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Introduction to NGS data analysis



NGS technologies

Reference genome

How do these technologies work ?
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NGS Data Analysis Pipeline 
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Fastq format

Introduction to NGS data analysis

 We could say “it is a fasta with 
qualities”:

 1. Header (like the fasta but starting with “@”)
 2. Sequence (string of nt)
 3. “+” and sequence ID (optional)
 4. Encoded quality of the sequence

@SEQ_ID
GATTTGGGGTTCAAAGCAGTATCGATCAAATAGTAAATCCATTTGTTCAACTCACAGTTT
+
!''*((((***+))%%%++)(%%%%).1***-+*''))**55CCF>>>>>>CCCCCCC65
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BAM/SAM format

Introduction to NGS data analysis

@PG     ID:HPG-Aligner  VN:1.0
@SQ     SN:20   LN:63025520

HWI-ST700660_138:2:2105:7292:79900#2@0/1        16      20      76703   254     76=     *       0       0       
GTTTAGATACTGAAAGGTACATACTTCTTTGTAGGAACAAGCTATCATGCTGCATTTCTATAATATCACATGAATA    
GIJGJLGGFLILGGIEIFEKEDELIGLJIHJFIKKFELFIKLFFGLGHKKGJLFIIGKFFEFFEFGKCKFHHCCCF    AS:i:254        NH:i:1  NM:i:0

HWI-ST700660_138:2:2208:6911:12246#2@0/1        16      20      76703   254     76=     *       0       0       
GTTTAGATACTGAAAGGTACATACTTCTTTGTAGGAACAAGCTATCATGCTGCATTTCTATAATATCACATGAATA    
HHJFHLGFFLILEGIKIEEMGEDLIGLHIHJFIKKFELFIKLEFGKGHEKHJLFHIGKFFDFFEFGKDKFHHCCCF    AS:i:254        NH:i:1  NM:i:0

HWI-ST700660_138:2:1201:2973:62218#2@0/1        0       20      76655   254     76M     *       0       0       
AACCCCAAAAATGTTGGAAGAATAATGTAGGACATTGCAGAAGACGATGTTTAGATACTGAAAGGGACATACTTCT    
FEFFGHHHGGHFKCCJKFHIGIFFIFLDEJKGJGGFKIHLFIJGIEGFLDEDFLFGEIIMHHIKL$BBGFFJIEHE    AS:i:254        NH:i:1  NM:i:1

HWI-ST700660_138:2:1203:21395:164917#2@0/1      256     20      68253   254     4M1D72M *       0       0       
NCACCCATGATAGACCAGTAAAGGTGACCACTTAAATTCCTTGCTGTGCAGTGTTCTGTATTCCTCAGGACACAGA    
#4@ADEHFJFFEJDHJGKEFIHGHBGFHHFIICEIIFFKKIFHEGJEHHGLELEGKJMFGGGLEIKHLFGKIKHDG    AS:i:254        NH:i:3  NM:i:1

HWI-ST700660_138:2:1105:16101:50526#6@0/1       16      20      126103  246     53M4D23M        *       0       0       
AAGAAGTGCAAACCTGAAGAGATGCATGTAAAGAATGGTTGGGCAATGTGCGGCAAAGGGACTGCTGTGTTCCAGC
    FEHIGGHIGIGJI6FCFHJIFFLJJCJGJHGFKKKKGIJKHFFKIFFFKHFLKHGKJLJGKILLEFFLIHJIEIIB    AS:i:368        NH:i:1  NM:i:4

SAM Specification: 
http://samtools.sourceforge.net/SAM1.pdf 

http://samtools.sourceforge.net/SAM1.pdf
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VCF format

http://www.1000genomes.org/

Introduction to NGS data analysis



Francisco García
fgarcia@cipf.es

Counts

Introduction to NGS data analysis

Sample
Gene
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RNA-Seq Data Analysis



General context
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RNA-Seq Data Analysis



Francisco García
fgarcia@cipf.es

RNA-Seq Data Analysis

Gene/transcript length dependence

 Counts are proportional to...
 the transcript length
 the mRNA expression level.
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RNA-Seq Data Analysis

Count Normalization

 Transcript length: within library
 Library size: between libraries
 Many other biases ...

