 
Loss of 
Function pLI 
Score = 1 

-0.81 
- 
- 
- 

Mice homozygous for 
a knock-out allele 
exhibit complete 
embryonic lethality. 
(MGI:88393) 

PRKAR1A 
(OMIM 
*188830) 
NM_0012762
9: 
exon5: 
c.G512A: 
p.G171E 

Acrodysostosis 1, 
with or without 
hormone 
resistance 
(OMIM # 101800) 

Missense Z 
Score = 3.12 
Loss of 
Function pLI 
Score = 1 

-0.34 
6.879 
0.953 
0.628 

Mice homozygous for 
a null allele exhibit 
embryonic lethality 
during organogenesis. 
Mice heterozygous 
for a null allele 
exhibit background 
sensitive infertility 
and increased tumor 
incidence. 
(MGI:104878) 

RERE 
(OMIM 
*605226) 
NM_0010426
8: 
exon8: 
c.C727T: 
p.H243Y 

Neurodevelopmen
tal disorder with 
or without 
anomalies of the 
brain, eye, or heart 
(OMIM # 616975) 

Missense Z 
Score = 2.03 
Loss of 
Function pLI 
Score = 1 

-2.63 
-0.036 
0.146 
0.034 

Mice homozygous for 
disruptions in this 
gene display 
embryonic lethality 
with abnormalities in 
neural tube 
development, somite 
development, and in 
the embryonic heart. 
(MGI:2683486) 

KMT2D 
(OMIM 
*602113) 
NM_003482: 
exon51: 
c.16053-7C>A 

Kabuki syndrome 
1 
(OMIM #147920) 

Missense Z 
Score = 3.73 
Loss of 
Function pLI 
Score = 1 

-5.29 
- 
- 
- 

Mice homozygous for 
a gene trap allele 
exhibit embryonic 
lethality. 
(MGI:2682319) 
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Combining the statistical findings, prediction scores, and phenotype information 

both in human and the model organism gave strong evidence to conclude that the novel 

heterozygous variant, c.G512A, p.G171E, in PRKAR1A lead to clinical symptoms of 

the patient. IGV visualization indicated that the c.G512A mutation was detected with 

a high-depth read, and 44% heterozygous read ratio in WES analysis (Figure 4.3).  

 

 

 
 

Figure 4.3. IGV visualization of the variant for Case II. At the position of 66521062 on Chromosome 
17, there are 72 reads for reference (G) and 57 reads for the mutation (A). 

 

 

In order to determine the degree of conservation of the affected amino acid, the 

PRKAR1A protein sequence of 9 species (human, mouse, rat, cattle, cow, pig, rhesus 

monkey, frog, chimpanzee, and Chinese hamster) was examined. Protein sequences of 

the species were retrieved via the National Center for Biotechnology Information 

(NCBI) (https://www.ncbi.nlm.nih.gov/gene/5573/ortholog/?scope=32523). Species 

and accession numbers are as follows: Homo sapiens - NP_002725; Mus musculus - 

NP_001360842; Rattus norvegicus - NP_037313; Bos taurus - NP_001069826; Sus 

scrofa - NP_999191; Macaca mulatta - XP_014975676; Xenopus tropicalis - 

NP_001025530; Pan troglodytes - XP_511647; Cricetulus griseus - XP_003500360. 

Multiple sequence alignment was conducted with Clustal Omega (155). The functional 
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importance of the missense mutation is supported by the fact that the region is quite 

conserved in several species (Figure 4.4). 

 
 

 
 
 

Figure 4.4. Evolutionary conservation of the position of 171 for human PRKAR1A protein.  

 

 

The PRKAR1A gene is located on chromosome 17q23-q24 and encodes the cAMP-

dependent regulatory subunit type I alpha of protein kinase A (PKA) comprising  381 

amino acids (156). The cAMP is a seconder messenger in the cells to various 

hormones, and other signaling chemicals and PKA is the most common effector of 

cAMP (157). Receptors that activate PKA through cAMP production regulate several 

vital cellular processes such as metabolism, gene expression, cell proliferation, and 

differentiation (158). PRKAR1A protein is crucial for the regulation of the PKA 

system to respond to cAMP (159). In the absence of cAMP, PKA is a tetrameric 

holoenzyme composed of two regulatory and two catalytic subunits (158). These two 

subunits dissociate from each other when cAMP binds to the regulatory subunits; thus, 

PKA can show enzymatic activity phosphorylating downstream targets. PRKAR1A is 

the most abundantly expressed regulatory subunit (160) and consists of a dimerization 

domain, an inhibitory site, and two cAMP-binding domains called A and B (161). 

