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ABSTRACT 

Recent advances in genome sequencing technologies provide unprecedented opportunities to 

characterize individual genomic landscapes and identify mutations relevant for diagnosis and 

therapy. Accurate detection of somatic mutation is an essential part of cancer genome analysis, 

and plays an important role in oncotarget identifications. Next generation sequencing (NGS) 

holds the promise to revolutionize somatic mutation detection. A lot of computational methods 

are developed for cancer sequencing data processing and analysis. However, few tools are 

specialized for cancer genome and sample characteristics because most methods initially focus 

on normal genome sequencing data. Here, we surveyed computational methods for detecting 

mutations for whole-genome/whole-exome cancer sequencing data analysis supporting four 

distinct mutation types: single nucleotide variants (SNVs), small insertions or deletions (Indels), 

copy number variations (CNVs), and large structural variants (SVs). We discuss the problems 

and challenges of current methods and also present a software platform for somatic variant 

calling that may improve calling accuracy and computational power. 
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Ⅰ. INTRODUCTION 

 

Cancer is commonly defined as a “genetic disease” which results from the 

accumulation of genetic alteration in oncogenes and tumor suppressor genes [1]. The definition 

emphasizes the importance of identifying and cataloguing tumor-related mutations. Rapid 

advances in next-generation sequencing (NGS) technologies and computational methods has 

become feasible to sequence the expressed genes as known exons and complete genomes from 

cancer samples.  

These technical advances now provide the first cost-effective approach to largescale 

resequencing of human samples for medical and population genetics. Projects such as the 1000 

Genomes [2], The Cancer Genome Atlas and numerous large medically-focused exome 

sequencing projects [3] are underway in an attempt to elucidate the full spectrum of human 

genetic diversity [2] and the complete genetic architecture of human disease. The ability to 

examine the entire genome in an unbiased way will make possible comprehensive searches for 

standing variation in common disease; mutations underlying linkages in cancer [4]. 

The obvious challenge in relation to this approach is to develop a systematic form of 

analysis in which a bioinformatics- assisted pipeline can rapidly and effectively analyze 

genomic data, thereby identifying targets and treatment options. General pipeline for cancer 

genome sequencing data processing is comprised several steps; quality assessment, read 

alignment, variant identification and annotation presented in figure 1. 
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Figure 1  Basic workflow for whole-exome and whole-genome sequencing projects. 

 

Especially, somatic variants detection is a preliminary step in most cancer sequencing projects, 

feeding into various downstream analyses addressing the broader goals of cancer genome research. 

How successfully the motivating research goals are met depends on the quality of the mutation set used 

as input for further work. Given well mapped, aligned, and calibrated reads, resolving even simple SNPs, 

let alone more complex variation such as single nucleotide variants (SNVs), small insertions or 

deletions (Indels), copy number variations (CNVs), and large structural variants (SVs) requires sensitive 

and specific statistical models. Moreover, cancer genome data processing is required consideration in 

cancer genome and sample characteristics such as tumor intra-, inter-heterogeneity, impurity and ploidy.  

A lot of computational methods and algorithms are developed for somatic variant calling, 

however they may not accurate and fast enough to be used in cancer diagnosis and treatment. In this 

paper, we discuss the problems and challenges of current methods and also present a software platform 

for somatic variant calling that may improve calling accuracy and computational power.  
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II. NGS CANCER GENOME ANALYSIS 

 

2.1 NGS studies 

NGS is a technology that parallelly sequences massive amounts of short DNA strands 

from randomly fragmented copies of a genome [5-13]. A typical NGS run will generate 

millions to billions of reads, which are assumed to be random representations of the targeted 

regions or the whole genome. The widespread availability of NGS technology provides an 

unprecedented opportunity to systematically screen for somatic mutaitons. NGS is flexible 

in that it can be adapted to cover either the whole genome or targeted regions of interest 

(for example, the exome, defined as the complete set of coding regions of human genome).  

A single experiment of WGS can produce multidimensional information for 

discovering mutations in a genome-wide scale. The quality and richness of data make WGS 

by far the most powerful approach for mutation detection. The cost of a WGS experiment 

has dropped substantially in the past several years, but it is still relatively expensive 

(>$5,000 per sample), and the resultant data requires substantial investment in 

computational resources for processing and storage. To balance the cost and output, WES 

approach can be used when WGS is not financially affordable. Compared with WGS, WES 

cannot reach base pair resolution in determining breakpoints falling into non-coding 

regions due to the discrete nature of exome regions in the CNV calling methods, and its 

CNV calling results are only reliable in exon-rich regions because of the uneven 

distribution of exons across the genome. Nevertheless, WES is ideal for searching for gene-

harboring mutations in a cost-efficient and analytic-effective manner.  

