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Pituitary adenomas (PAs) are benign tumors of the pituitary gland. Data science techniques are 

indispensable for analyzing genomic big datasets and understanding the mechanisms 

underlying complex diseases. We developed a modular pipeline for whole exome sequencing 

(WES) data mining and assessed its efficiency on a WES dataset comprising 18 pituitary 

adenomas (PAs) samples. The analysis identified 123 mutations across 104 genes, including 

notable mutations in genes such as AIP, AHNAK, and SDHB, some of which have been 

previously associated with PA. By employing a parallel multi-workflow pipeline with two read 

mappers (Bowtie, BWA-mem) and three variant callers (GATK, Freebayes, DeepVariant), we 

improved variant detection accuracy, confirming the utility of the approach, and drew attention 

to the potential risks related to a low concordance among workflows. Despite not finding 

mutations in some commonly reported PA genes, the study validated two significant PA-related 

mutations in the AIP gene: c.910C>T  and c.241C>T. This work contributes valuable insights 

into the genetic basis of PAs, suggesting ideas for future investigation and providing 

recommendations for pipeline design. 
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Hipofiz adenomları (PA'lar) hipofiz bezinin iyi huylu tümörleridir. Veri bilimi teknikleri, 

genomik büyük verisetlerinin analiz edilmesi ve karmaşık hastalıkların altında yatan 

mekanizmaların anlaşılması için vazgeçilmezdir. Tüm ekzom dizileme (TED) veri madenciliği 

için modüler bir İŞ AKIŞI geliştirdik ve 18 hipofiz adenomu (PAs) örneğinden oluşan bir WES 

veri kümesi üzerinde, etkinliğini değerlendirdik. Analiz, bazıları daha önce PA ile 

ilişkilendirilmiş olan AIP, AHNAK ve SDHB gibi genlerdeki önemli mutasyonlar da dahil 

olmak üzere 104 gende 123 mutasyon tespit etmiştir. İki okuma hizalama aracı (Bowtie, BWA-

mem) ve üç varyant arayıcı (GATK, Freebayes, DeepVariant) içeren çoklu araçlı paralel iş akışı 

kullanarak varyant tespit doğruluğunu artırdık, mevcut yaklaşımın faydasını teyit ettik ve iş 

akışları arasında düşük uyumla ilgili potansiyel risklere dikkat çektik. Yaygın olarak bildirilen 

bazı  PA genlerinde mutasyon bulamamasına rağmen, bu tez AIP geninde PA ile ilişkili iki 

önemli mutasyonu doğrulamıştır: c.910C>T ve c.241C>T. Bu çalışma, PA'ların genetik 

temeline ilişkin değerli içgörülere katkıda bulunmakta, gelecekteki araştırmalar için fikirler 

önermekte ve İŞ AKIŞI tasarımı için öneriler sunmaktadır. 

June 2024, 73 pages. 
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1. INTRODUCTION 

Big data, as well as medium and small-sized data, are providing insights and significant 

opportunities for innovation across various domains. Advanced technologies are combined with 

data sciences in interdisciplinary methodologies to enhance our comprehension of the world. 

This thesis is located at the crossroads of data science and genomics. We investigate the data 

mining strategies for genomic Whole Exome Sequencing (WES) data, with a specific focus and 

application to Pituitary Adenomas (PA) disease. 

PA originates in the pituitary gland, a vital organ situated at the base of the brain and responsible 

for the secretion of essential hormones(Horvath and Kovacs, 1988). These tumors lead to health 

complications due to hormonal imbalances and other disturbances (Aflorei & Korbonits, 2014). 

They represent a medical challenge because of their clinical diversity (Ho et al., 2024), complex 

diagnostic procedures, prevalence in the populations (Ezzat et al., 2004), etc.  

Genomics and other omic sciences contribute to the understanding of the low-level mechanisms 

underlying disease occurrence and behavior (Khoury and Holt, 2021). However, genomic data 

analysis comes with several challenges arising from data generation procedures, data structure, 

volume, etc (Xu, 2020). Approaches such as high-performance computing (HPC), distributed 

computing systems, etc; coupled with optimized data analysis pipelines, are among the viable 

solutions to address these challenges. 

Several pipelines have been described by the literature, often with specific goals and 

motivations. For example, WEP (D’Antonio et al., 2013) and  JWES (Ahmed et al., 2021) 

reduce the requirement for technical expertise in conducting complex genomic analyses. 

Escalibur (Korhonen et al., 2022) provides the flexibility to run in various environments like 

HPC, cloud, or local environments. A standard WES data analysis pipeline combines essential 

operations such as quality control, read mapping, and variant calling; using efficient algorithms. 

Some pipelines restrict the user’s control over the analysis process and the latest algorithm 

might not be necessarily the most efficient. It is imperative to periodically evaluate these 

continuously evolving algorithms (Barbitoff et al., 2022), and update the resulting data analysis 

pipelines. 
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Through an overview of the algorithmic principles underlying efficient and commonest 

genomic data analysis tools, we develop a parallel multi-workflow pipeline with two read 

mappers (Bowtie, BWA-mem) and three variant callers (GATK, Freebayes, DeepVariant). We 

assess its efficiency and generate useful insights, through the data mining of a WES dataset 

comprising 18 pituitary adenomas (PAs) samples, obtained from the Aziz Sancar DTAE 

Institute.  

This thesis is divided into four main sections. The first, GENERAL PARTS, explores domain 

knowledge about Pituitary Adenomas disease, whole exome sequencing, and data mining 

aspect of genomic datasets. The MATERIAL AND METHODS section provides the data 

description and the data analysis pipeline workflows. The following chapter, RESULTS details 

the insights generated about the PA disease and the performance of the approaches included in 

the pipeline. The last section, titled DISCUSSIONS, analyzes the pipeline structure and 

efficiency within the context of existing literature and the results based on current scientific 

knowledge. The report ends with a general conclusion. 

Despite not finding mutations in some commonly reported PA genes, the study validated two 

significant PA-related mutations in the AIP gene: c.910C>T  and c.241C>T, and identified new 

candidate germline mutations such as c.2080A>G on the MEFV gene. Genes previously linked 

with PA in literature (e.g. AIP, RYR1, etc) were reaffirmed, and a comparative evaluation of 

algorithmic tools was provided. This interdisciplinary research contributes to the current 

knowledge about PA disease and showcases the power of data-driven approaches in unlocking 

the secrets of complex diseases. Finally, we propose ideas for future investigation and offer 

recommendations for pipeline design.  
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2. GENERAL PARTS 

This chapter explores the Pituitary Adenomas disease, the big data aspect of genomic datasets, 

and the algorithmic approaches involved in data mining and pipeline design. WES data mining 

requires a deep understanding of domain knowledge and a prior comprehension of the disease 

aspects such as heredity, to make informed decisions. 

2.1. PITUITARY ADENOMAS  

The pituitary gland is a small gland located at the base of the brain, in line with the top of the 

nose (Daniel, 1976). It is responsible for producing a variety of essential hormones that control 

growth, metabolism, blood pressure, and reproductive functions such as Growth hormone 

(GH); Thyroid stimulating hormone (TSH); Prolactin which controls breast milk production; 

the Follicle-stimulating hormone (FSH) involved in the reproductive system; and ACTH or 

Adrenocorticotrophic hormone (Horvath and Kovacs, 1988). 

The pituitary gland remotely controls the secretion of oxytocin a hormone crucially involved in 

childbirth and breastfeeding, and vasopressin regulating the body's balance of salt and water 

(Barkhoudarian and Kelly, 2017). 

Pituitary Adenomas (PAs) are noncancerous tumors that develop in the Pituitary gland. By 

disrupting its normal function, they result in hormonal imbalances and additional symptoms 

such as headaches, Seizures, nausea, vomiting, and vision problems due to the pressure on the 

nearby nerves and organs(Aflorei and Korbonits, 2014). 

A subset of adenomas may remain asymptomatic, only being incidentally discovered (Aflorei 

& Korbonits, 2014) while others are the main reason behind diseases such as acromegaly and 

CD (Cushing’s disease), hyperthyroidism, etc (Horvath & Kovacs, 1988). 

