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Abstract 
In this deliverable we define use cases and establish analysis pipelines for different 

types of Next Generation Sequencing data. We will describe workflows (WF), which 

will be used for the identification of: 

1. single nucleotide variations and short insertions and deletions using whole 

genome sequencing and/or whole exome sequencing data as input, 

2. alternative splicing forms using RNA-Seq data as input, 

3. differentially expressed genes using RNA-Seq data as input, 

4. genome-wide binding profiles of DNA-binding proteins as well as the location of 

histone modifications using ChIP-Seq (Chromatin immunoprecipitation coupled 

with high-throughput tag sequencing) data as input, 

5. microRNA expression profiles using small RNA-Seq data as input, 

6. genome-wide DNA methylation patterns using data from whole genome bisulfite 

sequencing as input. 

Further WFs for the correlation of the described WFs (1-6) with gene expression 

data, e.g. the correlation of the results of single nucleotide variations analyses with 

gene expression (RNA-Seq) will be elaborated. 

For evaluation of the WFs we will use our own Charité Next Generation Sequencing 

data as well as publicly available data. 
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Definition and Development of Use Cases and Their 
Analysis Pipelines 
Next Generation Sequencing (NGS) is a revolutionary technology, introduced to the 

market first in 2005, which changed genomic science. While with classical Sanger 

sequencing one or only few DNA fragments can be sequenced at the same time, 

NGS allows the parallel sequencing of millions of DNA fragments during one run. 

But not only genomes can be studied by NGS. With this technology also the 

transcriptome and epigenome of any species can be investigated, thus making NGS 

an indispensable tool for biological research (www.illumina.com). 

The fast development of NGS technologies has enabled the performance of 

comprehensive genetic studies, which reveal the genetic variations between 

individuals and populations. Comparing and cataloging of the individual genomic 

sequences is of paramount importance, as genetic variations play a decisive role in 

human disease, especially in rare Mendelian disorders. The most common types of 

genetic variations in the human genome are single nucleotide variations (SNVs) and 

short insertions and deletions (InDels). For the identification of SNVs and InDels 

whole genome sequencing (WGS) data as well as whole exome sequencing (WES) 

data can be used. While WGS reveals the whole genomic sequence of an individual 

and thus all genetic variations can be detected, with WES genetic variations only in 

the coding exons of the genes can be identified 1. Numerous publications containing 

mutation workflows exist. Richter et al. (2012) 44 for example used a similar workflow 

to ours, but accessibility to the data used was cumbersome. 

WF 1 defines the analysis of SNVs and InDels and will be validated with whole 

genome sequencing data from the 1000 Genomes project. 

The transcriptome comprises all transcripts in a cell like large RNAs (e.g. mRNAs), 

small RNAs (e.g. microRNAs (miRNAs), PIWI-interacting RNAs (piRNAs), small 

nucleolar RNAs (snoRNAs), small interfering RNAs (siRNAs)), novel transcripts from 

unannotated genes, alternative splicing forms, and gene-fusion transcripts. The state 

of the art technology for studying the transcriptome is whole transcriptome 
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sequencing (RNA-Seq) using NGS technologies. This technique allows determination 

and quantification of the transcript landscape of a developmental stage or 

physiological condition, thus becoming essential for developmental or disease 

studies 2, 3. 

We will use RNA-Seq data for validation of the WFs for alternative splicing (WF 2), 

gene expression (WF 3) and miRNA analysis (WF 5). A variety of publications deal 

with RNA-Seq data in different contexts such as alternative splicing. Amongst them is 

Ren et al. (2012) 39. We decided to use a different publication as a model (Seo et al. 

(2012) 13) since the provided amount of validation data is much higher. 

Chromatin immunoprecipitation coupled with high-throughput tag sequencing (ChIP-

Seq) is the standard technique for investigating the genome-wide binding profile of a 

certain transcription factor or for studying the genome-wide distribution of different 

histone modifications 4 While several reasonable suggestions for ChIP-Seq analysis 

have been published 40,41, we use our own workflow (Dimitrova et al., 2013) for 

reasons of highest possible comparability. We validate the ChIP-Seq WF 4 using the 

corresponding ChIP-Seq data. 

