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Learning Objectives

• Know the essential concepts about High-Throughput Sequencing 
(HTS) technologies and analysis:
• HTS technologies and applications;

• HTS data repositories and analysis

• Perform HTS data analysis (hands-on):
• Get HTS data from public repositories

• Assess quality of HTS data

• Alignment to the transcriptome

• Alignment to the genome



How to measure gene expression (mRNA levels)?

Image from https://www.gene-quantification.de

QUANTITATIVE PCR (REAL-TIME)

A lot of work to 
measure  few genes. 
Very accurate.



Image from https://www.gene-quantification.de

MICROARRAYS

Easier way to measure 
pre-defined genes in 
different samples. 
Robust.

How to measure gene expression (mRNA levels)?



Easier way to measure ALL 
genes in different samples. 
Detection of new genes.

Loman et al (2012) Nat Rev Microb

HIGH-THROUGHPUT SEQUENCING

How to measure gene expression (mRNA levels)?



Illumina Sequencing

Video: https://www.youtube.com/watch?v=womKfikWlxM

Library 
Preparation

Cluster 
Generation

Sequencing by 
Synthesis

https://www.youtube.com/watch?v=womKfikWlxM


Big Data: Genomics

DNA

Fragmentation

Sequencing

Output Data

AGACATG

Output Data

File with:
– ~200 Million Sequences
– ~50 GB 

Projects with:
– ~ 200 samples
– ~ 12TB



Integration of Multi-Omics Data

Phenotype Variability
(e.g. diseases, other features)

DNA



Integration of Multi-Omics Data

DNA methylation
Histone Modifications

GENOMICS
DNA

Phenotype Variability
(e.g. diseases, other features)

AAAAAA RNA

AP D Proteins

Metabolites

EPIGENOMICS

TRANSCRIPTOMICS

PROTEOMICS

METABOLOMICS

B
io

in
fo

rm
at

ic
s



Generate 
scientific 
Knowledge by 
Mining Biological 
Data and 
extracting 
Information







Science needs Experimental and Computational Biologists!! 

Having both skills increases career opportunities!!



MSc in 
Molecular Genetics 
and Biomedicine

More information in https://www.fct.unl.pt/en/education/course/master-molecular-genetics-and-biomedicine

https://www.fct.unl.pt/en/education/course/master-molecular-genetics-and-biomedicine


Biomedical Big-Data

Sonawane et al (2019) Front Genetics



Precision Medicine

Conventional Therapy

Treatment Clinical Response

Precision Therapy

?



Precision Medicine

Biomarkers

Targets



High-throughput Sequencing Data Analysis



High-throughput RNA sequencing (RNA-seq)

Sudhagar et al (2018) Int J Mol Sci



Raw Data

Quality Control

HTS Data Analysis

1) Get raw data from SRA using 
SRA tools

Alignment



HTS Data Repositories
Sequencing Data 
(raw or analysed data)

Genome Sequences and 
Annotations



HTS Data Repositories: SRA



HTS Data Repositories: SRA



Hosseini et al (2016) Information

Raw Data File 
(file with extension “.fastq”, 

containing ~200M reads/sequences)

Raw Data

cDNA fragment 

(200-500nt)

Read

(50-100nt)

Single-End Read

Paired-End Read
cDNA fragment 

(200-500nt)

Read

(50-100nt)



Raw Data

Quality Control

HTS Data Analysis

Alignment

2) Assess data quality using
FastQC



• HTS artefacts/problems:
• Sequence quality

• Nucleotide composition

• Technical issues

• Overrepresented sequences

• Adaptor sequence presence

• …

More information in:

http://www.bioinformatics.babraham.ac.uk/projects/fastqc/

HTS Data Analysis – Quality Control

http://www.bioinformatics.babraham.ac.uk/projects/fastqc/


Data Quality Assessment
FastQC Report

http://www.bioinformatics.babraham.ac.uk



Data Quality Assessment
Per Base Sequence Quality

Good DataBad Data

http://www.bioinformatics.babraham.ac.uk



Raw Data

Quality Control

HTS Data Analysis

Alignment
3) Align data to transcriptome and genome 

(Kallisto and STAR)



RNAseq Data Analysis
Data Alignment: genome versus transcriptome

Trapnell et al (2009) Bioinformatics; Trapnell and Salzberg (2009) Nat Biotechnol
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does not rely on annotations. Instead, it 

uses Bowtie (in an initial alignment pass) to 

identify exons that fully contain some of the 

reads, and then aligns the remaining reads 

to junctions between those exons9. Another 

program, G-Mo.R-Se (http://www.genoscope.

cns.fr/externe/gmorse), performs a similar 

spliced alignment while constructing gene 

models from RNA-Seq data10.