 

2.2 Cancer-specific consideration 

Cancer samples and cancer genomes have general characteristics that are distinct from 

other normal samples that are inherited through the germ line. These require particular 

consideration in next-generation sequencing analyses [14]. 
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Characteristics of cancer samples for genomic analysis.  

Tumor samples differ in their quantity, quality and purity from the normal samples used 

for germline genome analysis. Surgical resection specimens have been the mainstay of 

cancer genome analysis and tend to be large. However, diagnostic biopsies from cancer 

patients tend to contain few cells because minimizing biopsy size is a safety consideration. 

Therefore, the quantity of nucleic acids available from such biopsies will be limited and 

the minimum inputs for next-generation sequencing will be decreased. 

Tumor samples are also often of lower quality than normal samples due to technical 

and biological reasons. The first technical reason is that most cancer biopsy and specimens 

are formalin-fixed and paraffin-embedded (FFPE) to optimize the resolution of 

microscopic histology. However, DNA isolated from such FFPE specimens is often likely 

to have undergone crosslinking and also poor quality that make it unsuitable for most 

commercially available whole genome amplification kits that require high quality starting 

material [15, 16]. The biological reason is that tumor specimens often include substantial 

fractions of necrotic or apoptotic cells that reduce the average nucleic acid quality, 

therefore, experimental methods should also be adapted to account for this.  

Finally, cancer nucleic acid specimens are less pure than specimens used to analyse the 

inherited genome, especially in terms of genomic DNA purity. Unlike the samples 

generally used for germline genome analysis, a tumor sample contains a mixture of 

malignant and nonmalignant cells and, therefore, a mixture of cancer and normal genomes. 

Furthermore, the cancers themselves may be highly heterogeneous and composed of 

different clones that have different genomes [17]. Cancer genome analytical models must 

take these two types of heterogeneity (cancer versus normal heterogeneity and within-

cancer heterogeneity) into account in their prediction of genome alterations. 

 

Structural variability of cancer genomes.  

Cancer genomes are enormously diverse and complex. They vary substantially in their 

sequence and structure compared to normal genomes and among themselves. Specifically, 
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cancer genomes vary considerably in their mutation frequency (degree of variation 

compared to the reference sequence), in global copy number or ploidy, and in genome 

structure. 

These variations have several implications for cancer genome analysis: the presence 

of a somatic mutation is not enough to establish statistical significance as it must be 

evaluated in terms of the sample-specific background mutation rate, which can vary at 

different types of nucleotides. The analysis of mutations must also be adjusted for the 

ploidy and the purity of each sample and the copy number at each region. Similar 

considerations apply to the detection of somatic rearrangements. 

To identify somatic alterations in cancer, comparison with matched normal DNA from 

the same individual is essential. This is largely owing to our incomplete knowledge of the 

variations in the normal human genome; to date, each ‘matched normal’ cancer genome 

sequence has identified large numbers of mutations and rearrangements in the germline 

that had not been previously described [18–22]. 

 

2.3 NGS cancer genome analysis 

 

Figure 2 Idealized cancer analysis steps.  
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The sequence of the steps in an idealized cancer genome analysis pipeline are presented in 

Figure 2. In the first genome analysis step, after samples are sequenced, sequencing reads 

are aligned to a reference genome and all differences are identified through a process known 

as variant calling. The output of the variant calling is a list of genomic variations that is 

organized according to their genomic location (chromosome and position) and the variant 

allele. This step is an essential step due to correlations between mutation profiles and 

clinical outcomes, identify mutations driving cancer progression and identify targets for 

novel therapeutic developments. 

The list of somatic variants obtained from the first step is carefully examined to identify 

mutations that may alter the function of protein products. Network level analysis offers a 

means to overcome this challenge by associating mutated genes with known signaling 

pathways, regulatory networks, clusters in protein interaction networks, protein complexes 

or general functional classes, such as those defined in the Gene Ontology database. Finally, 

in a personalized medicine application, the results must be related to information of clinical 

relevance, such as potentially related drugs and therapies. 
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2.4 NGS Cancer genome sequencing data processing  

 

 

Figure 3. Workflow of cancer genome analysis using NGS 

 

Figure 3 shows the general workflow for NGS cancer genome data processing and 

analysis. The workflow includes three step; sample preparation and sequencing, alignment 

and variant calling. The drive to produce increasingly compact, cost-effective and time-

efficient sequencing platforms has also resulted in products that can be utilized more 

readily for targeted sequencing of genes with easier sample preparation protocols, shorter 

run times and simpler data analysis [23]. 

The output of the variant calling is a list of genomic variations that is organized 

according to their genomic location (chromosome and position) and the variant allele. 

Cancer is commonly defined as “genomic disease” that emphasizes the importance of 

identifying and cataloguing tumor-related mutations. The distinction between germline and 
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somatic mutations is also an important because cancer is the results from the accumulation 

of mutations in a lifetime which is called somatic mutation. 