DNA methylation is one of the most studied epigenetic marks, which leads to long

term silencing of gene expression. This epigenetic modification plays a role in many 

biological processes and in diseases like cancer 5 For studying the genome-wide 

DNA methylation pattern of different organisms, microarray- as well as NGS-based 

techniques are available. We base our WF on data from whole genome bisulfite 

sequencing, a NGS-based technique, which is the current "gold-standard" for DNA 

methylation analysis, for constructing the DNA methylation WF. Cokus et al. (2008) 43 

as well as Popp et al. (2010) 42 worked on the topic, though focusing on non-human 

organisms. Thus, our workflow is based on Heyn et al. (2012) and evaluation is 

carried out on herein published human data. 

After implementation of the WFs for SNV, InDel, Alternative splicing forms, ChIP-Seq, 

miRNAs and DNA methylation analysis we will generate Correlation-WFs by 
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correlating the results of the listed WFs with corresponding gene expression data. 

Thus the expression of certain SNVs or InDels as well as alternative splicing forms of 

a gene can be studied. The Correlation-WFs will enable the user to investigate how 

miRNAs regulate their target genes, if binding of a particular transcription factor to the 

promoter regions of its target genes changes their expression and how histone 

modifications and DNA methylation influence gene expression. 

Workflow 1 : Mutation Studies - SNPs, Insertions and Deletions 
The human genome comprises 3.2 billion DNA bases, from which only 0.1% differs 

between any two people. This tiny fraction of the genome makes every person 

unique. Variation in the genome means, that the order of the bases in a DNA 

sequence is changed. There are different types of genomic variations: 

polymorphisms (nucleotides are changed), insertions (nucleotides are added), 

deletions (nucleotides are removed), repeats (multiple insertions of extra copies of 

the same DNA sequence) and translocations (chromosomes exchange entire 

sections). A schematic overview of the different types of genomic variations is shown 

in Figure 1. 
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Figure 1: Schematic overview of the different genomic variations. Scheme from 
http://www.cancer.gov/cancertopics/understandingcancer/. 

Whether or not a genomic variation has functional outcome depends on the location 

of the variations and of their exact nature. Most of the variations are found in 

noncoding regions of the DNA and have no known effect. Others are located in 

coding or regulatory regions, but also have no known effect. This is the group of so-

called silent variations. Another group of variations are harmless variations. To this 

group belong variations occurring in the coding or regulatory regions of genes, which 

are not linked to the functionality of the coded protein or that have harmless effects, 

e.g. they change the color of the eyes. 

The third group of genomic variations are variations causing harmful changes. These 

occur in coding and regulatory regions of genes and are called mutations. Because 

they by definition change the function of important proteins needed for health such 

mutations are associated to diseases. 
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The last group are the genomic variations with "latent" effects. They occur in coding 

and regulatory regions of genes, without being harmful. The changes they cause 

appear only under certain conditions. 

A single nucleotide polymorphism (SNP) is the exchange of a single base in a DNA 

sequence, that occurs in more than 1% of a large population (see Figure 2). This type 

of variation is the most common. SNPs occur with a very high frequency so that 

every human genome may contain millions of SNPs. SNPs are present in coding and 

noncoding regions and may have any of the effects described in the previous section 

(http://www.cancer.gov/cancertopics/understandingcancer/). 

When a single nucleotide exchange is not validated in a population, but only found in 

tumor cells, it is called a single nucleotide variation (SNV), otherwise a SNP 

(www.bgiamericas.com). 

SNPS Are the Most Common 
Type of Variation 

At least 1 percent 
Most of the population of the population 

Figure 2: Diagram of a SNP. Scheme from http://www.cancer.gov/cancertopics/ 
understandingcancer/. 
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We define a WF for identification of SNVs and InDels. A schematic overview of the 

WF is shown in Figure 3. 

1. Input: fastq files. 

2. Align every fastq file using SHRiMP 6, output: SAM files. 

3. Convert SAM to BAM. 

4. Sort BAM files and merge them to one file. 

5. Create pileup file using the samtools 'mpileup' command as input for VarScan2 7 

6. Configure VarScan2 filters (minimum number of reads mapped to the SNV's 

position (read depth), minimum number of variant supporting reads, minimum 

mean base quality of variant-supporting reads, proximity to indels). 