Limitations and open problems

The current solutions for short-read mapping all 

have limitations. Mapping programs such as Maq 

and Bowtie offer very limited support for align-

ing reads with insertions or deletions (indels). 

Some read mappers, such as SHRiMP (http://

compbio.cs.toronto.edu/shrimp), support ABI’s 

‘color space’ sequence representation, but most 

do not. The spliced alignment programs suffer 

from these same problems and add a few of their 

own. Annotation-based methods are of course 

only as good as the annotations, and many 

organisms have annotations supported only 

by homology or computational predictions. 

Machine learning methods will perform poorly 

if they are trained on incorrect annotations, and 

they are prone to overtraining.

Many challenges and questions remain for 

developers of read mapping software. As all the 

sequencing machine vendors are trying to pro-

duce longer reads, will the short-read mapping 

programs scale well as the reads get longer? Maq, 

Bowtie and several other short-read packages 

support reads longer than 100 bp, but at some 

point, software designed for longer reads, such as 

BLAT, may be a better fit for downstream analy-

sis. Furthermore, when mapping reads from an 

organism that has diverged significantly from 

its reference genome, how should a program’s 

parameters be adjusted, and can that adjustment 

happen automatically? How useful is mapping 

quality in downstream analysis, and should it 

be computed while aligning reads, as Maq does, 

or later? The answers to each of these questions 

will depend on the type of assay and the scale 

of the analysis, and as long as the technology 

continues to change, the programs will have to 

change rapidly to keep up.
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the SAM tools (http://samtools.sourceforge.net). 

SAM includes a consensus base caller and viewer 

that can be used either with Maq or with Bowtie.

Most read mapping software is designed with 

whole-genome resequencing in mind, but the 

programs can be configured for other assays. The 

manuals for Bowtie and Maq are quite detailed, 

and the array of choices a user can make can be 

daunting. Moreover, the list of programs capa-

ble of short-read mapping is rapidly growing  

(Table 1), and not every program is ideal or 

appropriate for every experiment. Fortunately, 

there are ways to get help. The SeqAnswers 

message board (http://www.seqanswers.com) 

is an excellent resource for novice and expert 

users, frequented by the developers of many 

short-read mapping programs. One of the most 

popular SeqAnswers threads contains a catalog 

of current software for primary analysis and 

visualization of short-read data.

Spliced-read mappers

The spliced alignment problem, in which 

cDNA (from processed mRNA) sequences are 

aligned back to genomic DNA, requires more 

specialized algorithms. Reads sampled from 

exon-exon junctions need to be mapped dif-

ferently from reads that are contained entirely 

within exons (Fig. 2).

To align cDNA reads from RNA-Seq1–3 

experiments, packages such as ERANGE 

(http://woldlab.caltech.edu/rnaseq) use 

the positions of exons and introns within 

known genes as a guide. This allows ERANGE 

to construct the sequences spanning exon-

exon junctions and use them as reference 

sequences, and then to invoke a standard read 

mapper such as Maq or Bowtie to align the 

spliced reads2. Because this approach will not 

discover entirely new splice junctions, some 

studies have used machine learning meth-

ods to predict possible junctions by training 

statistical models using available reference 

annotations8. In contrast, the TopHat spliced-

read mapper (http://tophat.cbcb.umd.edu) 

Maq and Bowtie both report alignments with 

up to two mismatches when run in their default 

modes. In some alignment scenarios, a user may 

need to allow more mismatches. These two pro-

grams were originally designed for reads between 

20 and 40 bp long, and both were optimized for 

human resequencing projects. Even so, Illumina 

sequencers can now produce reads longer than 

100 bp. Additionally, some sequencing projects 

(such as bacterial or fungal genome sequencing) 

produce sequences that have many nucleotide-

level differences with respect to the closest fully 

sequenced genome. Finally, the overall quality 

of reads produced by the new technologies is 

sensitive to factors such as library preparation, 

sequencing protocol and even the temperature 

of the room housing the sequencing machine. 