 Differences on the read count distribution among samples.
 GC content of the gene affects the detection of that gene (Illumina)
 sequence-specific bias is introduced during the library preparation
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RNA-Seq Data Analysis

Count Normalization

 RPKM: Reads Per Kilobase of the transcript per Million mapped 
reads 

 C is the number of mappable reads mapped onto the gene's 
exons.

 N is the total number of mappable reads in the experiment.
 L is the total length of the exons in base pairs.
 Fragments Per Kilobase of exon per Million fragments mapped 

(FPKM), 



1. Sequence preprocessing1. Sequence preprocessing

2. Mapping

3. Quantification

6. Functional Profiling

RNA-Seq Data Analysis Pipeline
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RNA-Seq Data Analysis

5. Differential expression

4. Normalization
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Babelomics 5:  analyzing omics data + functional profiling 

     Babelomics 5 
         Plataforma de análisis de 

datos de Transcriptómica, Proteómica 
y  Genómica con diferentes abordajes 

funcionales

http://babelomics.bioinfo.cipf.es/

http://babelomics.bioinfo.cipf.es/
http://babelomics.bioinfo.cipf.es/
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Tool interface

Babelomics 5:  analyzing omics data + functional profiling 
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Supervised and Unsupervised Classification

RNA-Seq Data Analysis in Babelomics 5

UPLOAD 
DATA

CLUSTERING

PREDICTORS

NORMALIZE
DATA

EDIT
DATA

RPKM

TMM
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Differential Expression

RNA-Seq Data Analysis in Babelomics 5

UPLOAD 
DATA

EDIT
DATA

NORMALIZATION
+

DIFFERENTIAL
EXPRESSION

FUNCTIONAL
PROFILING
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         Babelomics 5       

Processing / Normalization: RNA-Seq
Expression / Differential Expression:  RNA-Seq

Online examples

http://babelomics.bioinfo.cipf.es/

Hands on

RNA-Seq Data Analysis in Babelomics 5

http://babelomics.bioinfo.cipf.es/
http://babelomics.bioinfo.cipf.es/


Outline

1)  Introduction to NGS Data Analysis

2)  RNA-Seq Data Analysis  

3)  Resequencing Data Analysis

1)  Pipeline Data Analysis

2)  BiERapp (Whole Exome Studies)

3)  TEAM (Gene Panel). 

4)  CSVS (CIBERER Spanish Variant Server),  Genome Maps, Cell Maps.

4)  Omics Data Integration

5)  Network Analysis
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Resequencing Data Analysis



1. Sequence preprocessing1. Sequence preprocessing

2. Mapping

3. Variant calling

4. Variant prioritization

Genomics Data Analysis Pipeline (1)
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Resequencing Data Analysis
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Preprocessing 
+ QC

Sequence 
cleansing

Base quality

Remove adapters 

Remove 
duplicates

FASTQ file

Variant calling + 
QC

Calling and labeling 
of missing values

Calling SNVs and 
indels (GATK) using 
6 statistics based on 
QC, strand bias, 
consistence (poor 
QC callings are 
converted to 
missing values as 
well)

Create multiple VCF 
with missing, SNVs 
and indels

 VCF file

Mapping + QC

Mapping (HPG)

Remove multiple 
mapping reads

Remove low 
quality mapping 
reads

Realigning

Base quality 
recalibrating

BAM/SAM file

Variant and gene 
prioritization + QC

Counts of sites with variants 

Variant annotation (function, 
putative effect, 
conservation, etc.)

Inheritance analysis 
(including compound 
heterozygotes in recessive 
inheritance)

Filtering by frequency with 
external controls ( dbSNP, 
1000g, ESP) and annotation

BiERapp / TeAM

GenomeMaps, CellMaps, 
Babelomics, CIBERER 
Spanish Variant Server

Primary analysis Gene prioritization

Genomics Data Analysis Pipeline (2)

Resequencing Data Analysis
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BiERapp: discovering variants

BiERapp: 
Una herramienta web  para la 

priorización de variantes

http://ciberer.es/bier/bierapp

http://ciberer.es/bier/bierapp


Introduction

 Whole-exome sequencing has become a fundamental tool for the 
discovery of disease-related genes of familial diseases but there are 
difficulties to find the causal mutation among the enormous 
background

 There are different scenarios, so we need different and immediate 
strategies of prioritization

 Vast amount of biological knowledge available in many databases

 We need a tool to integrate this information and filter 
immediately to select candidate variants related to the disease

BiERapp:  discovering  variantsFrancisco García
fgarcia@cipf.es



How does BiERapp work?

