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Sequencing transcriptome
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• Evaluate expression of genes/transcripts for:

- All species of RNA

- mRNA

- small RNAs


• Evaluate expression levels of exons

- Patterns of alternative splicing


• Evaluate transcriptional alterations


• Annotate regions and functional elements 
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RNA transcription
RNA-Protein interactions
RNA modifications
RNA structure
Low-level RNA detection
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Key steps in sequencing
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Deciphering gene expression
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RNA-seq data analysis workflow:
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an
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Coventional
Treatment

Preciaion
cancer therapy

+

Alignment

Functional 
profiling

Transcripts’ 
quantification

QCs : sequence quality, GC content, 
duplicates

Differential Expression, Alternative splicing analysis, 
Over-representation Analyses/Gene Ontology

Quantification of gene/transcript expression

Fusion identification

QCs Reproducibility : correlation of expression values, 
PCA, batch effect correction
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2 Raw Data (Sequencing Reads)

2.3 Quality control of raw sequencing data

Quality controls should be done at every analysis step. Ideally, quality control should be proactive and
comprehensive — see it as a chance to get to know your data which will enable you to perform downstream
analyses with appropriate assumptions and parameters. Even if flaws and biases are identified, you may be
able to correct those problems in silico.

Figure 6: Typical bioinformatics workflow of di↵erential gene expression analysis with commonly used tools. Quality
controls are marked in orange, the most commonly used file formats to store the results of each bioinformatic step
are indicated in grey.

Since an analysis typically starts with the raw reads (stored in FASTQ files), your first step should be to check
the overall quality of the sequenced reads. A poor RNA-seq run will be characterized by one or more of the
following types of uninformative sequences:

• PCR duplicates*†

• adapter contamination

• rRNA and tRNA reads

• unmappable reads, e.g. from contaminating nucleic acids

All but the last category of possible problems can be detected using a program called FASTQC. FASTQC
is released by the Babraham Institute and can be freely downloaded at http://www.bioinformatics.
babraham.ac.uk/projects/fastqc/. It performs multiple tests to evaluate the quality scores as well as
the sequence composition of the reads stored in a given FASTQ file. Each test is flagged with either “pass”,
“warning”, or “fail”, depending on how far the sample deviates from a hypothetical dataset without significant

†It is impossible to distinguish whether identical reads represent PCR duplicates or independent occurrences of the exact
same transcript fragment.
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Gene expression level distribution
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RNA-seq
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Principal Component Analysis (PCA)

PCA is a statistical technique for 
dimensionality reduction. We use PCA 
when a dataset presents a high number 
of features (genes in this case). It is like 
compressing information about ~20,000 
in two dimensions or some more if we 
need it.

−20

10

−20 20
PC1: 44% variance

P
C

2:
 3

4%
 v

ar
ia

nc
e

Condition
siCTRL
siFOXA1/MYC

Experiment
FOXA1

FOXA1

MYC

MYC

0

100

5 5log2FC

FD
R

FD
R

0

60

4 4logFC

KEGG

GO:BP

KEGG

FOXA1 MYC

FOXA1 MYC

FOXA1 MYC

Basal Transcription Factors
Progest. med.oocyte matur.

P53 sign. pathway
Nuc. Excision Repair

Spliceosome
Cell cycle

RNA Degradation
DNA Replication

RNA Polymerase
Ribosome

Purine cont. comp.metab. proc.
Alcohol Metab. proc.

Mithochondrial transport
Glycos. compound metab. proc.

Protein containing Complex Local.
Microtubule organiz. center local.

Estabilishment of RNA Localization
Nuclear Chromosome Segregation

Chromosome Segregation
RNA Localization

Protein Folding
Chromosome Separation

Ribonuclear Complex Biogenesis
Pigment accumulation

Reg. of Chromosome segreg.
Telomerase RNA Localization

Rich Factor
0.2 0.8

Cytokine/Citokine interac. path.
Antigen process. and present. path.

TOLL-like recep. signal. path.
Cytosolic DNA sensing path.

Complement/Cascade complex
Aldosterone-reg. sodium reabs.

Endocytosis
NOD-like recep. pathway

Focal adesion
Leukocyte transend. migration

ECM recep. interact.
Reg. of Acvtin Cytoskeleton

Axon guidance
Lysosome

Gap junctions

FDR

10-310-2

−20

10

−20 20
PC1: 44% variance

P
C

2:
 3

4%
 v

ar
ia

nc
e

Condition
siCTRL
siFOXA1/MYC

Experiment
FOXA1

FOXA1

MYC

MYC

0

100

5 5log2FC

FD
R

FD
R

0

60

4 4logFC

KEGG

GO:BP

KEGG

FOXA1 MYC

FOXA1 MYC

FOXA1 MYC

Basal Transcription Factors
Progest. med.oocyte matur.

P53 sign. pathway
Nuc. Excision Repair

Spliceosome
Cell cycle

RNA Degradation
DNA Replication

RNA Polymerase
Ribosome

Purine cont. comp.metab. proc.
Alcohol Metab. proc.

Mithochondrial transport
Glycos. compound metab. proc.

Protein containing Complex Local.
Microtubule organiz. center local.

Estabilishment of RNA Localization
Nuclear Chromosome Segregation

Chromosome Segregation
RNA Localization

Protein Folding
Chromosome Separation

Ribonuclear Complex Biogenesis
Pigment accumulation

Reg. of Chromosome segreg.
Telomerase RNA Localization

Rich Factor
0.2 0.8

Cytokine/Citokine interac. path.
Antigen process. and present. path.

TOLL-like recep. signal. path.
Cytosolic DNA sensing path.

