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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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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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Deciphering gene expression



Gene expression level distribution
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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.
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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

11



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