As previously mentioned caner sample and cancer genome have their own 

characteristics distinct from normal genome. These characteristics make sequencing data 

more complex to process and analysis for existing general computational tools. Therefore, 

computational algorithms and tools need to be developed in consideration of these things. 

However, most computational tools for cancer genome analysis are still few and show 

lower performance than other tools that are used for general genome analysis. Next section 

describes existing NGS cancer genome analysis computational methods for detecting four 

types of somatic mutations. 
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 III. SOMATIC VARIANT DETECTION METHODS 

 

3.1 Pipeline overview 

Somatic variants detection is a preliminary step in most cancer sequencing projects, 

feeding into various downstream analyses addressing the broader goals of cancer genome 

research. How successfully the motivating research goals are met depends on the quality 

of the mutation set used as input for further work. 

Genomic variation is comprised of single nucleotide variants (SNVs), small insertions 

or deletions (Indels), copy number variations (CNVs), and large structural variants (SVs); 

these variants range from single base changes to large chromosomal-level alterations [24]. 

Cancer studies focus on the identification of somatic mutations by comparing 

sequencing results of tumor/normal pairs from one subject. The tools for the identification 

of large structural modifications can be divided into those which find CNVs and those 

which find other SVs such as inversions, translocations or large INDELs.  

The choice of applied strategies for somatic mutation identification is ultimately 

related to the data usage and variant types. It is of utmost importance to first carefully 

design the study as it ultimately affects analysis and testing strategies [25]. 

 

3.2 SNV detection 

Somatic single nucleotide variant (SNV) are the simplest class of mutation, but their 

detection from matched cancer–normal sequencing data is complicated by both biological 

and technical noise. A critical challenge to successfully detect the somatic mutations is 

distinguishing signal from both biological and technical noise such as germline 

polymorphisms, tumor heterogeneity and sequencing and analysis errors in detecting 

somatic mutations from caner genome sequenced data [26].  

Early publications, such as the malignant melanoma cell line analysis [27], relied on 

independent genotype calling of the two samples followed by subtraction of the normal 
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sample calls from the cancer calls to obtain a candidate somatic mutation set. However, this 

‘subtraction’ method using standard algorithms for SNV calling in single samples did not 

optimize the detection of shared germline polymorphisms by jointly analyzing the two 

samples, nor were standard genotyping algorithms designed to detect variants at the low 

allelic fractions found in cancer samples. 

Recent years, several computational methods have been proposed for somatic SNV 

calling from large-scale and heterogeneous cancer sequencing data with a variety of 

algorithms or system architectures. Table 1 shows the description of current somatic SNV 

detection tools that we studied; JointSNVMix [28], SomaticSniper [29], Strelka [30], 

Varscan 2 [31], Mutect [32] and Virmid [33]. 

 

 

Table 1 Current somatic SNV detection tools 

 

3.3 Small Indel and SV detection  

Small Indel commonly refers to insertion or the deletion of bases (ranged 1bp ~10kb) 

in the DNA of an organism [34]. Structural variation (SV) is the variation in structure of 
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an organism's chromosome and include large insertion/deletion, duplication, inversion and 

translocation. Typically a structure variation affects a sequence length about 1Kb to 3Mb, 

which is larger than SNPs and smaller than chromosome abnormality (though the 

definitions have some overlapping) [35]. 

Table 2 describes current indel or SV detection tools that we studied; BreakDancer 

[36], Dindel [37] and Pindel [38]. Current tools are focused on normal genome analysis 

which is not considering tumor sample and genome characteristics. Cancer specific tools 

are required for more accurate somatic SV or Indel detection. 

 

 

Table 2 current small Indel or SV detection tools 

 

3.4 CNVs detection 

Copy number variation (CNV) is one of the most important somatic aberrations [39]. 

CNV was initially defined as the amplification or deletion of genetic materials in the size 

of >1kb [40, 41], then was widened to include much smaller events (>50 bp) [42] on 

accounting of the greatly improved resolution of detection methods.  

It was thought that single nucleotide changes (called SNPs) in DNA were the most 

prevalent and important form of genetic variation. The current studies reveal that CNVs 
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comprise at least three times the total nucleotide content of SNPs. Since CNVs often 

encompass genes, they may have important roles both in human disease and drug response. 

Understanding the mechanisms of CNV formation may also help us better understand 

human genome evolution. 

Current tools for detecting copy number variations in cancer genome are developed 

considering tumor characteristics such as tumor ploidy, sample impurity and inter-

heterogeneity that use the workflow and algorithms of previous CNV detection tools for 

normal genome analysis. Figure 4 shows the basic workflow for somatic CNV detection. 