2.1.1. Prevalence and Classification 

Known as Non-Functional Pituitary Adenoma (NFPA), some tumors do not affect hormonal 

production and present unpleasant symptoms mostly due to the pressure on the surrounding 

organs (Chanson and Brochier, 2005). Functioning Pituitary Adenomas (FPA) are 
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characterized by their impact on hormonal production, and classified according to the affected 

hormone (Mehta and Lonser, 2016). Here are some  regularly cited FPA cases:    

 Prolactinomas or PRL-PA, related to prolactin hormone, account for up to 40% of all 

clinically diagnosed pituitary adenomas and they result in oligomenorrhea/amenorrhea, 

galactorrhea, sexual dysfunction, gynecomastia, etc (Yatavelli and Bhusal, 2024); 

 Growth hormone-secreting PAs (GH-PA): Due to hormone overproduction, they 

manifest symptoms such as gigantism and acromegaly (Agarwal, 2013). A significant 

fraction of acromegaly cases (over 95%) are linked to GH-PA (“Acromegaly (Growth 

Hormone–Secreting Pituitary Adenomas) | Memorial Sloan Kettering Cancer Center,” 

n.d.); 

 Thyroid-stimulating hormone-secreting Pas (TSH-PA): Among the most uncommon 

PA tumors, studies report that they account for less than 2% of recorded cases (Byun et 

al., 2020). 

 LH/FSH Luteinizing hormone (LH) and follicle-stimulating hormone (FSH): 

Pituitary tumors that produce these hormones are called gonadotroph adenomas (Mehta 

and Lonser, 2016). 

PAs are also classified based on the size of the tumor, defining three groups: the smallest tumors 

(less than 10 mm) in diameter, known as microadenomas; giant adenomas with a diameter 

greater than 40 mm; and those in between, known as macroadenomas (Raverot et al., 2014).  

PAs constitute the most prevalent kind of neuroendocrine tumor in the central nervous system 

and the third most common type of brain tumor following gliomas and meningiomas, they 

account for 10% to 15% of all brain tumors, (Ezzat et al., 2004). Patients with PAs are examined 

in the neurosurgery, ophthalmology, and pituitary endocrinology departments. 

2.1.2. Genetics and Heredity 

WES data analysis for variant calling defines two distinct protocols for inherited and somatic 

mutations. Studies about the hereditary characteristics of  PAs show that these tumors can arise 

due to mutations that are either inherited (hereditary) or acquired during a person's lifetime 

(Aflorei and Korbonits, 2014). 
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MEN1 (Multiple Endocrine Neoplasia Type 1) is a hereditary condition characterized by the 

simultaneous presence of multiple endocrine neoplasia including pituitary tumors (Trump et 

al., 1996). PAs may represent between 10 and 60% of patients with MEN1 (Syro et al., 2012).  

When a minimum of 2 members of the same family are affected by PA disease without other 

associated syndromes, the FİPA (Familial Isolated Pituitary Adenoma) terminology can be 

utilized (Verloes et al., 1999). Aryl Hydrocarbon receptor-interacting protein (AIP) germline 

mutations have been detected in 15–30% of analyzed FIPA (Cain et al., 2010). 

PAs are often associated with pheochromocytomas and paragangliomas (Pheo/PGL) in a 

combination designated as “the three P association” or “3PAs” (Guerrero-Pérez et al., 2019). 

Xekouki et al., ( 2015) described up to 75% of familial cases with 3PAs harboring pathogenic 

variants in the SDHx (SDHA, SDHB, and SDHD) genes.   

Peculis et al., (2022) Detected somatic variants in gene RYR1, which had been reported twice 

in previous studies. In the same article, additional somatic mutations were discovered in the 

following genes: PLA2G6, TESK, TSC, KLHL4, POLR3B, KHDRBS2, LAMA1, TUBGCP6, 

and AHNAK.  Various epigenetic and transcriptomic mechanisms were revealed. For example, 

the inhibitors of the DNA-binding family (ID1, ID2, ID3, and ID4) were all down-regulated in 

a study by Moreno et al., (2005) on NFPA patients and Seemann et al.,(2001) identified 

CDKN2A gene methylation changes in a study on 72 pituitary adenomas.  

Up to date, genomic variants, differential gene expressions, epigenetic changes, and further 

mechanisms have been identified as contributing factors to the development of PA syndromes.  

2.2. BIG DATA IN GENOMICS 

The advent of new-generation sequencing (NGS) technologies enabled significant 

advancements in various omics sciences, such as genomics. Cost reduction, high speed, and 

high throughput in sequencing of nucleic acids (Chen et al., 2021) are resulting in the rise of 

genomics Big Data. Illumina's recent launch of the NovaSeq X Series sequencers represents an 

illustration, of the potential to reduce the cost of whole genome sequencing to approximately 

$200 (“NovaSeq X Series Enables Broader, Deeper Sequencing,” n.d.).  
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The latest genomics datasets are described using the 5V characteristics of Big Data i.e.; volume, 

velocity, variety, veracity, and value (Navarro et al., 2019). Current high-throughput 

sequencing instruments can reach huge volumes of genomic data such as 2 terabytes per run 

(“Approximate sizes of sequencing run output folders - Illumina Knowledge,” n.d.). In 2015, it 

was believed that genomics may overtake social media, earth sciences, and astronomy fields in 

terms of data volume if the trend doesn’t change (Stephens et al., 2015).  

The following figure by (Chen et al., 2021) depicts the evolution of data generation velocity 

from 2016 to 2021 and shows how the volume of submitted data has grown over time: 

 

Figure 2.1. Statistics from the Genome Sequence Archive(GSA) and GSA-Human  

(Chen et al., 2021) 

In terms of variety, genomics extends beyond the common sequences of nucleotides and amino 

acids. An illustrating example is the graphical representation of the human pangenome (Paten 

et al., 2017). In deep learning-based variant calling, features derived from the alignment of 

sequence reads to a reference genome are encoded into pileup images, which are then used as 

input for Convolutional Neural Networks (Poplin et al., 2018). More types of 'omic' studies 

keep emerging with new data forms and analysis approaches: e.g., Transcriptomics, 

Epigenomics, Proteomics, Metagenomics, etc.  

The value of genomics in real life relies on its several applications that span healthcare, 

agriculture, environmental science, and beyond. In WES scenarios, researchers can better 

understand the genetic basis of diseases, identify potential therapeutic targets, and improve 

healthcare. 
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Alongside the aforementioned attributes, genomics data mining comes with unique challenges, 

starting with data complexity. 

 Brusic & Zeleznikow (1999) raised four levels of data complexity : 

 Processes that generate biological data: Biological data represent measurements or 

observations of complex biological systems. Underlying biological processes are highly 

interconnected and hierarchical and this complexity is usually not encoded in the data 

structure; 

 Fuzziness: Biological data are obtained through diverse experimental methods, often with 

imperfect correlation to the underlying phenomena. Reproducing identical conditions is 

challenging due to various factors like differences in materials and human decisions, 

which can significantly impact results; 

 Biases:  Biological data rarely form a random sample of the entire solution space. This 

leads to certain regions of the solution space being extensively explored, while others 

remain largely unexplored; 

 Noise and errors:  Noise in biological data originates from various sources, such as errors 

in experimentation, measurement, reporting, annotation, and data processing; and it is 

challenging to estimate error levels in the datasets. 

Another challenge is the computational load: prediction, clustering, classification and 

regression analysis, anomaly detection, etc are common tasks in the data mining field. 

Genomics involves additional tasks such as de novo assembly, reads mapping, and variant 

calling, often requiring substantial computational resources. For instance, performing a de novo 

assembly from long-read sequencing of a single 3 GB genome may necessitate approximately 

3600 hours of CPU time and consume approximately 870 gigabytes of RAM (“GitHub - 

Fenderglass/Flye: De Novo Assembler for Single Molecule Sequencing Reads Using Repeat 

Graphs,” n.d.) 

An individual's genome can indicate his genetic vulnerabilities to some diseases (Peng et al., 

2024), details about his ancestry (Bollas et al., 2024), and even behavioral aspects (Shnayder et 

al., 2022). This triggers ethical apprehensions regarding data privacy and security. In that 

context, it is essential to emphasize awareness, morality, and the prioritization of privacy in 

data collection and handling, particularly in the healthcare sector (Erol and Gezer, 2020). 
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Significant efforts, specialized algorithms, and machine learning techniques are required to 

extracting valuable insights from genomic datasets. In the next section, we discuss the 

approaches utilized in WES scenarios.   

2.3. WES DATA MINING  

WES is a popular genome sequencing approach, targeting the protein-coding regions of the 

genome to analyze the genetic abnormalities. This region represents only 1-2 percent of the 

human genome (Warr et al., 2015), and covers approximately 85% of the disease-causing 

mutations (Choi et al., 2009). Compared to other sequencing methods, WES offers advantages 

such as reduced sequencing costs and increased depth of coverage.  