7. Apply VarScan2, output: 2 files, .snp and .indel (vcf format). 

8. Convert .vcf format to .annovar format using ANNOVAR 8. 

9. Apply ANNOVAR. 

10. Output: annotated list of SNPs and InDels. 
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Figure 3: Schematic overview of the mutation workflow used to detect SNPs and 
InDels. 

For validation, we analyse data from the 1000 Genomes project and compare its 

results with the results from MacArthur et al. (2012) 9 

Workflow 2: Alternative Splicing Forms Analysis 
Transcription is the process during which a RNA molecule is synthesized by RNA 

polymerases using a DNA template. In Figure 4 a schematic overview of the 

transcription and the following translation process of a protein-coding gene is shown. 

During the first step of transcription RNA polymerase II binds to the promoter region 
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of a certain gene and starts the synthesis of the pre-mRNA (primary RNA transcript). 

The pre-mRNA contains all exons (expressed regions) of the gene and also the 

introns (intervening regions), which can be up to hundreds of thousands of 

nucleotides long. The introns are removed from the pre-mRNA by a process called 

splicing, thus leading to formation of the mature mRNA 10, 11. 

The mature mRNA is then exported from the nucleus into the cytoplasm and the 

protein synthesis is performed in a process called translation, using this mRNA as a 

template. 
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Figure 4: Schematic overview of the transcription and translation process. Scheme 
from http://www.alexaplatform.org/. 

Through a process called alternative splicing many different mRNA variants are 

generated from one single gene. More than 90 % of the mammalian genes are 

known to be subjected to alternative splicing 37. Figure 5 shows the different types of 

alternative splicing and also the mRNA variants, which can be produced by 
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alternative transcription initiation (i.e. starting transcription from different exons), and 

alternative polyadenylation (i.e. termination of the mRNA at different sites). 
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Figure 5: Schematic overview of the alternative expression types. The coloured 
rectangles represent exons (yellow exons: constitutive, blue exons: alternative), the 
black lines introns. The transcription start sites are shown as green arrows, the 
splicing patterns as dotted lines and the polyadenylation sites are designated as 
poly(A). Scheme from http://www.alexaplatform.org/. 
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Alternative splicing can change the coding sequence, introduce premature stop 

codons, influence regulatory motifs and miRNA binding sites of the mRNA. Thus it 

acts directly on the structure and expression level of a protein 11, 12 

For validation of the WF we will use the RNA-Seq data 

(http://www.ebi.ac.uk/ena/home; accession number ERP001058) and the proposed 

WF from the publication "The transcriptional landscape and mutational profile of lung 

adenocarcinoma" by Seo et al. (2012) 13. In this paper the first large scale RNA 

sequencing study of lung adenocarcinoma has been performed, describing novel 

driver somatic mutations, fusion genes, alternative splicing forms and differentially 

expressed genes associated with the disease. 

The WF for identification of alternative splice forms (see Figure 6) follows their 

suggestions including the following steps: 

1. Input: fastq files. 

2. Align the RNA-seq reads to the NCBI human reference genome assembly using 

GSNAP (Genomic Short-read Nucleotide Alignment Program 14). 

3. Use uniquely aligned RNA sequencing reads to detect gene expression levels. 

4. RPKM normalization of gene expression levels. 

5. Extract exon-junction reads for every cancer sample using GSNAP. 

6. Extract exon-skipping reads. 

7. Select candidate exons with minimum two supporting reads. 

8. Compute their RPKM expression value and normalize to gene expression. 

9. Compute FC between 5' and 3' neighboring exons with candidate exon and 

average. 

10. Compute Z-value for averaged tumor FCs based on corresponding FCs from 

normal tissue. 

11. Remove candidate exons < 0.9. 

12. Output: list of exons believed to be differentially spliced. 
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AS 
Exons 

Figure 6: Schematic overview of the alternative splicing workflow used to detect 
differentially expressed exons. 

Workflow 3: Gene Expression Analysis 
RNA-Seq is used not only for determining the structure of RNAs but also for 

quantifying their expressing levels. This technique is highly sensitive and accurate 

and has many advantages over older approaches like microarrays and tag-based 

methods 2 

We define the gene expression analysis WF according to (Seo et al., 2012 13) using 

the data published with the paper as validation. The steps of the WF (see also Figure 

7) are: 
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1. Input: fastq files. 