Heterozygous mutations that disturb the binding interaction between cAMP and 

PRKAR1A are associated with Acrodysostosis 1 (162). Acrodysostosis 1 refers to a 

rare type of skeletal dysplasias characterized by facial dysostosis, nasal hypoplasia, 

brachydactyly, short stature, and mental retardation (163,164). It was shown that some 

patients with Acrodysosostosis 1 had resistance to multiple hormones, including 
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thyrotropin, calcitonin, growth hormone-releasing hormone, and gonadotropin (165). 

According to Orphanet, less than 80 cases with Acrodysostosis have been reported to 

date (166). 

 

 

4.3. Case III: Hypotonia, Ataxia, And Delayed Development Syndrome   

 

 

Case III was a 6-year-old male with global developmental delay, generalized 

hypotonia, mild facial dysmorphisms including frontal bossing and low-set ears, 

speech delay, decreased pain response, hyperactive deep tendon reflexes, and 

strabismus. Trio-WES was performed before, but no pathogenic variant was detected. 

We immediately obtained raw data of proband and the biological parents. WES data 

analysis was performed on their FASTQ files. In the WES data analysis, 10011 

heterozygous and 4954 homozygous and compound heterozygous variants were 

detected. After the population frequency and splice site filtering, the number of 

variants decreased to 346 for heterozygous; 15 for homozygous and compound 

heterozygous ones. Four genes were prioritized, namely COL6A3, EHMT1, 

NUTM2B, and EBF3 (Table 4.3). 
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Table 4.3. Summary of prioritized variants for case III.  
 

Gene and 
Variant Phenotype 

gnomAD 
Gene 
constraint 

Intolerance 
Score 
(RVIS) 

CADD 
REVEL 
M-CAP 

MGI 
Phenotype 

COL6A3 
(OMIM 
*120250) 
NM_004369: 
exon38: 
c.A8129G: 
p.Q2710R 

Bethlem 
myopathy 1 
(OMIM 
#158810) 
Ullrich 
congenital 
muscular 
dystrophy 1 
(OMIM 
#254090) 

Missense Z 
Score = - 0.61 
Loss of 
Function pLI 
Score = 0 

-2.55 
 
0.327 
0.118 

Mice homozygous 
for a hypomorphic 
allele exhibit 
myopathy, 
decreased muscle 
weight, increased 
collagen deposition 
in muscles, skeletal 
muscle interstitial 
fibrosis and 
abnormal tendon 
collagen fibril 
morphology. 
(MGI:8846) 

EHMT1 
(OMIM 
*607001) 
NM_024757: 
exon5: 
c.824-18->T 

Kleefstra 
syndrome 1 
(OMIM 
#610253) 

Missense Z 
Score = 1.16 
Loss of 
Function pLI 
Score = 1 
 

-1.58 
- 
- 
- 

Nullizygous 
embryos die circa 
E9.5 showing 
delayed growth and 
incomplete somite 
formation and 
neural groove 
closure. 
Heterozygotes 
show behavioral 
deficits and 
synaptic 
dysfunction. 
(MGI:1924933) 

NUTM2B 
(OMIM 
*618639) 
NM_0012784
95: 
exon5: 
c.G1576A: 
p.E526K 

Oculopharyng
eal myopathy 
with 
leukoencephal
opathy 1 
(OMIM 
#618637) 

Missense Z 
Score = 0.89 
Loss of 
Function pLI 
Score = 0.02 

NA 
0.025 
0.009 
0.001 

- 

EBF3 
(OMIM 
*607407) 
NM_0010054
63: 
exon6: 
c.C487T: 
p.R163W 

Hypotonia, 
ataxia, and 
delayed 
development 
syndrome 
(OMIM 
#617330) 

Missense Z 
Score = 3.61 
Loss of 
Function pLI 
Score = 1 

-0.65 
33 
0.575 
0.009 

Homozygous 
mutant mice die 
perinatally and 
exhibit impaired 
olfactory neuron 
projection. 
(MGI:894289) 

 

 

At the end of the analysis of initial nondiagnostic trio-WES, de-novo heterozygous 

variant c.C487T, p.R163W in EBF3 gene (NM_001005463) was identified as the most 
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prominent variant IGV visualization verified that the variant found in only the 

proband, but not in the parents (Figure 4.5). 