2.3.1. Genomic variants 

The similarity level among two different people’s genomes is estimated to be 99.9% (Jorde and 

Wooding, 2004). Those genetic variations account for the diversity observed in traits such as 

eye color, skin color, and height. They can also result from deleterious mutations leading to 

diseases of varying severity.  

 

Figure 2.2. Genomic Mutation forms (“Human Genomic Variation,” n.d.) 

As illustrated in Figure 2.2, genetic mutations manifest in various forms: 

- Single nucleotide variation (SNVs) ; 

- Insertion of one or more nucleotides into the DNA sequence; 

- Deletion of one or more nucleotides from the DNA sequence; 

- Large-scale alterations in the DNA sequence; etc. 

The impact on the resulting protein depends on the mutation form and its location (e.g., exon, 

intron, regulatory region, UTR, upstream and downstream) on the gene (Figure 2.3). We 

distinguish Missense mutations involving an SNV change that leads to the substitution of one 

amino acid in the protein sequence with another; Nonsense (or Stop gained): SNV mutations 

leading to the synthesis of an incomplete protein by introducing a premature stop codon in the 

mRNA sequence; Frameshift mutations when nucleotides are inserted or deleted from the 
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DNA sequence, causing a shift in the reading frame during translation; Synonymous SNV 

mutations which do not induce any change of amino acid, etc. Figure 2.3 by Bartha & Győrffy 

(2019) depicts the locations on the gene and impact on the protein product. 

 

 

 

 

 

 

 

 

Alongside the deleterious effects on the generated protein function, a gene mutation can results 

in the alteration of gene expression, non-coding RNA production, and Nonsense-mediated 

mRNA Decay (NMD). NMD is a cellular quality control mechanism that recognizes and 

degrades mRNA transcripts containing premature stop codons (Frischmeyer, 1999). 

WES identifies clinically significant mutations in an individual's DNA sample compared to a 

reference genome or control tissue sample, with applications in healthcare for disease diagnosis 

and scientific research.  

Figure 2.3. The locations and consequences of a genetic mutation on the resulting protein 

(Bartha & Győrffy., 2019) 
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2.3.2. Variant calling from WES Databases  

Knowledge Discovery in Databases (KDD) is a method for turning data into knowledge. It 

integrates databases, machine learning, statistics, and domain-specific knowledge to extract 

valuable insights (Figure 2.4) (Fayyad et al., 1996).  

 

Figure 2.4. An overview of the KDD process's steps (Fayyad et al., 1996). 

A standard WES data analysis pipeline (Figure 2.5) follows the KDD structure to extract 

meaningful biological insights, given the raw sequencing data, a reference genome, and 

additional resources :  

- The data preparation encompasses the selection, cleaning, and preprocessing of raw 

data. WES requires filtering out low-quality reads, removing sequencing artifacts, etc;   

- The data transformation and integration can correspond to the alignment of reads 

from the WES dataset to a reference genome;  

- The data mining step involves the application of variant calling algorithms to identify 

relevant genomic mutations through adequate comparative analysis; 

- Pattern Evaluation assesses the quality and reliability of called variants using metrics 

such as read depth, allele frequency, and variant validation steps; 

- The insights gained from WES analysis are effectively communicated to the clinicians 

and researchers through knowledge Presentation. 
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In the following section, increased focus is dedicated to the read mapping and variant calling 

processes, those crucial operations require relatively more computational resources and 

runtime. 

A. Read mapping 

Genomic reads mapping is fundamentally a string pattern-matching problem, aimed at finding 

the optimal alignment of a sequence against another reference sequence. In the WES context, 

read mapping contributes to the identification of genomic variations through a comparative 

analysis between a sample’s read sequences and a reference genome.  

The Smith-Waterman or SW algorithm (Smith and Waterman, 1981) and the Needleman-

Wunsch or NW algorithm (Needleman and Wunsch, 1970) are fundamental tools for sequence 

alignment in bioinformatics and computational biology.  

Given two sequences A and B having respective lengths n and m;  the SW algorithm proceeds 

in three steps:  

1. Definition of match score M, mismatch N scores, and gap penalty G   

2. Initialization of the similarity Matrix:  n+1 × m+1 matrix with all values set to zero 

3. Updating of the matrix using the following formula: 

𝑀𝑖,𝑗 = max(𝑀𝑖−1,𝑗−1 + 𝑆(𝑖, 𝑗), 𝑀𝑖−1,𝑗 + 𝐺, 𝑀𝑖,𝑗−1 + 𝐺, 0) 

Given two values i and j such as 1< i < n+1 and 1<j<m+1 

𝑆(𝑖, 𝑗) =  {
𝑀 𝑖𝑓 𝐴[𝑗 − 1] =  𝐵[𝑗 − 1]

𝑁 𝑖𝑓 𝐴[𝑗 − 1] ≠  𝐵[𝑗 − 1]
 

Each time, an arrow pointing towards the cell from where the maximum score has been 

determined is added to facilitate the final step: trace back the matrix.  

4. The trace back begins from the position that has the highest value, pointing back with 

the pointers, thus finding out the possible predecessor, until we reach the score of 0 

Raw 

reads 

Quality 

Control 

Read 

Mapping  

Variant 

Calling  

Variant 

Validation 
Knowledge 

Figure 2.5. A simplified germline variant calling pipeline from WES datasets 
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The NW algorithm performs global alignment and follows similar procedures as Smith-

Waterman with the following differences (Table 2.1). 

Table 2.1. Comparison between SW and NW algorithms (Parvez et al., 2020) 

Table  Smith-Waterman algorithm Needleman-Wunsch algorithm 

Type identifies regions of similarity 

within sequences (local 

alignment) 

align two sequences in their entirety, to 

find the best overall alignment between 

them (global  alignment) 

Initialization The first row and first column are 

set to 0 

The first row and first column are 

subject to a gap penalty 

Scoring A negative score is set to 0 The score can be negative 

Traceback Begin with the highest score, and 

end when 0 is encountered 

Begin with the cell at the lower right of 

the matrix, end at the top left cell 

The SW algorithm identifies regions of similarity within sequences (local alignment). In 

contrast, the NW algorithm performs global sequence alignment. It aligns entire sequences to 

find the optimal global alignment rather than just identifying local similarities. In the context 

of WES, we're more interested in the location of the entire short read on the reference genome. 

SW and NW algorithms are not suitable for short read mapping to a reference genome in a WES 

variant calling scenario for reasons including:  

- Computation complexity: The NW algorithm has a time complexity of O(nm) where n 

and m are the lengths of the sequences to be aligned. This makes it computationally 

intensive for aligning short reads to a large reference genome. 

- Alignment style: In WES mismatches, indels, and gaps are allowed.  

Bioinformaticians designed more efficient approaches for mapping short reads to large 

genomes, based on heuristics, indexes, and newer data structures.  Suffix trees are among the 

first index approaches for pattern matching, in the early ages of NGS (Musich et al., 2021). 

Despite offering a notable speed advantage, they represent a memory challenge. For example, 

the human reference genome's suffix tree occupies more than 45 GB of storage space (Kurtz, 

1999).  

The FM index introduced by (Ferragina and Manzini, 2004),  was a great improvement in terms 

of speed and memory occupation. It is built on the Borrow Wheel Transform (BWT) (Burrows 
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and Wheeler, 1994). BWT is a sequence-to-sequence transformation technique utilized in 

popular read mappers (e.g., BWA (Li and Durbin, 2009)), thanks to its reversibility; data 

compression, and its utility as an indexing mechanism for efficient sequence search. The BWT 

often leads to improved compressibility of the input sequence. It tends to cluster similar 

characters, making the transformed sequence more suitable for entropy encoding methods such 

as Run-Length Encoding (RLE). This compression property is especially useful in DNA and 

text data, where certain patterns and repeats are prevalent; 

Here are the main steps to generate a BWT of a given string: 

1. Take all cyclic permutations of the word (including the original word itself). 

2. Sort these cyclic permutations lexicographically. 

3. Extract the last character of each sorted permutation. 

The following figure illustrates the BWT transform process of the world: ‘MARMARAY’ 

 

  

Figure 2.6. Example of BWT Transform 
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B. Variant Calling 

Variant calling is the primary objective in WES analysis. It consists of identifying and 

characterizing genetic variants, within the genome protein-coding regions. The variant calling 

process is vulnerable to many biases: 

 Allelic drop-out and amplification bias: the occasional amplification failure of one of 

the two alleles at a given locus during library preparation. Dropout can lead to under-

detection of the rare variants and increase false negative results (Shestak et al., 2021) 

 Strand bias: differences between the genotype inferred from the positive and negative 

strands. The impact of strand bias was evaluated by (Guo et al., 2012) 

 Coverage bias: As sufficient coverage is a key parameter in variant calling, exome 

sequencing requires an even higher coverage to compensate for uneven coverage among 

selected regions (Zverinova and Guryev, 2022). 