2. Alignment of the RNA sequencing reads to the human genome with GSNAP 14 

3. Additional alignment of the sequencing reads to a cDNA set from public 

databases 15, 16 

4. Measurement of the expression level with normalization by RPKM 17 (reads per 

kilobase per million mapped reads). 

5. Removal of genes noniformative for clustering. 

6. Log2 transformation and normalization (row-wise and column-wise). 

7. Hierarchical clustering by Gene Cluster 3.0 18 

8. Drawing of the heatmap with heatmap.2 (http://cran.r-project.org /web/packages/ 

gplots/index.html). 

9. Output: List of distinctive genes, heatmap. 

Figure 7: Schematic overview of the gene expression workflow used to detect 
differentially expressed genes. 
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Workflow 4: ChIP-Seq Analysis 
Chromatin immunoprecipitation (ChIP) followed by high-throughput sequencing 

(ChIP-Seq) is a technique for identification of the binding sites of DNA-binding 

proteins. Such proteins are, e.g., transcription factors and histone proteins. DNA-

binding proteins participate in many important biological processes like transcription 

and splicing, DNA replication and repair. 

In Figure 8, a schematic overview of the ChIP protocol for isolation of transcription 

factor-bound DNA is shown, using an antibody against the analyzed transcription 

factor. The basic idea of the ChIP method is that active binding of a protein to the 

DNA will protect the covered DNA from degradation. Thus, in a first step, a cross-

linking of the protein bound to the DNA and DNA itself will be performed with the help 

of formaldehyde. This retains the protein at the original position. After cell lysis and 

fragmentation of the DNA with the help of e.g. sonication, the precipitation of the 

cross-linked DNA-protein fragments is carried out with an antibody directed against 

the DNA-binding protein. After precipitation, DNA not bound by the protein is 

washed out, while protein-bound DNA is eluted. Finally, a degrading of the protein is 

realized with a proteinase to release the DNA-fragments initially covered by the 

DNA-binding protein under investigation (see Figure 8). To assess the genome-wide 

binding pattern of a DNA-binding protein, these DNA-fragments are subjected to 

NGS. 

The same ChIP protocol can be used for the characterization of the genome-wide 

distribution of histone modifications. In this case the ChIP is carried out with an 

antibody against the studied histone modification ^ 19. 
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Figure 8: Schematic overview of the ChIP procedure with antibodies against 
chromatin-bound proteins. Scheme by Massie and Mills (2008) 20 

We defined the ChIP-Seq WF according to Dimitrova et al. (2013) 21 and used the 

corresponding data for evaluation. The authors studied the genome-wide binding 

pattern of the transcription factor PAX5 in classical Hodgkin lymphoma and 

compared it with its binding pattern in cells with a mature B cell phenotype. For this 

purpose we performed ChIP with a PAX5 antibody and three formaldehyde 

crosslinked cell lines (one PAX5-overexpressing Hodgkin lymphoma cell line and two 

different mature B cell lines). Deep sequencing of the isolated ChIP-DNA was 

performed on a Genome Analyzer IIx machine (Illumina Inc.). 
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The WF includes the following steps (see Figure 9): 

1. Input: fastq files. 

2. Analysis of the sequence reads and removal of low quality reads. 

3. Mapping of the unique reads for each data set to the human genome (hg19). To 

this end we will use the BWA (Burrows-Wheeler Aligner) mapping software 22 

4. Peaks will be called from the uniquely mapped reads in 3. using PeakRanger 23. 

5. Differential enrichment of the ChIP versus control samples will be calculated with 

DESeq 24 

6. For annotation of all peaks the Bioconductor package ChIPpeakAnno 25 and 

Ensembl Biomart 26 will be used. 

7. Output: annotated PAX5 binding sites. 

Figure 9: Schematic overview of the ChIP-Seq workflow. 
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Workflow 5: microRNA Expression Analysis 
MicroRNAs (miRNA) are endogenously expressed RNAs, which have a length of 19

23 nucleotides and thus belong to the class of the small RNAs 27. Till now, more than 

1000 human miRNAs have been described 38 They play an essential role in many 

biological processes like development, differentiation, proliferation, apoptosis, 

hematopoiesis, etc. and are also associated with different diseases. 