Complement/Cascade complex
Aldosterone-reg. sodium reabs.

Endocytosis
NOD-like recep. pathway

Focal adesion
Leukocyte transend. migration

ECM recep. interact.
Reg. of Acvtin Cytoskeleton

Axon guidance
Lysosome

Gap junctions

FDR

10-310-2

P
ro

ba
bi

lit
y

D
en

si
ty

Expression Classes (EC)

P
ro

ba
bi

lit
y

D
en

si
ty

P
ro

ba
bi

lit
y

D
en

si
ty

Expression Values

Samples in A (%)

...

a1 axa2 a3

...

g1

gz

g2
g3

G
en

es
 

...

b1 byb2 b3

...

Samples in B (%)

g1

gn

g2g3

......

...

...

∑(g ∈ c) ;=
i

n
g,c

 А
g and c,

G

* *

A B A B A B A B

*

A B A B A B

AS  = 1-P (Ψ),G

 А

G,
c

t

=NG,c
∑ А

G and c, ng,c

vs. 

N
E LE M
E

H
E1

H
E2

H
E3

H
E4 −log10(AS  )

G3

G2

Gn
... ...

G

Samples in A (%) Samples in B (%)
G

en
es

 

f ( y ) = λ  φ( y ; μ  , σ  ) + λ  φ( y ; μ  , σ  )1 1 1 2 2 2j j

 μ  , σ  , λ  1 1        1

...

a1 axa2 a3

...

g1

gz

g2
g3G

en
es

 
Cohort A Cohort B 

b1 byb2 b3
......

...

vs. 

∀ sample in A, B

Expression Values

∑(g ∉ c)=
i

r
g,c

=;  RG,c
∑ rg,c

 А

G and c, H : =A
( N    ; R     )

G,c G,c0 B
( N    ; R     )

G,c G,c

 μ  , σ  , λ  2 2        2

SR

...

Bootstrapping for 
empirical p-values 
and success rate

g ∈ G g ∈ G

M
ELEN
E

H
E

1
H

E
2

H
E

3

H
E

4

EC Maps

G
en

es
se

t 

delta

A
G

S
s

...
FDR

1. Finite Mixture modelling

2. Data Discretization

3. Statistical framework

Ψ = -2*∑log( pv(c))χ2

Ex
pr

es
sio

n

High

LowProbability
Density

Expressio
n Classes

 (EC)

Probability
Density

Probability
Density

Express
ion Valu

es

Samples
 in A (%)

...

a 1
a x

a 2a 3 ...

g 1 g zg 2 g 3

Genes 

...

b 1
b y

b 2b 3 ... Samples
 in B (%)

g 1 g ng 2 g 3

...
...

... ...

∑(g ∈ c) ; = in g,c А g and c, G

*
*

ABAB
ABAB

* ABAB
AB

AS  = 1-
P (Ψ),

G А G,
c

t

=N G,c∑

 А G and c,
n g,cvs. 

NE
LE

ME
HE1
HE2
HE3
HE4

−log10(AS
  )

G 3 G 2G n ...
... G

Samples
 in A (%)

Samples
 in B (%)

Genes 

f ( y ) = λ
  φ( y ; μ 

 , σ  ) + 
λ  φ( y ; μ

  , σ  )
1

11
2

22
j

j

 μ  , σ  ,
 λ  

11 
       1

...

a 1
a x

a 2a 3 ...

g 1 g zg 2 g 3

Genes 

Cohort A
 

Cohort B
 

b 1
b y

b 2b 3...
...

...

vs. 

∀ sample
 in A, B

Express
ion Valu

es

∑(g ∉ c) = ir g,c =;  R G,c∑r g,c

 А G and c,
 H :

= A
( N    ; R

     )
G,c

G,c
0

B
( N    ; R

     )
G,c

G,c

 μ  , σ  ,
 λ  

22 
       2

SR...

Bootstra
pping fo

r 
empirica

l p-value
s 

and succ
ess rate

g ∈ G
g ∈ G

ME

LE

NE

HE1
HE2
HE3

HE4

EC Maps

Genes
set 

delta

AGSs

...
FDR

1. Finite M
ixture m

odelling

2. Data Di
scretizat

ion

3. Statisti
cal fram

ework

Ψ = -2*∑lo
g( pv(c))

χ2

Gene expression level distribution

9



Differential expression

Two are the main goals of a differential expression (DE) analysis:


1. Estimate the entity of variation between the two conditions, i.e. 
calculate Fold Change (FC)


2. Estimate the significance of the difference, i.e. p-value, and correct it 
for multiple testing (p-adjusted).
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DESeq2

Raw Count 
Normalisation

QC 
reproducibility

Differential 
expression analysis
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Normalization
Normalising data is fundamental. If we skip this step we introduce biases in 
our analysis.

https://docs.gdc.cancer.gov/Data/Bioinformatics_Pipelines/Expression_mRNA_Pipeline/#mrna-expression-transformation 

https://hbctraining.github.io/DGE_workshop/lessons/02_DGE_count_normalization.html 
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Functional annotation
Once identified differentially expressed genes, we can ask if they belong to 
some particular groups of genes, i.e. if they have common functionalities.

We can perform a gene ontology/over-representation analysis/gene set 
enrichment analysis

http://geneontology.org/docs/ontology-documentation/
13
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Functional annotation
Once identified differentially expressed genes, we can ask if they belong to 
some particular groups of genes, i.e. if they have common functionalities.

We can perform a gene ontology/over-representation analysis/gene set 
enrichment analysis

 https://www.gsea-msigdb.org/gsea/msigdb/
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