NGS reads are subject to a complex error generation process influenced by various factors, 

including instrument properties and preceding data processing tools (Goodwin et al., 2016; Li, 

2014). This represents an additional challenge of distinguishing true genomic variants from 

false variations originating from sequencing errors (Goldfeder et al., 2016; Ding et al., 2012). 

Genetic variant callers utilize a variety of algorithms and approaches to achieve accurate results:  

 Haplotype-based approach: they reconstruct haplotypes from the reads and then 

identify variants based on differences between the reconstructed haplotypes and the 

reference. 

 Bayesian approach: Bayesian variant callers use probabilistic models to estimate the 

likelihood of observing variants given the sequencing data and prior knowledge about 

the genomic variation. 

 Machine learning algorithms to classify genomic regions as variant or non-variant 

based on features extracted from sequencing data (read depth, base quality, mapping 

quality, etc). They require large and diverse training datasets and generalize well to 

different genomic contexts. 
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3. MATERIAL AND METHODS 

3.1. DATA DESCRIPTION   

3.1.1. Whole Exome Sequencing Data 

Whole Exome sequencing data belonging to 18 Pituitary Adenoma patients was obtained from 

İstanbul University Aziz Sancar Institute of Experimental Medicine (DTAE) with the 

contribution of Assoc. Prof. Dr. Feyza Nur TUNCER. For each sample, two WES paired-end 

read files were provided in FASTQ (Cock et al., 2010) format but clinical and demographic 

details are not available. 

The FASTQ format is a common text-based file format that stores genomic sequences. Each 

sequence read is represented by four lines formatted as follows: 

1) The header line : (starting with the '@' character) contains the read’s unique identifier; 

2) Sequence line: containing the sequence of nucleotide; 

3) The ‘+’ sign: A separator line included to separate the sequence from the quality scores; 

4) The last line contains the quality scores in the Phred scale. 

 

Figure 3.1. A segment of the first read in the S48 sample 

The Phred score encodes the base call quality in an ASCII style. İt is calculated with the 

following formula :  

𝑄 = −10𝑙𝑜𝑔10(𝑃)  where P is the probability that the base call is incorrect. 

Table 3.1.  Phred scores examples and description 

Phred Score Error probability Base call accuracy ASCII character 

10 0,1 90% + 

20 0,01 99% K 

30 0,001 99,9% U 

40 0,0001 99,99% I 
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Figure 3.2. Number of reads in each sample (the first pairs) 

3.1.2. Additional resources 

a. Reference genome: it serves as a framework for comparing the genetic material of 

individuals within a species.  GRCh38 is the latest major assembly of the human genome 

released by the Genome Reference Consortium. Other genome assemblies include GRCh37 and 

HG19 (created by UCSC and derived from GRCh37).  GRCh38 offers many enhancements 

over earlier versions, but it has been noted to contain an expanded range of alternative contigs, 

which, if not managed properly, can result in incorrect variant calls (Jia et al., 2020). In a study 

involving 24 academic and 4 commercial diagnostic laboratories, 54% reported having no plans 

to migrate to  GRCh38 (Lansdon et al., 2021).   

In this project, we opted for the hs37d5 reference genome,  a modified version of the hg19 

reference, released by the 1000 Genome Project (Phase II). This reference genome includes 

extra "decoy" sequences, which can increase the accuracy of alignments and improve the 

precision of variant calling in analytical workflows (Li, 2014).  

b. Exons capture kit coordinates: This data provides information about the positions of exons, 

introns, genes, and other genomic elements within a reference genome. 

Table 3.2. List of additional data resources 

 Source 

hs37d5 reference genome ftp://ftp-trace.ncbi.nih.gov/1000genomes/ftp/technical/reference/ 

phase2_reference_assembly_sequence/hs37d5.fa.gz 

Agilent SureSelect All Exon 

v2.0 capture kit coordinates 

https://doi.org/10.6084/m9.figshare.19115102 
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3.2. VARIANT CALLING PIPELINE 

This section describes the main steps involved in the genetic variant calling pipeline starting 

from data preprocessing, quality assessment, and enhancement operation. 

3.2.1. Data preprocessing 

Various factors affect the quality of genomic raw datasets including, very short reads, low Phred 

score base qualities, high duplication levels, abnormal GC content ratios, and adapters. The 

quality metrics were retrieved using FastQC (Andrews, n.d.) and MultiQC (Ewels et al., 2016) 

tools. 

 

Figure 3.3. Sample quality score average per base position 

The dataset exhibits a base quality range of 24 to 37, with sequence lengths varying between 

10 to 156. The GC content hovers around 50%, while duplication levels exceed 20%. 

 

 

 

 

 

 

 Figure 3.4. Percentage (blue color) and distribution (red color) of duplication count 
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The data enhancement process involves the elimination of low-quality read bases, adapters, and 

short reads,etc. A base quality threshold of 30 (equivalent to 99.9% accuracy) was utilized for 

quality improvement. This value is considered optimal in usual sequencing projects, especially 

in clinical research (“Sequencing Quality Scores,” n.d.).  Very short reads increase the risk of 

incorrect alignments, therefore we have established a minimum length of 150 bases. The table 

below provides a comprehensive list of utilized tools. 

Table 3.3. Quality control and enhancement tools 

 Reference Role 

multiQC (Ewels et al., 2016) Quality control 

Fastqc_v0.12.1 (Andrews, n.d.) Quality control 

cutadapt (Martin, 2011) Detection and removal of adapters 

Trimmomatic (Bolger et al., 2014) Read trimming 

Trimgalore (Krueger et al., 2023) Wrapper around Cutadapt and trimmomatic 

3.2.2. Reads mapping to a reference genome 

Read mapping is a fundamental step in WES data analysis. It involves aligning short DNA 

sequences, known as reads, from sequencing to a reference genome. Pre-processed reads were 

mapped to the hs37d5 human reference genome using two BWT transform-based mappers: 

BWA-MEM (Li, 2013) and Bowtie2 (Langmead and Salzberg, 2012). The reference genome 

is firstly indexed using Samtools (Li et al., 2009) to enable quick and random access to the 

reference bases (“FASTA - Reference genome format – GATK,” n.d.).  

Table 3.4. Command line examples for reference genome indexing and reads mapping procedures 

 

Samtools BWA-mem Bowtie2 

samtools faidx [Ref Gen] 

samtools dict[Ref Gen] 

bwa index -b [block 

size][Ref Gen] 

bowtie2-build --threads 

[cores] [ref gen] [ref gen] 

BWA-mem mapping Bowtie2 mapping 

bwa mem -t [cores]-R [Read groups Info] 

[Ref Gen] [R1] [R2]\  

samtools [-bS -o] [output] 

 

bowtie2 -p [CORES] -x [REF] -1 [R1] -2 

[R2] \ 

samtools [-bS -o] output_bam_file 
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A reads group is a set of read sequences generated from the same run during sequencing steps. 

The reads group information is necessary in downstream procedures to handle potential 

systematic errors introduced during sequencing. Below is the list of involved software tools. 

Table 3.5. Software tools for the reads alignment step 

Tool Reference Role 

Samtools-1.17 (Li et al., 2009) Mapping files and Reference genome file 

manipulation (sorting, indexing, etc) 

BWA-mem (Li, 2013) Read mapping  

Bowtie2 (Langmead and Salzberg, 

2012) 

Read mapping 

3.2.3. Mapping quality and files processing 

The previous step yields two BAM (Binary Alignment/Map) (Li et al., 2009)  files per sample. 

For each read, the corresponding DNA sequence, a CIGAR string describing how the read 

aligns to the reference genome with information about matches, mismatches, insertions, 

deletions, and skips;  the alignment information (the alignment position of the read on the 

reference genome, such as the chromosome number and the starting position); the mate pair 

information (for paired-end sequencing); the mapping quality (the likelihood that the read is 

mapped to the correct location), and more informations are provided. 

The following plots (Figure 3.5 to Figure 3.8) depict the mapping quality evaluation metrics. 