The miRNAs biogenesis is shown in Figure 10. First a primary miRNA (pri-mRNA), 

which has a length of 1-3 kb, is being synthesized by RNA polymerase II. The pri-

mRNA is cleaved by the enzyme Drosha with help of the RNA-binding protein Pasha 

to form the pre-miRNA. The pre-miRNA has a length of 70-100 nucleotides and a 

stem-loop structure. Then the pre-miRNA is exported from the nucleus into the 

cytoplasm, where it is further processed. In the cytoplasm the enzyme Dicer cleaves 

the pre-miRNA and thus the mature miRNA::miRNA*, which is 18-24 nucleotides 

long and double-stranded, is synthesized. In the next step the duplex is separated 

and one of the strands, the mature miRNA, becomes part of RISC (RNA-induced 

silencing complex), while the other strand is degraded or participates in other 

regulatory processes. 
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Figure 10: Schematic overview the of miRNA biogenesis. Scheme by Dong et al. 
(2013) 27 

The RISC complex binds its target mRNA and regulates its translation by different 

mechanisms (see Figure 11). The target mRNA can be degraded, deadenylated and 

then degraded, the translation of the mRNA can be repressed or the mRNA can be 

localized in P-Bodies (processing bodies) and thus the target mRNA is not available 

for the translational machinery 27 
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Figure 11: Schematic overview the of different miRNA functions. Scheme by Dong et 
al. (2013) 27 

We base our miRNA WF on Kozubek et al. (2013) 28 In this paper the miRNA 

repertoire in melanoma was analysed using NGS. The authors have isolated RNA 

from different stages of melanoma progression and normal skin. After construction of 

small RNA libraries, NGS on a Genome Analyzer IIx machine (Illumina Inc.) followed. 

The NGS data are available from the Gene Expression Omnibus website (GEO; 

http://www.ncbi.nlm.nih.gov/geo/) under the accession number GSE36236 and will 

be used for evaluation. For analysis of the NGS data the described WF (see also 

Figure 12) will be generated: 

1. Input: fastq files. 

2. miRNAs will be characterized using the miRDeep 2.0 software 29, which 

determines not only known but also novel miRNAs with high accuracy. 

3. Fold differences for the discovered miRNAs will be calculated after normalization. 

4. For identification of subsets of miRNAs, which characterize in the best way each 

diagnostic group, the "nearest shrunken centroids" method 30 will be applied. 

5. For constructing the heatmaps and the hierarchical clustering Gene Cluster 3.0 18 

will be used. 

6. Output: List of differentially expressed miRNAs and heatmaps. 
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Figure 12: Schematic overview of the miRNA workflow. 

Workflow 6: DNA Methylation Pattern Analysis 
DNA methylation is an epigenetic modification associated with transcriptional 

repression, which is observed in vertebrates most often at the 5-position of the DNA 

base cytosine (see Figure 13). This epigenetic mark plays a role in many biological 

processes like genomic imprinting, silencing of transposable elements, stem cell 

differentiation, embryonic development and inflammation. Changes in DNA 

methylation occur also in cancer and other diseases 5. 
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Figure 13: DNA Methylation. Scheme by Simon Heath, 2011 31 

For the genome-wide identification of methylated cytosine residues the current "gold

standard" is whole genome bisulfite sequencing (WGBS). For WGBS genomic DNA 

is first subjected to bisulfite conversion, which is followed by NGS. During bisulfite 

conversion unmethylated cytosines are deaminated and converted to uracil, while 

cytosine residues, which are methylated at the 5-position, are protected (see Figure 

14)31. 

Unmethylated Methylated 
МИ, NH* 

r\ € i C 

Bisulfite 
Conversion 

Figure 14: Bisulfite conversion of un/methylated cytosine residues. Scheme by 
Simon Heath, 2011 31. 
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In the subsequent NGS step the exact position of the methylated cytosines in the 

genome is determined. 