VCF file

      multisample      
BiERapp

CellBase

BiERapp:  discovering  variants

VARIANT

Filterings

Francisco García
fgarcia@cipf.es



Input: VCF file

1. Sequence preprocessing1. Sequence preprocessing

2. Mapping

3. Variant calling

4. Variant prioritization

P
rim

ary A
na

lysis
S

econdary

VCF files 

 BiERapp

BiERapp:  discovering  variantsFrancisco García
fgarcia@cipf.es



Input: VCF multisample

One VCF (Variant Calling Format) file
for family or group

BiERapp:  discovering  variantsFrancisco García
fgarcia@cipf.es



 SIFT
 SIFT predicts whether an amino acid substitution affects protein 

function 
 Interpretation:  1 (tolerated)  to 0 (not tolerated)

  

 PolyPhen  
 Polymorphism Phenotyping is a tool which predicts possible impact 

of an amino acid substitution on the structure and function of a 
human protein

 Interpretation:   1 (probably damage)  to 0 (benign)

http://genetics.bwh.harvard.edu/pph2/index.shtml

http://sift.jcvi.org/

Getting information

BiERapp:  discovering  variantsFrancisco García
fgarcia@cipf.es



http://www.ensembl.org/info/genome/variation/predicted_data.html

Consequence type or effect

Getting information

BiERapp:  discovering  variantsFrancisco García
fgarcia@cipf.es

http://www.ensembl.org/info/genome/variation/predicted_data.html


Tool interface
http://ciberer.es/bier/bierapp

BiERapp:  discovering  variantsFrancisco García
fgarcia@cipf.es

http://ciberer.es/bier/bierapp


Tool interface

BiERapp:  discovering  variantsFrancisco García
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Results

BiERapp:  discovering  variants

1. Summary. Description about number or variants, INDELs... Also a 
distribution of consequences types.

Francisco García
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Results

BiERapp:  discovering  variants

2. List of candidate variants. 
We can order this list by several criteria.

Francisco García
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Results

BiERapp:  discovering  variants

3. Effects for each transcript where we detected a candidate 
variant.
The plot shows MAFs for different groups (1000 Genomes, Exome 
Variant Server) 
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Results

BiERapp:  discovering  variants

4. Visualization of candidate variants from GenomeMaps 
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Remarks

 The proposed web-based interactive framework has great potential 
to detect disease-related variants in familial diseases as 
demonstrated by its successful use in several studies

 The use of the filters is interactive and the results are almost 
instantaneously displayed in a panel that includes the genes 
affected, the variants and specific information for them

 Candidate variants are new knowledge useful for future 
diagnostic

BiERapp:  discovering  variantsFrancisco García
fgarcia@cipf.es



BiERapp:  discovering  variantsFrancisco García
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Hands on

http://bioinfo.cipf.es/apps-beta/cibererapp/beta/

http://bioinfo.cipf.es/apps-beta/cibererapp/beta/


Hands on
Pedigree

BiERapp:  discovering  variantsFrancisco García
fgarcia@cipf.es



Hands on
Case 1. 

BiERapp:  discovering  variants

 Dominant heritage

How many variants?  14

Case 2. 

 Recessive heritage

    How many variants?  3

Francisco García
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Hands on
Case 3. 

BiERapp:  discovering  variants

Case 4. 

 Variants in mother and 
daughter at the same time

    How many variants?  85

 Dominant heritage
 Rare disease (MAF < 0.1)

How many variants?  7

Francisco García
fgarcia@cipf.es



Hands on
Case 5. 

BiERapp:  discovering  variants

Case 6. 

 Variants in mother and 
daughter at the same time

 Only in these genes: 
HEXB,NFKB1,KLRC3

    How many variants?  

 Variants in mother and 
daughter at the same time

 Only in chromosome 4

    How many variants?  

Francisco García
fgarcia@cipf.es
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TEAM:  Targeted Enrichment Analysis and Management

TEAM: 
Una herramienta web  para el diseño y 

gestión de paneles de genes  en 
secuenciación dirigida

 con aplicaciones clínicas

http://ciberer.es/bier/team

http://ciberer.es/bier/team


Introduction

Development of  high throughput sequencing technologies:
Rapid and economical genome sequencing. 
Disease targeted sequencing: powerful and cost-effective 
application.