 

 

Figure 3.5. Percentage of reads covering targets 

 



20 

 

 

 

 

Figure 3.6. Average mapping quality 

 

Figure 3.7. Percentage of uniquely aligned reads 

 

Figure 3.8. Number of chimeric reads per Sample 
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Two data pre-processing steps are conducted in addition to mapping quality assessment: 

marking duplicate reads and ‘Fixmates’. Fixmates operation ensures that the attributes of each 

pair of reads are consistent and accurate. One additional step named BSQR (Base Scores 

Quality Recalibration ) is recommended in GATK variant calling pipelines (DePristo et al., 

2011), with two main purposes: 

 Detect systematic errors in the base call accuracy estimation by the sequencing machine 

 Recalibrate the scores to increase variant calling accuracy 

Table 3.6. Command line examples for mapping files preprocessing using samtools 

Fixmates Mark Duplicates 

samtools sort -n -@ [cores] -m 

[memory]  [input.bam]|\  

samtools fixmate -m -[output.bam]  

samtools sort -@ [cores] -m [memory] 

input.bam"|\ 

samtools markdup - [output.bam] 

 

3.2.4. Variant calling 

Relying uniquely on one variant calling approach can lead to incomplete genomic information 

(Liu et al., 2020). Three different algorithmic approaches were combined to leverage their 

strengths while addressing their weaknesses:  

- DeepVariant (https://github.com/google/deepvariant/): a deep neural network tailored for 

variant calling. Built on an adapted Inception-v2 architecture, the neural network is trained on 

sequencing datasets annotated with ground truth variant labels, to model the intricate 

relationship between sample reads, reference genomes, and existing genetic variants. The input 

(read sequence) data is transformed in a machine-learning compatible format, by first encoding 

the reference and read bases, qualities scores, and other read features into a red-green-blue 

(RGB) pileup image.  As output, the CNN calculates the genotype likelihoods for the three 

diploid genotype states of homozygous reference (hom-ref), heterozygous (het), or 

homozygous alternate (hom-alt) using a 3 class-softmax layer. DeepVariant can generalize 

beyond its training data. A model trained on data from given samples is successfully usable for 

new, even non-human, samples (Poplin et al., 2018). 

https://github.com/google/deepvariant/
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Figure 3.9. DeepVariant workflow overview (Poplin et al., 2018) 

- HaplotypeCaller: a component of the GATK (Genome Analysis Toolkit)  toolset. It 

incorporates many stages involving identifying potential haplotypes in the data through read 

assembly on the active regions then aligning reads to these haplotypes, and finally calling 

variants based on the alignment information and likelihood estimations (“HaplotypeCaller in a 

nutshell – GATK,” n.d.).  

 

Figure 3.10. Haplotypecaller in four major steps (“HaplotypeCaller in a nutshell – GATK,” n.d.) 
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The previous image illustrate the Haplotypecaller steps, performed based on popular algorithms 

such as Smith-Waterman (for aligning reads to the haplotypes), De Bruijn graph (reads de novo 

assembly), Pair Hidden Markov Model (PairHMM), etc (Poplin et al., 2017). 

- Freebayes: a haplotype-based approach, like in the previous case. However, this strategy is 

not primarily based on aligning reads to the reference genome and then calling variants based 

on the alignment information. Instead, FreeBayes directly analyzes the individual sequencing 

reads within a specific genomic region, and uses Bayesian statistical models to infer the 

presence of variants (Garrison and Marth, 2012).  

 

Figure 3.11. Freebayes, haplotype-based variant detection (“GitHub - freebayes/freebayes: 

Bayesian haplotype-based genetic polymorphism discovery and genotyping.,” n.d.)  

To handle the computational load resulting from the use of several approaches, a parallelization 

method inspired by Verrou et al., (2022) was adopted. Except for the deep learning approach, 

we run simultaneously multiple instances on separate regions of the genome and then 

concatenate the results.  
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Figure 3.12. Overview of the Pipeline Workflow 
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3.2.5. Pattern Evaluation and Validation 

The previous step yields 6 variant callsets, each containing tens of thousands of variants stored 

in variant call format or VCF  (Danecek et al., 2011) files. 

The VCF file format provides descriptive features used as filtering criteria to reduce the 

incidence of false positive variants. Here are examples of values located in the INFO column: 

 QD: the variant confidence; 

 QUAL: variant quality score, typically given in Phred-scale format; 

 MQ: mapping quality over all the reads at the site; 

 FS: Phred-scaled probability that there is strand bias at the site; 

 StrandOddsRatio (SOR): estimate of strand bias; 

 MQRankSum: the mapping qualities of the reads supporting the reference allele and the 

alternate allele; 

 ReadPosRankSum: analyses positions of reference and alternate alleles within the reads. 

The following figure by (Abdullah and Ahmet, 2020) illustrates the structure of a VCF file. 

Figure 3.13. An example of a VCF file. 

Table 3.7. Filtering threshold values from the GATK variant calling best practices 

 QD MQ FS SOR MQRankSum ReadPosRankSum 

SNP <2.0 <40 >60 >3 <-12.5 <-8.0 

Indels < 2.0 - >200 - - < -20.0 

The above table lists the threshold values recommended by GATK hard filtering best practices 

for genomic variant filtering (“Hard-filtering germline short variants – GATK,” n.d.). 



26 

 

 

 

The previous filtering step selects true positive variant calls, and is followed by a variant 

prioritization procedure aimed to retain uniquely true variants that are also clinically significant. 

It starts with variants annotation by adding necessary information such as frequencies across 

populations, variant impacts, computational pathogenicity and conservation scores, etc; The 

data was extracted from the following public datasets: gnomAD (Karczewski et al., 2020), 

dbNSFP (Liu et al., 2013), dbSNP151 (Sherry, 2001) or obtained through various in silico 

prediction approaches. 

Based on the variants annotations, they are classified into the following categories: Pathogenic 

(P), Likely pathogenic (LP), Uncertain significance (VUS), Likely benign (LB), and Benign 

(B) according to ACMG/PMG (American College of Medical Genetics and Genomics and the 

Association for Molecular Pathology) guidelines (Richards et al., 2015). 

Variants with a Minor Allele Frequency (MAF) below 0.01 were retained, while those with a 

coverage less than 20 were filtered out. The candidate mutations were finally validated using 

the Integrated Genomics Viewer or IGV (Thorvaldsdottir et al., 2013) inspection tool. 

The tools involved in pattern evaluation, validation step, and results analysis are listed in Table 

3.8 and Table 3.9. 

3.3. HARDWARE 

The numerical computations detailed in this dissertation were conducted utilizing the resources 

of TUBITAK ULAKBIM's High Performance and Grid Computing Center, known as TRUBA 

(“Turkish National Science e-Infrastructure – TRUBA,” n.d.). TRUBA stands for Türk Ulusal 

Bilim e-Altyapısı which translates to Turkish National Science e-Infrastructure. All the 

bioinformatics intensive computations were executed on the provided storage capacity of 2TB 

and a total Core-Hour Usage of 210,000 hours. 

After variant calling and prioritization, the remaining lightweight operations and result 

visualizations were performed using the free version of Google’s Compute Engine, Google 

Colab (“Welcome To Colab - Colab,” n.d.). 
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Table 3.8. Set of tools for the pattern evaluation, validation step, and results analysis 

 Reference Role 

Genebe  (Stawiński and Płoski, 2024)& 

Płoski, 2024) 

Provide access to Genebe: a web 

ACMG/PMG Guidelines 

implementation 

Clinvar API https://pypi.org/project/myvariant/ Provide access to Clinvar dataset 

Liftover.1.1.17 https://pypi.org/project/liftover/ Python library for genomic coordinates 

conversion 

LiftOver https://liftover.broadinstitute.org/ Web platform for genomic coordinates 

conversion 

Python 3.10 https://www.python.org/ Programming language 

pandas 2.2. 2 https://pypi.org/project/pandas/ Data analysis library 

NumPy https://numpy.org/ fundamental numerical operations and 

data structures 

scipy https://scipy.org/ mathematical functions and algorithms 

for scientific computing 

 

Table 3.9. Set of tools for results visualization 

 Reference Role 

Seaborn https://seaborn.pydata.org/ Data visualization library 

matplotlib 3.8.4 https://pypi.org/project/matplotlib Data visualisation library 

upsetplot (Lex et al., 2014) Upsetplot generation library 

Matplotlib-venn https://pypi.org/project/matplotlib-venn/ Venn diagram generation library 

Datawrapper https://www.datawrapper.de/ Web platform for complex graphs 

IGV 2.16.2 (Thorvaldsdottir et al., 2013) Genomics data visualization and 

exploration 

 

https://liftover.broadinstitute.org/
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4. RESULTS 

A total of 123 genetic variant mutations were obtained after variant calling and prioritization 

steps. They consist of 23 variants categorized as Variant of Uncertain Significance (VUS), 74 

variants classified as Likely Pathogenic (LP), and 26 variants designated as Pathogenic (P).  