Thus, it is essential to know how to change the 

various default options for any short-read map-

per and to be able to identify when those defaults 

are no longer appropriate.

Several of the new short-read mappers 

(Table 1) are open source, are simple to install 

and have good documentation and active user 

communities. The installation package for 

Bowtie includes a prebuilt index for Escherichia 

coli and a set of sample E. coli reads. To run the 

program on the sample data, just enter the fol-

lowing on the command line:

bowtie e_coli reads/e_coli_1000.fq

This command will produce a tabular report 

showing each matching read’s identifier, the 

position(s) where it aligns to the reference 

sequence, and the number and location of mis-

matches. Maq reports this same information 

when you run it with the command:

maq.pl easyrun -d outdir  

reference.fasta reads.fastq

For a given experiment, the fraction of reads 

that align to the genome depends on many fac-

tors. Assuming the sequenced DNA does not 

contain many mismatched nucleotides com-

pared to the reference, and assuming the reads 

have passed rudimentary quality filters, most 

mapping software will find an alignment for 

70–75% of the reads. This might seem surpris-

ingly low, but the sequencing technology is still 

immature—and it’s worth noting that Sanger 

sequencing had success rates of less than 80% 

until the late 1990s. Note that many reads will 

align to multiple positions in the genome. Most 

read mappers can be directed to report align-

ments only for reads that map to a unique loca-

tion in the genome.

After aligning the reads, next one might want 

to call SNPs or view the alignments against the 

reference sequence. One package for this task is 

Figure 2  RNA-Seq assays produce short reads 

sequenced from processed mRNAs. Aligning 

these reads to the genome with Bowtie or Maq will 

produce the alignments shown in black but will 

fail to align the blue reads. A spliced-read mapper 

such as TopHat or ERANGE will also report the 

(blue) alignments spanning intron boundaries.
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Processed mRNA

Mapping to genome

PRI M ER

©
2
0

0
9
 N

a
tu

re
 A

m
e

ri
c

a
, 
In

c
. 
 A

ll
 r

ig
h

ts
 r

e
s
e

rv
e
d

.

Align reads to 
Reference: 

Transcriptome

Genome
Advantages: Can align novel isoforms
Disadvantages: less time-efficient, spliced alignments

Advantages: Easy, focused on the known 
transcribed regions
Disadvantages: Reads from novel isoforms may 
not align or be aligned to wrong isoform



RNAseq Data Analysis
Bioinformatics Tools

Corchete et al (2020) Scientific Reports



RNAseq Data Analysis
Data Alignment: genome/transcriptome versions

Genome/Transcriptome Versions 
for most Vertebrates

Transcriptome and Gene annotations 
for Human and Mouse

https://www.gencodegenes.org/human/releases.html



HTS Data Analysis – Transcriptome Alignment

Kallisto output (one file for each sample)

Estimated read counts
• Read counts for each transcript/sample
• Used in Differential expression analysis

Transcripts per Millions (TPMs)
• Normalized read counts
• Used in Exploratory analysis



HTS Data Analysis – Genome Alignment

Shokrof and Abouelhoda (2020) BMC Bioinformatics



Feng et al (2012) Cancer Lett

Raw Data

Next!!

HTS Data Analysis
What’s next?



Majewski and Pastinen (2011) Trend in Genetics

Gene Level

Alternative
Splicing

Allelic Imbalance

HTS Data Analysis
What’s next?



Ozsolak and Milos (2011) Nature Review Genetics

Gene fusion

HTS Data Analysis
What’s next?



HTS Data Analysis
What’s next?

Transcriptome Profiles
Discovering 
New Groups

Depicting 
Significant 

Transcriptome 
Alterations 



Hands-On…



Raw Data

HTS Data Analysis
Hands-on…

1) Get raw data from SRA using 
SRA tools

Quality Control2) Assess data quality using
FastQC

Alignment
3) Align data to transcriptome and genome 

(Kallisto and STAR)