For defining the DNA Methylation WF we will use the publication "Distinct DNA 

methylomes of newborns and centenarians" by Heyn et al. (2012) 32. In this paper the 

authors have compared the DNA methylomes of a newborn, a middle-aged donor 

and a centenarian. For this purpose they have isolated and fragmented genomic 

DNA from all three individuals, synthesized libraries and bisulfite converted the 

constructed libraries. After several purification and one PCR amplification step, the 

DNA has been sequenced on a Genome Analyzer machine (Illumina Inc.). 

The raw data are available from the GEO website under the accession number 

GSE31263 and will be used for evaluation. The WF will include the following steps: 

1. Input: fastq files. 

2. Alignment of the sequencing reads with the short oligonucleotide alignment 

program (SOAPaligner) after generation of reference sequences 33, 34 

3. Simultaneous estimation of the genotype and the methylation status. 

4. Prediction of differentially methylated cytosine residues. 

5. Output: list of candidate residues for differential methylation. 

Correlation of Workflows 
The Correlation-WF will correlate the results of WF 1 (Mutation analysis), WF 2 

(Alternative splicing forms analysis), WF 4 (ChIP-Seq analysis), WF 5 (miRNA 

expression analysis) and WF 6 (DNA methylation pattern analysis) with WF 3 (Gene 

expression analysis). 

First we will correlate WF 1 with WF 3 and for this purpose we will use an algorithm 

similar to the one described by Masica and Karchin 35 (2011). The authors have 

correlated somatic mutations data with the corresponding gene expression data for a 

set of glioblastoma multiforme tumors (GBM). With their automated, model-free 
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method they have determined genes in GBM, which mutation status highly correlates 

with changes in the expression of other genes. 

While the published algorithm uses microarray data from SNP arrays and gene 

expression arrays as input data, our algorithm will be based on NGS data. 

A schematic overview of the algorithm is shown in Figure 15. The WF will include the 

following steps: 

1. Generation of expression and mutation matrices for each sample (A). 

2. Addition of a mutation vector to the expression matrix for each loop of the 

algorithm (B). 

3. Filtering for genes with significant mutation-correlated differential expression and 

generation of an expression matrix containing only these genes. Next this matrix 

is converted to one binary matrix for significant overexpression and one binary 

matrix for significant underexpression (C). For this conversion z-score 

calculations are performed and a z-score cutoff point is applied. 

4. Populating a 2 x 2 contingency table with two categories (the 1st being the binary 

expression vector and the 2nd being the mutation vector) and performing Fisher's 

exact test. Filtering for differentially expressed genes with Fisher's exact P value 

< 0.01 (D). 

5. Hierarchical clustering of genes, which passed C and D and plotting of the 

mutations across the samples. 

6. Automation of literature mining for increasing efficiency and reducing user bias 

(F). 
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Figure 15: Schematic overview of the algorithm for correlation of somatic mutation 
with gene expression data. Scheme by Masica and Karchin, 2011 35. A single loop of 
the algorithm is explained by the example of TP53. The loop is performed for each 
mutated gene. For identification of differentially expressed genes the authors used 
SAM (Significance Analysis of Microarrays 36). 

The other Correlation-WFs (correlation of WF 2/4/5/6 with WF 3) will be implemented 

in an analogous manner. 
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Conclusions 
In deliverable D6.2 we have described different WFs for analysis of NGS data, which 

will be implemented in the BiobankCloud. The NGS data are generated with state of 

the art technologies and the analysis of these data will answer various important 

questions from the field of biology and medicine. A final overview on the WFs and the 

data used is available in Table 1. 

Task Workflow Reference Evaluation Data 

Detect Mutations 
(SNPs, Insertions and 
Deletions) 

1 L. Thalheim, 
2012 

1000 Genomes project 

Detect Alternative 
Splicing Events 

2 Seo et al., 2012 ENA: accession number 
ERP001058 

Detect differentially 
expressed genes 

3 Seo et al., 2012 ENA: accession number 
ERP001058 

Detect PAX5 binding 
sites 

4 Dimitrova et al., 
2013 

GEO: accession number 
GSE44551 

Detect distinctive 
miRNAs 

5 Kozubek et al., 
2013 

GEO: accession number 
GSE36236 

Detect methylated 
cytosine in the genome 

6 Heyn et al., 
2012 

GEO: accession number 
GSE31263 

Table 1: Overview on workflows, literature basis and data used. 
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