Vast amount of biological knowledge available:
HGMD-public, HUMSAVAR, ClinVar, COSMIC.

We need a tool to connect sequencing data and biological 
knowledge  for diagnostic:

 TEAM (Targeted Enrichment Analysis and Management).

TEAM:  Targeted Enrichment Analysis and ManagementFrancisco García
fgarcia@cipf.es



How does TEAM work?

 1. VCF files      TEAM2. Gene panel

ClinVar

HUMSAVAR
HGMD

COSMIC

TEAM:  Targeted Enrichment Analysis and ManagementFrancisco García
fgarcia@cipf.es



How does TEAM work?

1. Defining panel 2. Uploading input data

3. Getting results

TEAM:  Targeted Enrichment Analysis and ManagementFrancisco García
fgarcia@cipf.es

http://ciberer.es/bier/team

http://ciberer.es/bier/team


How to define a panel?
1. Name 
of panel

2. Diseases

3. Adding:
- more genes
- mutations

4. Save panel

TEAM:  Targeted Enrichment Analysis and ManagementFrancisco García
fgarcia@cipf.es



How to define a panel?
Adding
new mutations

Checking 
mutations from 
Genome Viewer

TEAM:  Targeted Enrichment Analysis and ManagementFrancisco García
fgarcia@cipf.es



Results

A. Web results

B. PDF report

TEAM:  Targeted Enrichment Analysis and ManagementFrancisco García
fgarcia@cipf.es



Remarks

 TEAM  is an free and easy-to-use web tool that fills the gap 
between the enormous amounts of data in targeted enrichment 
sequencing analysis and the biological knowledge available. 

 TEAM provides an intuitive environment for the clinician in 
which unprocessed data on patient’s genomic variation can easily be 
transformed in a diagnostic.

 The entire patient's sequencing information is managed locally thus 
avoiding any problem of data privacy or confidentiality.

Francisco García
fgarcia@cipf.es

TEAM:  Targeted Enrichment Analysis and Management



Next improvements:

 Inclusion of  a database with public panels 
genes of various diseases.

 Comparative Analysis 
for groups of panels.

 Visualization results. 

Francisco García
fgarcia@cipf.es

TEAM:  Targeted Enrichment Analysis and Management
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TEAM:  Targeted Enrichment Analysis and Management

Hands on
http://ciberer.es/bier/team

1)  Download example data from TEAM (3 VCF files).

2)  Select  the panel for Retinitis Pigmentosa and 
     evaluate all three samples. Do you have variants
     related to Retinitis for each of the three patients?

3)  Generate a PDF report for each patient including  
     variants   related to diagnostic and secondary findings.

4)  Design a new panel for Usher disease.

http://ciberer.es/bier/team
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CSVS: CIBERER Spanish Variant Server

CSVS: 
CIBERER Spanish Variant Server

Repositorio de frecuencias de variantes
 en la población española

http://csvs.babelomics.org/
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CSVS: CIBERER Spanish Variant Server

Two initial repositories

      1) http://www.ciberer.es/bier/exome-server/

2) http://bioinfo.cipf.es/apps-beta/spv/1.0.1/

http://www.ciberer.es/bier/exome-server/
http://bioinfo.cipf.es/apps-beta/spv/1.0.1/
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CSVS: CIBERER Spanish Variant Server

Tool interface

http://bioinfo.cipf.es/apps-beta/spvs/1.0.0/

http://bioinfo.cipf.es/apps-beta/spvs/1.0.0/


Hands on
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CSVS: CIBERER Spanish Variant Server

1)  How many variants do you find in region: 
1:24400-70000? (33 variants)

2)  What information does CSPS give us for 
this position 1:24536? (Effect, phenotype...)

http://csvs.babelomics.org/

http://csvs.babelomics.org/
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Genome Maps

Genome Maps 
Visualizador genómico que interactúa

 con bases de datos funcionales

http://genomemaps.org/

http://genomemaps.org/
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Tool interface

Genome Maps



Francisco García
fgarcia@cipf.es

Hands on

Genome Maps

http://genomemaps.org/

1)  Visualize this region: 1:100000-200000

2)  Visualize this gene: LIN28A

3)  Add new traks: miRNA, TFBS

http://genomemaps.org/
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Cell Maps

Cell Maps
Herramienta de modelización y 

visualización de redes biológicas

http://cellmaps.babelomics.org/

http://cellmaps.babelomics.org/
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Cell Maps

1)Es una herramienta que permite la integración, 
visualización y el análisis de redes biológicas.