The variants are located in 104 genes including genes previously associated with PA disease.  

The variants were not uniformly distributed across the samples (Figure 4.1). The 20107401659 

sample is the tumor showing the highest amount of germline variant (9 LP and 5 P) and the 

patient 20107401650  has only two 2 LP genomic mutations. The average is 7.1 variants per 

sample. 

All the samples presented at least one LP variant, only 16 samples showed P mutations; and 6 

samples didn’t display any VUS.  

 

Figure 4.1. Distribution of 123 germline variants across the Samples 

 

Single-nucleotide variants (SNVs) were the most frequently observed type of DNA mutations, 

accounting for over 80% of all cases. In addition, we observed 15 deletions, 3 duplications, and 
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2 insertions. The table below depicts the number of occurrences of each form of nucleotide 

change. The transitions SNV (A/G and C/T) are more represented (71.82%) than transversions.  

Table 4.1. Representation of base change and SNV types 

 

Variant effect predictions suggest a prevalence of missense variations (N = 28), followed by 

frameshift and splice-donor mutations, both occurring 16 times. The other consequences are 

stop-gained, start-lost mutations, and splice-acceptor alteration; accounting respectively for N 

= 11, N = 13, and N=10.  Some variants not mentioned here were predicted to have more than 

one effect possible. 

Table 4.2. List of the recurrent genes in the variant callset 

 

The following tables (Table 4.3 to 4.7) list the detected variant characteristics. Some genes are 

notable for their established association with PA in previous studies  and other genes for their 

repetitive occurrence across numerous samples (Table 4.2). 

A C G T

A 0 2 20 2

C 3 0 2 18

G 32 6 0 6

T 3 9 7 0

Gene Count VUS LP P Samples

TTN* 7 7 - - 69,71,67,55,(54,70)

CAPN3 5 0 1 4 (54, 68), 66, 71

MEFV 4 0 0 4 (59, 68,70),  63

RYR1* 4 2 2 - 67, 54

AIP* 3 - 1 2 59,62,68

PAH 2 - - 2 61,69

ADCK2 2 - 2 - 48,50

ABCA7 2 - 2 - (59, 66)

IPP 2 - 2 - 59,71

PLA2G6* 2 1 1 - 65,66

USP6 2 - 2 - (59,69)

TYR 2 - - 2 59,65

*Genes previously associated to Pas

() : Samples harboring same variant on that gene
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Table 4.3. List of germline VUS Variants
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Table 4.1. List of Pathogenic variants
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Table 4.2. List of LP variants

  

S
A

M
P

L
E

V
ariant ID

A
F

D
P

N
ucleotides 

C
hange

P
rotein C

hange
M

A
F

E
ffect

G
ene

B
ayes 

D
elnoA

F

phyloP
 

100w
ay

20107401648
7-140374064-G

-C
56.9

58
c.933+

1G
>

C
 

0.0036 
splice_donor

A
D

C
K

2
0.090

7.371

20107401648
17-46925761-A

T
T

C
C

-A
55.6

153
c.364_367del

p.P
ro122S

erfsT
er37

0.000001368**
fram

eshift
C

A
L

C
O

C
O

2
5.719

20107401648
1-15772101-G

-A
60.2

98
c.649G

>
A

p.G
ly217S

er
0.00006

m
issense

C
T

R
C

0.360
10.003

20107401648
5-176829456-T

-C
57.3

103
c.1685A

>
G

p.A
sp562G

ly
0.000001376**

m
issense

F
12

0.350
4.848

20107401648
1-11863030-C

T
-C

50.6
172

c.143del
p.L

ys48A
rgfsT

er2
N

ot F
ound

fram
eshift

M
T

H
F

R
7.460

20107401648
14-24710039-T

-T
C

49.3
136

c.646_647insG
p.G

lu216G
lyfsT

er61
N

ot F
ound

fram
eshift

T
IN

F
2

1.373

20107401650
7-140373386-C

-T
61.4

101
c.256C

>
T

p.A
rg86T

er
0.000017

stop_gained
A

D
C

K
2

0.240
-0.525

20107401650
10-17659337-A

-T
53.5

43
c.2T

>
A

p.M
et1?

0.0000127**
start_lost

H
A

C
D

1
-0.250

1.434

20107401651
17-79104885-T

-C
43.8

32
c.1A

>
G

p.M
et1?

0.00000214**
start_lost

A
A

T
K

-0.150
0.981

20107401651
19-35775922-T

-C
51.7

89
c.232T

>
C

p.C
ys78A

rg
0.0000006845**

m
issense

H
A

M
P

0.520
3.655

20107401651
13-25009613-C

-T
47.0

66
c.3667-1G

>
A

0.00056
splice_acceptor

P
A

R
P

4
-0.730

2.450

20107401651
2-61344628-A

T
-A

56.6
76

c.1893del
p.A

sp631G
lufsT

er6
N

ot F
ound

fram
eshift

S
A

N
B

R
2.127

20107401654
7-94047097-C

-T
43.3

97
c.1925C

>
T

p.P
ro642L

eu
N

ot F
ound

m
issense

C
O

L
1A

2
0.320

5.813

20107401654
17-1792138-T

C
-T

47.3
93

c.1546del
p.L

eu516C
ysfsT

er3
N

ot F
ound

fram
eshift

R
P

A
1

1.328

20107401655
7-117251649-T

-G
49.3

140
c.3154T

>
G

p.P
he1052V

al
0.00065

m
issense

C
F

T
R

0.420
7.967

20107401655
8-66616991-G

C
A

G
A

-G
54.5

110
c.349_352del

p.G
ln117P

hefsT
er13

 0.0000080
fram

eshift
M

T
F

R
1

3.351

20107401655
15-56152667-C

-A
53.3

105
c.898G

>
T

p.G
lu300T

er
0.00000342**

stop_gained
N

E
D

D
4

0.630
5.749

20107401659
19-1058727-C

-T
48.1

129
c.5260C

>
T

p.A
rg1754T

er
0.00004381

stop_gained
A

B
C

A
7

0.620
-0.508

20107401659
11-33738938-A

T
-A

52.5
99

c.146del
p.A

sp49V
alfsT

er31
0.0000006845**

fram
eshift

C
D

59
2.990

20107401659
2-71906321-T

-C
43.9

139
c.6019T

>
C

p.T
rp2007A

rg
N

ot F
ound

m
issense

D
Y

S
F

0.430
8.017

20107401659
17-78086379-C

-T
44.3

97
c.1757C

>
T

p.A
la586V

al
0.000024

m
issense, 

splice_region

G
A

A
0.290

7.749

20107401659
9-6620257-A

-T
53.3

165
c.397T

>
A

p.T
yr133A

sn
N

ot F
ound

m
issense

G
L

D
C

0.450
8.681

20107401659
1-46206642-C

A
T

-C
55.6

239
c.653_654del

p.H
is218A

rgfsT
er29

0.000036
fram

eshift
IP

P
7.552

20107401659
14-92472308-A

C
T

T
T

-A
44.1

177
c.2008_2011del

p.L
ys670L

eufsT
er12

0.00000137**
fram

eshift
T

R
IP

11
4.952

20107401659
11-17552757-C

-T
53.3

152
c.331G

>
A

p.G
ly111A

rg
0.0000006841**

m
issense

U
S

H
1C

0.150
7.188



33 

 

 

 

Table 4.3. List of LP variants (part 2)
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Table 4.4. List of LP variants (final part)
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In the above tables (Table 4.3 to 4.7), the MAF column includes details about the database name 

and version, by adding the following symbols on the numerical values if the variant is missing 

in the default dataset (gnomAD v2.1.1 Exomes):  

*: gnomAD v2.1.1 Genomes,   

**: gnomAD v4.1.0 Exomes,   

***:  gnomAD v4.1.0 Genomes,  

*-: ExaC;  

The variant ID represents the four values (CHROM-POS-REF-ALT) separated by the ‘-’ 

character, and recurrent values are indicated in bold. 

Our results report only 5 recurrent variants across the samples (Table 4.5). Detected in three 

different samples, rs61752717 is the most recurrent variant. 

Table 4.6. List of recurrent genomic variants 

 

The patient genetic profiles represent a great source of insights in clinical analysis. 