 

  

Figure 4 Basic workflow for somatic CNV detection 

 

The principle in most CNV detection programs is that larger or smaller than expected 

Log RD Ratio or Log RC Ratio (LRR) in a genomic region reflects gain or loss of DNA in 

this region, respectively. However, random variations and systematic biases including 

mappability bias and GC-content bias deviates LRR from “correct” number. It is important 

to correct the biases and create a baseline for capturing the technical variation of a platform. 

Then a hypothesis of data (LRR and/or BAF) distribution is needed for segmentation. 
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Segmentation is the process that combines all the reads from same continuous region 

into a segment with determined boundaries. The challenge in segmentation is that the 

algorithm needs to distinguish the data variation caused by genuine CNV from that by 

random effects. Several strategies have been used for this purpose. 

An ideal segmentation approach will merge adjacent data points with same copy 

number into one segment and divide regions with different copy numbers into different 

segments. Further step of interpretation is needed to determine the copy number state of 

each segment, which simultaneously classify each data point to a state and merges the 

points to segments through EM algorithm. To assign a copy number state to each segment, 

quantitative criteria are necessary. 

Current somatic CNV detection tools have different strategies for data preprocessing, 

segmentation and interpretation. Unlike germline CNV detection tools, somatic CNV 

detection tools use tumor sample information such as tumor ploidy and purity for 

considering tumor characteristics and improve their sensitivity and accuracy. Table 3 shows 

strategies of current somatic CNV detection tools; ABSOLUTE [43], Patchwork [44], 

AbsCN-seq [45] and Sequenza [46]. 

 

 

Table 3 Workflow of somatic CNV detection tools 
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IV. SOFTWARE PLATFORM FOR SOMATIC VARIANT CALLING 

 

4.1 Platform overview 

A lot of tools and computational methods are developed and contributed to cancer genome 

analysis. However, current tools are required to improve their performance for clinical 

usage. Therefore, we present software platform for somatic variant calling that provide 

improvement of accuracy and sensitivity as well as speed which may be essential for 

cancer patients. 

 

4.2 Platform architecture 

Somatic variant calling task is more time-consuming task than gerlime variant calling 

because tumor sample and genome characteristics must be considered. Therefore, we 

present platform architecture that is applied scalable distributed system based on 

MapReduce and parallel processing using multicore and GPU. Figure 4 shows our 

platform architecture. 

 

Figure 5 Architecture of software platform for somatic variant calling 
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V. CONCLUSIONS 

 

Genomics has become a powerful tool for cancer research, yielding important biological 

surprises and enabling systematic classification based on cellular mechanism. Cancer genomics 

is just now emerging from its first phase, which has been largely focused on creating basic 

mutational catalogs in primary tumors. To fulfill its full promise, the field will need to deepen 

the structural characterization of cancer genomes, complement it with comprehensive 

functional characterization of cancer cells, and enable and promote information sharing across 

the world. 
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요 약 문 

체세포 변이 탐지를 위한 NGS 데이터 분석 소프트웨어 플랫폼 

최근 고 처리율의 게놈 시퀀싱 기술의 발전은 암 진단과 치료법에 있어 전례없는 

기회를 제공해주고 있다. 특히 차세대유전체해독기술(NGS)의 발달로 유전체 해독에 소요되는 

시간과 비용이 획기적으로 감소됨에 따라 다양한 응용분야에 유전체시장이 급속도로 확대되고, 

특히 암 연구에 있어서도 분자레벨에서의 분석이 용이해짐에 따라 급격한 발전이 이루어지고 

있다. 이전의 수 많은 연구에서 증명이 되었듯이 후천적으로 축적되는 변이들은 암을 일으키는 

주 원인이다. 그러므로 대부분의 암 분석 연구나 암 진단 및 치료에서 체세포 변이를 찾아내는 

일은 매루 중요하게 다루어 진다. NGS data를 처리하고 분석하기 위한 많은 프로그램들과 

방법들이 개발이 되었고 실제로 암 분석에 많은 공헌을 하였지만 대부분의 방법들이 암 게놈 

및 샘플의 특성을 고려하지 않고 있다. 최근의 방법들은 종양 의 이질성 및 배수성, 종양 

샘플의 불순도 등을 분석에 활용하여 이를 개선시키고 있지만 아직까지는 실제 의료진단용 및 

치료용으로 활용하기에는 정확도와 속도가 매우 떨어진다. 우리는 암 연구에서 주로 사용하는 

네가지 타입 (single nucleotide variants (SNVs), small insertions or deletions (Indels), 

copy number variations (CNVs), and large structural variants (SVs)) 의 체세포 변이 탐지를 

위한 기존의 방법들을 조사하고 이를 분석하였으며 이들의 문제를 개선할 수 있는 소프트웨어 

플랫폼을 제안한다. 

 

핵심어: 암 게놈 분석, NGS, 체세포 변이 탐지 
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