2)El input es un fichero donde indicamos las relaciones 
entre los nodos de nuetra red. Opcionalmente 
podemosincluir un fichero con los atributos de cada nodo.

3)El output gráfico es una red en la que se muestran las 
relaciones de los distintos nodos que la integran.

Tutorial: https://github.com/opencb/cell-maps/wiki

Cell Maps

https://github.com/opencb/cell-maps/wiki
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Tool interface

Cell Maps
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Cell Maps: inputs

Cell Maps
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Cell Maps: outputs

Cell Maps



Omics Data Integration

Outline

1)  Introduction to NGS Data Analysis

2)  RNA-Seq Data Analysis  

3)  Resequencing Data Analysis

4)  Omics Data Integration

1) Ad-hoc approaches

2) Multidimensional Gene Set Analysis

3) Functional Meta-Analysis

4) PATHiVAR

5)  Network Analysis
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Omics Data Integration

Omics Data Integration

Francisco García
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Patient Technologies Data Analysis Integration and  interpretation

Molecular and 
clinical model



Omics Data Integration

Ad-hoc approaches (1)

Francisco García
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Chip-Seq  & RNA-Seq

TF gene1

gene2

gene3

WT WT + TF

Chip-Seq

WT WT + TF

RNA-Seq

Binding sites 

of interest

Transcriptional 

Profiles: 

UP or DONW

∩



Omics Data Integration

Ad-hoc approaches (2)

Francisco García
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Exome  & RNA-Seq

Exome

patient

RNA-Seq

Intronic causative 
mutations

Exonic causative 
mutations

patientpatient
patientpatientpatient



Omics Data Integration

Multidimensional Gene Set Analysis

Francisco García
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Case Control

microRNA- Seq

Case Control

mRNA-Seq

MicroRNA-Seq  & mRNA-Seq

Gene1   0.01
Gene2   0.04
Gene3   0.09
Gene4   0.2
     ...

miRNA1  0.5
miRNA2  1.2
miRNA3  1.3
miRNA4  1.7
     ...

Ranking 
Index Logistic

Regression

Patterns

GOs

InterPRO
KEGGs

Functional
annotation



Omics Data Integration

Multidimensional Gene Set Analysis

Francisco García
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Case Control

mRNA- Seq

Case Control

genotyping

mRNA-Seq  & genotyping association

SNP1  1.05
SNP2  1.23
SNP3  1.59
SNP4  2.35
     ...

Ranking 
Index Logistic

Regression

Patterns

GOs

InterPRO
KEGGs

Functional
annotation

Gene1   0.01
Gene2   0.04
Gene3   0.09
Gene4   0.2
     ...



Omics Data Integration

Functional Meta-Analysis
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Case Control

mRNA-Seq

N  mRNA-Seq  studies

Case Control

mRNA-Seq

Case Control

mRNA-Seq

Case Control

mRNA-Seq

…..

Differential 
Expression

Functional
Profiling

Meta-
Analysis

Differential 
Expression

Functional
Profiling

Differential 
Expression

Functional
Profiling

Differential 
Expression

Functional
Profiling

GOs

InterPRO
KEGGs



 PATHiVAR estimates the functional impact that mutations have over 
the human signalling network.

 PATHiVAR:
 Analyses VCF files
 Extract the deleterious mutations
 Locate them over the signalling pathways in the selected tissue 

(with the appropriate expression pattern)
 Provide a comprehensive, graphic and interactive view of the 

predicted signal transduction probabilities across the different 
signalling pathways. 

PATHiVARFrancisco García
fgarcia@cipf.es

PATHiVAR: mutations and expression

http://pathivar.babelomics.org/

http://pathivar.babelomics.org/


How does PATHiVARK work?