Sample 60 has two LP variants on the same gene (RYR1). One mutation, identified as 

c.6548+1G>A, induces a splice_donor effect. It is located on chromosome 19,  position 

38985266. The second is a frameshift mutation denoted as c.6546_6547del 

(p.Ile2182MetfsTer70).  

A splice-donor germline mutation was simultaneously detected in two samples: S59 and S69. 

The variant is registered in the gnomAD v2.1 Exomes dataset (MAF = 0.00051). Located on 

the 5071419 position of Chromosome 17, it is a heterozygote mutation of the USP6 gene. 

ACMG guidelines define the mutation as LP with the following criteria:  PVS1_Moderate, 

PP3_Strong.  

Dbsnp ID Gene ID Occurrences MAF  Freq 

(here) 

rs149914792 CAPN3 15-42691799-G-A 2 0.00008389 11.11 

rs61752717 MEFV 16-3293407-T-C 3 0.0002823 16.66 

rs536045893 USP6 17-5071419-G-A 2 0.0005070 11.11 

rs556286113 ABCA7 19-1058727-C-T 2 0.00004381 11.11 

rs931245340 TTN 2_179605894_A_C 2 0.00000342 11.11 
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Out of 18 analyzed tumors, 3 samples harbor a germline mutation on the aryl hydrocarbon 

receptor-interacting protein (AIP): S68, S62, and S59. 

Sample S68 harbors a stop-gained genetic mutation denoted as c.910C>T(p.Arg304Ter).  

Reported in literature as pathogenic for familial isolated pituitary adenomas  (Thorvaldsdottir 

et al., 2013).  

Sample 62 was identified with a different AİP gene mutation, not yet reported in the Clinvar 

database. Supported by 58.62 percent of the nucleotides in that position, the c.646-1G>C is a 

splice_acceptor homozygote variant.  

The last sample affected by an AIP mutation is 59: a missense variant denoted 

c.241C>T(p.Arg81Ter). This variant was previously reported in Clinvar (Variation ID: 41167) 

as Pathogenic for somatotroph Adenoma in 4 submissions. 

3 Samples 59,68 and 70 share the c.2080A>G(p.Met694Val) missense germline mutation, on 

the MEFV gene. That rare mutation (MAF = 0.00028 ) is also the most recurrent variant 

detected in this study.  

Patients harboring similar pathogenic mutations are likely to be affected more closely by the 

resulting disease. The function below estimates and quantifies the similarity level between two 

given samples, based on their respective variants. Variants presenting deleteriousness effects 

(or ACMG score) on the same gene are attributed a value greater than 0. In addition to affecting 

the same gene, they are assigned a higher value if they are in the same position and share the 

same alternative alleles. The more MAF is low the more this variant is clinically meaningful. 

Function similarity(a, b): 

    res = 0 

    If a['GENE'] is not equal to b['GENE']: 

        res = 0 

    Else if a['GENE'] is equal to b['GENE']: 

        If a['variant_ID'] is equal to b['variant_ID']: 

            res = a['ACMG'] + int(-10 * log10(a['MAF'])) 

        Else: 

            res = minimum of [a['ACMG'], b['ACMG']] 

    Return res 
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The following figure is the expression of pairwise similarity levels across the 18 samples. The 

dendrogram is generated through Hierarchical clustering. 

 

Figure 4.2. Hierarchical clustering and illustration of pairwise similarity levels. 

A subgroup, constituted by samples S70, S68, S54, and S59 is identifiable in the lower right 

corner. Samples 54 and 68 exhibit a similar variant of the CAPN3 gene. Samples 70 and 54 

share a similar pathogenic, rare variant in the gene TTN. Samples 70, 68, and 59 have a 

pathogenic variant in common (Table 4.2) and samples 59 and 68 have two genes (AIP and 

MEFV), and a rare variant (MAF = 0.0002823 ) in common (Table 4.2).  
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This thesis evaluates the performance of involved tools and compares the respective 

contributions to the obtained results. Following the variant calling and filtering steps, and prior 

to variant prioritization, a high concordance was observed between two variant mappers despite 

BWA-mem demonstrating a higher level of uniqueness (Figure 4.3). 

 

Figure 4.3. Mappers’ contribution (before prioritization) 

Figure 4.4. Variant callers’ contributions before prioritization 

The variant calling algorithms exhibit significant disparity. Common variants constitute less 

than one-third of the GATK Haplotypecaller's callset and approximately half of the callsets 

from the other algorithms (Deepvariant and Freebayes) (Figure 4.4).  

I apologize for not making substantial modifications. Here is a more formally rephrased version: 



39 

 

 

 

Following variant prioritization, notable disparities were observed in the final results. BWA-

mem-based workflows were implicated in all the VUS identifications, except for the 

combination with Freebayes. Workflows based on Freebayes did not detect any variants among 

the retained VUS (Figure 4.5). 

Regarding Likely Pathogenic (LP) variants, the combination of BWA-mem and GATK 

Haplotypecaller identified 100% of the recorded variants. The Bowtie2-Haplotypecaller 

combination demonstrated nearly equivalent performance, successfully capturing 72 out of 74 

variants (Figure 4.6).  

About Pathogenic (P) variants, the situation resembles the previous (LP variants case), with a 

better performance from Bowtie2 and DeepVariant (17 or 65.38 percent) (Figure 4.7).  

 

Figure 4.5. Number of common VUS variants among variant callers 

Figure 4.6. Number of common LP variants among variant callers 
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Figure 4.5. Number of common P variants among variant callers 

 

Figure 4.6. The overall number of common variants among variant callers 

GATK Haplotypecaller and DeepVariant are implicated in a significant portion of the identified 

variants. The strategies employed in the Freebayes-based pipeline appear to be unsuitable for 

efficient variant calling in the current PA dataset. 

IGV or Integrative Genomics Viewer (Thorvaldsdottir et al., 2013) helps in the validation of 

germline variants through visualization.. The next figures (Figures 4.9 to 4.13) depict two of 

the most recurrent variants. 
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Detected on samples S68 and S54, this is a heterozygote and missense variant resuting in the 

replacement of the Leucine (GAG) amino acid by Arginine  (AAG) in the producted protein. 

 

CAPN3 15-42691799-G-A 

CAPN3 15-42691799-G-A 

Figure 4.7. IGV view of variant 15-42691799-G-A on CAPN3 gene 
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Figure 4.8. IGV view of the variant 16-3293407-T-C on  MEFV gene  

 

This variant was detected simultaneously on 3 samples: S70, S68, and S59. It is heterozygotes 

in all the samples, with approximately 50% of bases corresponding to the alternative allele. 
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Figure 4.9. IGV view of the variant 17-5071419-G-A   on  USP6 gene 

 

This mutation was detected in two samples, S59 and S69, both of which exhibit heterozygous 

variants. The mutation causes a splice-donor effect. 
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5. DISCUSSION AND CONCLUSION 

Exome and genome sequencing technologies have significantly enhanced our ability to identify 

genes and genetic mutations contributing to complex disease mechanisms. Significant insights 

are generated and utilized in diagnostics, therapy, and other applications. In this thesis, whole 

exome sequencing data analysis was performed on 18 Pituitary adenoma samples. The results 

describe a total of 123 clinically significant genetic mutations located in 104 different genes. 

5.1. OVERLAPPING GENES AND MUTATIONS 

The literature reveals that among the detected genes, 17 genes harboring VUS genetic variants 

('NEBL' 'AHNAK' 'SDHB' 'ID3' 'MAX' 'LAMA1' 'RYR1' 'LRP1B' 'TTN' 'PLA2G6'  'MSH2' 

'NR3C1' 'MAST4' 'LAMA2' 'MGAM' 'CDKN2A' 'KLHL4'), and 4 genes harboring Pathogenic 

or Likely Pathogenic mutations (AIP, PYGM, RYR1, PLA2G6) were previously associated 

with PA disease.  SDHB and MAX are genes commonly linked to 3P association syndrome 

(Tatsi and Stratakis, 2019). In their investigation of PA-associated genetic mechanisms, NEBL 

was among the mutated genes reported by Ye et al., (2015). Peculis et al., (2022) identified 

somatic variants in the following genes: LAMA1, PLA2G6, AHNAK, KLHL4, and RYR1. In 

a Moreno et al. (2005) study, the ID3 gene was down-regulated in many PA samples. Two 

missense variants in the LRP1B and MGAM genes and one frameshift mutation in the MAST4 

gene were identified in invasive pituitary adenomas (Lan et al., 2016). TTN gene was the most 

recurrent gene (3 times) in an analysis of 42 pituitary macroadenomas (Bi et al., 2017). 