 

 

 
 

Figure 4.5. IGV visualization of the position of 131755589 on Chromosome 10 for the child, father, 
and mother, respectively. Affected child has 16 reads for the reference and 18 reads for the variant; 
the biological father and mother have no variant at this position. 

 

 

The c.C487T was further confirmed by Sanger Sequencing due to low depth 

reading. Sanger results indicate that only the affected individual has the c.C487T as 

well as IGV visualization. The biological parents do not show any variation at this 

position (Figure 4.6).  
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Figure 4.6. Sanger sequencing of the mutation c.C487T of EBF3 in case III. The mutation is only 
present in the proband, but not in the parents. 

 

 

EBF3 gene is located on chromosome 10q26.3 encodes a member of the early B-

cell factor (EBF) transcription factor family (in other words Olf, COE, or O/E) that 

has crucial roles in neurogenesis and development (167,168). Heterozygous mutations 

in EBF3 are the genetic cause behind Hypotonia, Ataxia, And Delayed Development 

Syndrome; HADDS, which is a neurodevelopmental syndrome characterized by 

congenital hypotonia, delayed psychomotor development, variable intellectual 

disability with speech delay, ataxia and variable dysmorphic facial features (169). 

Although the pathogenic mechanisms of EBF3 mutations remain unclear, missense, 

nonsense, and intronic variants, and copy number variations are described so far (170). 

However, no information about the prevalence of the disease has been reported 

because of insufficient data about incidence and published cases (171). 
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5. DISCUSSION AND CONCLUSION 
 

 

The diagnosis of RDs is a complicated journey since they have low prevalence and 

phenotypic diversity. Associating a particular disease phenotype with genomic 

variants is a multistep process. The initial steps that include processing raw sequence 

data are highly automated through the use of many bioinformatics software and tools.  

However, many of these software and tools focus on a particular aspect of these steps 

and do not offer a single workflow from start to finish. There are no gold standards in 

the translation WES to clinical benefit. Besides, the final variant filtration step, which 

is the most critical step, is not entirely automated. It requires a comprehensive 

interpretation together with integrative approaches. In this dissertation, it was aimed 

to create variant prioritization workflow for WES data toward clinical utility. The 

workflow introduced was tested on three individuals with previously unsolved WES 

data and was achieved diagnosis for them (Table 5).  Detailed information about the 

bioinformatic analysis, variant interpretation and diagnosis for each case will be 

explained in the related subsections. 

            

Table 5. Summary of patients with established diagnosis by WES Reanalysis  
 

Case 

ID 

Disease-Causing 

Gene 
Variant Inheritance Phenotype 

I SLC2A1 Deletion/ 
c.275+1G>- Heterozygous 

GLUT1 
deficiency 
syndrome 1, 
infantile onset, 
severe 

II PRKAR1A 
Non-synonymous 
SNV/ c.G512A: 
p.G171E 

Heterozygous 

Acrodysostosis 
1, with or 
without hormone 
resistance 

III EBF3 
Non-synonymous 
SNV/ c.C487T: 
p.R163W 

Heterozygous 

Hypotonia, 
ataxia, and 
delayed 
development 
syndrome 1 
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5.1. Bioinformatic Analysis, Variant Interpretation and Diagnosis of Case I 

 

 

The clinical symptoms for the case I was global developmental delay, 

microcephaly, intellectual disability, dysarthria, epilepsy, hemangioma, and 

involuntary movements (choreoathetosis and dystonia). Re-analysis of the previously 

unsolved WES data was performed as described in the method section. The workflow 

revealed the novel heterozygous variant c.275+1G>- in the SLC2A1 gene. This variant 

has not been reported in the literature available databases. GLUT1DS1 caused by the 

mutation in the SLC2A1 gene was proposed for the patient as the genetic diagnosis.  