VCF file  PATHiVAR

SIFT

Francisco García
fgarcia@cipf.es

PATHiVAR

PolyPhen

Pathways

Tissues

Inheritance
pattern



PATHiVAR
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  APOPTOSIS

PATHiVAR



Outline 

1)  Introduction to NGS Data Analysis

2)  RNA-Seq Data Analysis  

3)  Resequencing Data Analysis

4)  Omics Data Integration

5)  Network Analysis
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Introduction to NGS data analysis
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Network Analysis in Babelomics 5

Protein-Protein Interactions (PPI)

 PPIs are a central point at almost every level of cell function:
 Structure of subcellular organelles (structural proteins)
 Packing the chromatin (histones)
 Protein modifications (kinases)

 Retrieving information about a single protein....
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Network Analysis in Babelomics 5

Protein-Protein Interactions (PPI)

 How to extract information about sets of genes?

 How to perform functional enrichment analysis 
using protein-protein interactions as annotation source? 

 How to prioritize candidate genes?

 How to get new functional candidate genes?
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Network Analysis in Babelomics 5

Graph Theory

Nodes = proteins
Edges = interaction events

Undirected graph

Set of proteins interacting

structured data
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Network Analysis in Babelomics 5

Graph Theory

Graph theory may help us to study protein networks. 
Some interesting parameters: 

- Degree (connectivity or connections): number of edges 
connected to a node. Nodes with high degree are called hubs.

σst is total number of shortest paths in 
the graph.

σst(V) is the number of shortest paths that pass 
through node V

- Betweenness: A measure of centrality of a node, it is defined 
by:
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Network Analysis in Babelomics 5

Graph Theory

- Clustering coefficient (of a node): A measure of how 
interconnected the neighbours of that node are. Proportion of 
links between the nodes within its neighbourhood divided by 
the number of links that could possibly exist between them.

ei is the number of edges among the nodes 
connected to node 1
ni is the number of neighbours of node i

To differentiate between star-shaped nets and more 
interconnected nets.
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Network Analysis in Babelomics 5

Graph Theory

Some Graph Theory concepts: 

Shortest path. The path with less edges that connects two nodes.

Component. A group of nodes connected among them.

Bicomponent. A group of nodes connected to other group of 

nodes by only an edge. The edge that joins two bicomponents is 

called articulation point.
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Network Analysis in Babelomics 5

Interactome & Transcriptome

- Transcriptome determines the real interactome.

Set of 
active 

ppis

- Interactome. Complete collection of protein-protein 
interactions in the cell.
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Network Analysis in Babelomics 5

Interactome & Transcriptome

How we evaluate the cooperative behaviour of a list of 
proteins/genes in terms of its ppi network parameters?

Two different approximations

● Importance in complete interactome

● Cooperative behaviour - Minimal Connected Network

To develop a methodology that may extract from lists of 
proteins/genes the ppi networks acting and evaluates whether 
they have importance in the cooperative behaviour of the list.

Goal
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Network Analysis in Babelomics 5

Network Analysis: SNOW

     
      Babelomics 5 

         

Functional / Network Enrichment:
SNOW

http://babelomics.bioinfo.cipf.es/

http://babelomics.bioinfo.cipf.es/
http://babelomics.bioinfo.cipf.es/


Hands on

Network Analysis in Babelomics 5

There is a well-known list of 72 genes related to eye diseases (ABCA4, 
ABHD12,ADAMTS18,AIPL1,BBS1,BEST1,C2orf71,C8ORF37,CA4,CABP4,
CEP290,CERKL,CHM,...)
     
1)  Now we have a two new candidates: RHO and TULP1 . We would to 

know what is the relationship between all genes. 
2)  Also it would be interesting to explore new functional candidates. 

Strategies from Babelomics?
Single Enrichment
Network Enrichment

Francisco García
fgarcia@cipf.es



Hands on

Network Analysis in Babelomics 5Francisco García
fgarcia@cipf.es



More info + questions
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Tutorial: web tools

NGS Data Analysis: RNA-Seq and Resequencing
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CIBERER: cursos y colaboraciones

  Curso CIBERER de análisis de datos 
genómico,  28-30 Sep 2015 en Valencia.

  Colaboraciones entre grupos CIBERER: 
ayudas de movilidad.   

  http://bioinfo.cipf.es/

NGS Data Analysis: RNA-Seq and Resequencing

http://bioinfo.cipf.es/