Bengtsson et al., (2017) identified germline mutations in the MSH2 gene while studying 

ACTH-secreting PA cases. The NR3C1 gene was cited in a study by Song et al., (2016), 

revealing its potential implication in ACTH-PA cases. Wang et al., (2019) conducted research 

focused on the LAMA2 gene and reported epigenetic dysfunction influencing the degree of 

severity of NFPA.  Seemann et al., (2001) documented the inactivation of CDKN2A/p16 and 

its close relation with the type and size of pituitary adenomas. 

SDHx are among the most prevalent genes cited in Familial Isolated Pituitary Adenomas 

(FIPA) and 3P syndromes (Tatsi and Stratakis, 2019). Additionally, the c.424 + 5G>C somatic 

variant was detected in the PYGM gene, from Growth Hormone (GH)-Secreting PA samples 

(Välimäki et al., 2015).  
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Many of the identified mutations do not match exactly those found in the previous studies, 

however their have clinically significant impact on genes. Additional research is necessary to 

elucidate their potential impact on the occurrence and behavior of PA disease. 

We have validated two genetic mutations previously linked to pituitary adenomas. Both are 

located on the AIP gene.  One is c.910C>T(p.Arg304Ter), a well-described mutation detected 

in sample 20107401668_R or S68 and supported by an alternative allele frequency of 52.63%.  

In their study, Niyazoglu et al., (2014) identified the identical heterozygous stop-gained 

germline mutation in 25% of the 52 family members, and seven of them had a history of 

pituitary adenoma.  The second variant, c.241C>T(p.Arg81Ter) was detected in a GH-secreting 

PA sample representing a male 22 years old (Gaspar et al., 2023) and also in a case of a patient 

who was diagnosed with acromegaly type FIPA at the age of 34 years (Guaraldi et al., 2012). 

Sample 20107401659_R or S59 was the only one to exhibit this variant, which is described as 

an inactivating mutation that disrupts the interaction between the AIP protein and 

phosphodiesterase 4A (PDE4A) (Toledo et al., 2010).  

Despite being a well-established gene in the context of PA, the AIP gene was detected in only 

three samples. The third sample (S62) harbors a non-established splice acceptor variant c.646-

1G>C (58.62). Tuncer et al., (2018) also found a low frequency of the AIP gene (2.1%) in a 

study on Turkish patients with FPAs.  

5.2. CONSOLIDATION STRATEGIES 

This thesis utilizes a parallel multi-workflow pipeline incorporating two read mappers (Bowtie 

and BWA-mem) and three variant callers (GATH, Freebayes, DeepVariant). Previous studies, 

such as Peculis et al. (2022), described the utilization of multiple data analysis workflows. They 

differ in terms of the included tools, the number of workflows, and especially their generation 

of the final results strategies. 

As reported by O’Rawe et al. (2013),  The concordance of workflows can be quite low. The 

percentage of common SNVs across five pipelines was 57.4%, while the concordance for indels 

among three variant-calling pipelines was less than 27%. Here, using six workflows reduces 

significantly the number of common variants. Considering the four most effective workflows, 

the concordance level is close to 50%; however, if all workflows are considered, the 

concordance level drops to nearly zero. In the study by Peculis et al. (2022), involving two 
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workflows, 144 variants were collected by considering only the common variants for the final 

results. In the current study, all variants that passed the filtering steps were included in the final 

call set to avoid missing important variants not detected by lower-performing workflows. 

We observed an average of 7.1 mutations per sample with a range of 2-19, which is lower than 

the findings of Peculis et al., (2022), who reported 9.6 mutations per sample with a range of 0–

31 per PitNET. In contrast, other PA studies show a relatively lower number of mutations per 

sample, such as 3.5 mutations per tumor reported by Newey et al., (2013), 2.3 coding SNVs or 

short deletions (range : 0–4) reported by Välimäki et al. (2015) and a mean of 3.3 mutations per 

gene across 7PA in a study by Song et al., (2016).  

5.3. RECURRENCE OF GENOMIC MUTATIONS 

Out of 123 detected variants, 37 are on recurrent genes, but only 5 were detected in more than 

one Sample. Peculis et al., (2022) also found only 2 recurrent variants from a study on 14 PA 

samples. The low occurrence of recurrent gene mutations can be attributed to the limited 

number of samples or the complexity of the disease genomic landscape.  

The most recurrent variant is c.2080A>G(p.Met694Val), a missense variant of the position 

3293407 of MEFV genes. No document associating the MEFV  gene with the PA case was 

found in the literature. Its pathogenic effect was described in conditions such as Mediterranean 

fever and hereditary periodic fever (Clincar ID: 2538 ). 

In a study by Bi et al., (2017), the TTN gene was the sole gene mutated in three samples. 

Observed in six samples, TTN is the most frequent gene in the current research. Samples S54 

and S70 share the same TTN mutation (c.12066T>G, p.Cys4022Trp). This is a rare mutation 

(with a Minor Allele Frequency of 0.00000342), documented in Clinvar (ID: 466797), and 

associated with conditions such as Autosomal Recessive Limb-Girdle Muscular Dystrophy 

Type 2J and Dilated Cardiomyopathy 1G. 

Sample S54 shares the missense mutation c.1303G>A (p.Glu435Lys) on the CAPN3 gene with 

S68. While the CAPN3 gene itself is not directly associated with PA, it influences the 

expression levels of RYR1 (Chen et al., 2021). RYR1 is a gene strongly linked to PA (Peculis 

et al., 2022) and reported in samples S54 and S67. Altogether, CAPN3 carries five rare variants 
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in our research: four pathogenic (P) and one likely pathogenic (LP). This highlights the 

importance of that gene in current findings. 

The c.5260C>T (p.Arg1754Ter) nonsense change on the ABCA7 gene is a likely pathogenic 

(LP) variant reported simultaneously in samples 59 and 66. This rare variant ( MAF = 

0.00004381) is cited in the literature for its implication on Alzheimer's disease (Nuytemans et 

al., 2016), (Sassi et al., 2016). The lack of clinical data on patients reduces our ability to assess 

their potential association with a specific PA type.  

5.4. LIMITATIONS 

Due to the lack of the sample’s details, no analysis of the potential relationship between specific 

genetic variants and the clinical manifestations was possible. Instead, a similarity analysis was 

performed, revealing a small cluster of four samples (S70, S68, S54, and S59). They are linked 

by mutations in the following genes: CAPN3, TTN, AIP, and MEFV. The recurrence of rare 

variants is a low-probability event and research can focus more on developing a broader 

classification approach for Pas. The current classifications are based on tumor size, secreted 

hormone, and grade (Raverot et al., 2014). New classification approaches can integrate clinical, 

genetic, biochemical, radiological, pathological, and molecular information (Ho et al., 2024). 

Unlike previous studies on various pituitary adenomas, we did not find mutations in previously 

cited genes such as MEN1(Yarman et al., 2019) and GNAS(Tatsi and Stratakis, 2019).  

5.5. CONCLUSION 

This thesis explores the topic of whole exome sequencing (WES) and associated data analysis 

methods. A dataset consisting of 18 WES samples of Pituitary Adenoma was analyzed. Two 

read mappers and three variant callers were included in the analysis pipeline, resulting in 6 

parallel analysis workflows. The final variant callset includes all mutations that meet the 

prioritization and filtering criteria. 

We observed a significant number of genes (n = 107), harboring clinically significant mutations. 

A total of 123 variants were listed with 37 of them being located in recurrent gene. Only 5 

variants were recurrent. The low recurrence of genomic mutations across the samples despite 

many of them being located on recurrent genes suggests an intricate nature of the disease’s 
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genomic landscape. We advocates for a disease classification approach relying on the insights 

generated by omic approaches, for additional and precise characterization of patients. 

We evaluated the effectiveness of individual tools by assessing their standalone performance 

and examining how they interact when combined with other tools. For example, although the 

Bowtie mapping tool performs less effectively in FreeBayes-based workflows, it shows a 

remarkable increase in performance when combined with DeepVariant or GATK 

HaplotypeCaller. 

Additional research should help to clarify the potential impact of detected variants on PA 

disease, particularly the recurrent ones. Pipeline optimization often focuses on parallelizing 

similar tasks, such as processing multiple samples simultaneously. Further investigation can 

explore the parallelization of diverse tasks, such as read quality control and genome indexing, 

which are independent. 
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