Since low cerebrospinal fluid (CSF) glucose concentration is a distinctive sign for 

GLUT1DS1 (29), the genetic diagnosis was confirmed with CSF evaluation. Lumbar 

puncture (LP) was performed by the pediatric neurologist. While normal CSF-to-blood 

glucose ratio is about 0.6, in patients with GLUT1DS1, the value ranges from 0.19 to 

0.46 (172). LP showed no cells, protein 20.40 mg/dl, glucose 32 mg/dl, simultaneous 

blood glucose 87 mg/dl. This ratio for case I was 0.36. After extensive neurometabolic 

and genetic screen, the patient was diagnosed with GLUT1DS1. GLUT1DS1 is a rare 

neurological disorder characterized by infantile seizures, developmental delay, 

acquired microcephaly, hypoglycorrhachia, and a complex movement disorder 

consisting of ataxia and spasticity (29). Impaired glucose transport result from 

mutations in the SLC2A1 gene lead to these symptoms. The ketogenic diet supplies 

an alternative fuel for the brain instead of glucose and recovers markedly symptoms 

(154). The pediatric neurologist informed that Case I responded to the ketogenic diet. 

She has been seizure-free shortly after the initiation of the diet. She also had decreased 

involuntary movements; her speech became more understandable after the diet.   

 

 

In addition to typical symptoms of GLUT1DS1, our patient had a hemangioma as 

an unusual feature. Based on our knowledge, these two conditions were not previously 

reported together in any other patients with SLC2A1 variants. Although the 

hemangioma pathogenesis is not fully clarified, GLUT1 protein has been used as a 

selective marker to differentiate infantile hemangioma from other vascular 
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malformations (173,174). It is supposed that the expression of GLUT1 in hemangioma 

tissue is a potential sign of the pathogenicity because the protein is not expressed in 

the healthy skin tissue (173). It suggests that this may represent an additional feature 

associated with the disease. Yet, further research is required to explain whether there 

is a relationship between Hemangioma and GLUT1DS1. 

 

 

Interestingly, the missense variant c.275+1G>A, which is in the same position with 

case I was reported before (175). Although both patients had some phenotypic overlap, 

including global developmental delay, seizure, signal abnormality in white matter, the 

case I showed more severe symptoms. She had several complex movement anomalies 

including dystonia and spasticity. It is thought that the phenotypic severity result from 

1 base-pair deletion located on the intron/exon boundary in the SLC2A1 gene for Case 

I. Since splice sites on the boundary are crucial for gene expression and there are highly 

conserved dinucleotide sequences at these sites (176,177). It is a possible reason for 

the difference between our cases and recently reported case by Ismayilova et al. 

However, there is a need for further experiments at the level of RNA and protein to 

show the effect of 1 base-pair deletion. These experiments were not able to be 

conducted since the blood sample of the patient is no longer available. 

 

 

5.2. Bioinformatic Analysis, Variant Interpretation and Diagnosis of Case II 

 

 

The clinical symptoms for case II were global developmental delay, skeletal system 

abnormalities, distinctive facial features, hypothyroidism, and strabismus. Re-analysis 

of the previously unsolved WES data was performed as described in the method 

section. The workflow revealed the heterozygous missense variant c.G512A: p.G171E 

in the PRKAR1A gene. Based on the current knowledge, the variant affecting the 

cAMP-binding domain A of the PRKAR1A protein was novel (Figure 5.1).   

 



 70 

 
 

Figure 5.1. The domain structure of PRKAR1A protein and previously reported mutations. The 
protein is composed of a dimerization domain (DD), an inhibitory site (IS), and two cAMP-
binding domains which are called A and B. 

 
 

MD simulation was performed to enlighten the impact of this novel variant on 

PRKAR1A protein. MD results demonstrated that G171E mutation causes to increase 

in the distance between cAMP-binding residues of the protein (Figure 5.2). 

 

 

 
 

Figure 5.2. The comparison of mutant and wild-type protein in terms of the distance between 
cAMP binding domains.  
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In figure Figure 5.3, it is observed that the mutation disturbs the interaction between 

cAMP molecules, which are shown orange color and PRKAR1A protein. The figure 

also shows an interaction between PRKAR1A protein and two cAMP molecules at 0 

nanoseconds (ns).  In the 13th ns, one of the cAMP molecules disassociates from the 

cAMP binding domain A which is shown pink color. In the 39th ns, it is observed that 

the decrease in the binding affinity of cAMP to the protein and, ultimately, complete 

disassociation from cAMP binding domain B, which is shown grey color at the 40th 

ns. 
 

 

 
 

Figure 5.3. The interaction between two cAMP molecules and mutant (p.G171E) PRKAR1A protein 
at the 0, 13th, 39th, 40th ns. 

 

 

PRKAR1A is the most commonly expressed regulatory subunit of PKA 

holoenzyme, which has a vital role in several cellular processes. PRKAR1A composed 

of two cAMP-binding domains that allow binding cAMP. When cAMP molecules 

bind these sites, PKA shows enzymatic activity and phosphorylate downstream targets 
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in cells. In case of the disruption of the binding of cAMP to PRKAR1A, PKA remains 

as tetrameric holoenzyme and can not perform the function. Ultimately, this results in 

the impairment of many pathways in the cell and provide a possible pathogenicity 

mechanism for the variant. In line with these findings, Acrodysostosis 1 caused by the 

mutation in the PRKAR1A gene was proposed for the patient as the genetic diagnosis. 

The diagnosis was confirmed by the pediatrician. Acrodysostosis 1 is an extremely 

rare type of skeletal dysplasias characterized by peripheral dysostosis, including 

abnormally short and malformed bones of the hands and feet, facial dysostosis, nasal 

hypoplasia, growth delays, short stature, and mental retardation. It was reported that 

some patients might have resistance to several hormones (165). This finding in the 

literature was an explanation for the hypothyroidism phenotype of case II. In addition 

to the typical symptoms, case II had more severe skeletal system abnormalities, 

including dislocation on hip and elbows. The functional importance of the variant 

G171E was a possible reason for this finding; nevertheless, there is a need for further 

experiments at the level of both in-vitro and in-vivo. 

 

 

5.3. Bioinformatic Analysis, Variant Interpretation and Diagnosis of Case III 

 

 

The clinical symptoms for the case III included global developmental delay, 

generalized hypotonia, mild facial dysmorphisms such as frontal bossing and low-set 

ears, speech delay, decreased pain response, hyperactive deep tendon reflexes, and 

strabismus. The workflow described in this dissertation was employed in the 

previously unsolved trio-WES. 

 

 

In this case, it is concluded that the trio approach has an obvious advantage for the 

detection of genetic variants identified by WES. In addition to providing the phase of 

variants, the trio approach also enables us to filter out rare benign familial variants and 

quickly identify variants that affect only the child (178). If parents do not have similar 

symptoms as the child, trio sequencing provides an almost ten-fold decrease of the 
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candidate variant number compared to the proband sequencing as well as 50% 

increased diagnostic yield. (64).   

 

 

After the implementation of the workflow, HADDS caused by the mutation EBF3 

gene was proposed as the genetic diagnosis, and it was confirmed by the clinicians. 

The de-novo missense variant was located at the position c.C487T: p.R163W. 

Interestingly, all of the reported missense variants are located in the DNA binding 

domain, which is highly conserved in EBF3 protein (179). As it is shown in Figure 

5.4, five of these mutations disturb the same amino acid residue Arg163, which is in 

the Zn2+ finger Collier/Olf/Ebf (COE) motif (169,180,181). In this respect, a recent 

study conducted molecular dynamics simulations and demonstrated that p.R163W 

could cause decreased DNA binding affinity and differential transcriptional activation 

(181).  

 

 

 
 

Figure 5.4. The domain structure of EBF3 protein and previously reported mutations. 

 

 

The variant p.R163W was previously reported in a girl by Blackburn et al (181). 

The comparison of the case III with the patient in this report revealed substantial 
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phenotypic overlap.  Both patients had global developmental delay, generalized 

hypotonia, speech delay, mild facial dysmorphisms, strabismus, normal evaluations 

for comprehensive biochemical metabolic testing, MRI, EEG, chromosomal 

microarray. Contrary to case III, the reported patient in that article had several 

urogenital anomalies, including atonic bladder, distal urethral stricture, vesicoureteral 

reflux, bilateral hydroureter and hydronephrosis, recurrent urinary tract infections and 

bicornuate uterus (181). Although both patients have the same mutation, case III shows 

mild symptoms comparing the other patient.  

 

 

To sum up, by employing the variant prioritization workflow on previously 

unsolved WES cases, pathogenic de-novo heterozygous variants were identified in 

SLC2A1, PRKAR1A, and EBF3 genes. Here, it is also highlighted the potential of the 

reanalysis of WES data via implementing a different workflow for undiagnosed 

individuals. Finally, it is concluded that the identification of previously undetected 

disease-causing mutations resulted from improved variant prioritization workflow. 

The results revealed from the implementation of the workflow also contribute to the 

RD literature. 
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