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RNA-Seq Overview

Goldsby 2015 NESCent Academy
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RNA sequencing Rationale

Griffith & Griffith 2013
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RNA-Seq Analysis Goals
• Gene expression and 

differential expression
• Alternative expression 

analysis
• Transcript discovery and 

annotation
• lncRNA

• Allele specific expression
• Mutation discovery
• Fusion detection
• RNA editing
• miRNAseq
• Single cell

Omictools.comCompbio.ucsd.edu



RNA-Seq Experimental Design

1. RNA extraction protocol
• Poly(A) selection vs 

deplete rRNA

2. Stranded protocols
3. Single-end (SE) vs 

paired-end (PE) reads
4. Sequencing Depth aka 

library size
5. Number of replicates Martin et al. 2014. Scientific Reports
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RNA-Seq Experimental Design: 
Types of Replicates

• Technical Replicate
• Multiple instances of sequence 

generation
• Flow Cells, Lanes, Indexes

• Biological Replicate
• Multiple isolations of cells 

showing the same phenotype, 
stage or other experimental 
condition

• Some example 
concerns/challenges:
• Environmental Factors, Growth 

Conditions, Time
Griffith & Griffith 2013
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RNA-Seq Experimental Design: 
Number of Replicates
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RNA-Seq Analysis Overview
Conesa et al. 2016 Genome Biology



RNA-Seq Analysis Overview

Lin 2015 NGS Workshop
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RNA-Seq Analysis QC

• Quality-control checkpoints
• Raw reads
• Read alignment
• Quantification
• Reproducibility
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RNA-Seq Analysis QC
• Quality-control checkpoints
• Raw reads

• Sequence quality, GC content, presence of adaptors, overrepresented k-mers, 
and duplicated reads

• Tools: FASTQC
• Goals

• Detect sequencing errors
• PCR artifacts or contaminations

FASTQC Report



RNA-Seq Analysis QC

• Quality-control checkpoints
• Read alignment

• % Mapped reads 
• Uniformity of read coverage 

on exons and mapped strand
• Ideal: 70-90% mapped to 

human genome
• Tools: Picard, RSeQC, 

Qualimap
• Goals: 

• Global indicator of overall 
sequencing accuracy and 
presence of contaminating 
DNA

• Non-uniformity may indicate 
low RNA quality in starting 
material

RSeQC

Uniform

Low RNA Quality 3’ Bias



RNA-Seq Analysis QC

• Quality-control checkpoints
• Quantification

• Check GC content and gene length bias
• Tools: Bioconductor packages – NOISeq

or EDA-Seq
• Goal:

• Apply correcting normalization 
methods, if necessary

Li et al. 2014. Nature Biotechnology



RNA-Seq Analysis QC

• Quality-control checkpoints
• Reproducibility

• Checking on reproducibility 
among replicates and for 
possible batch effects

• Tool: Principal component 
analysis 
(PCA)/Multidimensional 
Scaling

• Goal: Assess global quality of 
RNA-seq dataset
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RNA-Seq Analysis -- Alignment
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RNA-Seq Analysis
Alignment – Transcriptome Mapping

Conesa et al. 2016 Genome Biology
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RNA-Seq Analysis
Alignment – Genome Mapping

Conesa et al. 2016 Genome Biology
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RNA-Seq Analysis
Alignment -- Important Parameters
• Strandedness of the 

RNA-seq library
• # of mismatches to 

accept
• Read length
• Type of reads (SE or PE)
• Fragment length
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RNA-Seq Analysis – Transcript 
Discovery

Martin J.A. and Wang Z., Nat. 
Rev. Genet. (2011) 12:671–682

De novo assemblyReference-based assembly
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RNA-Seq Analysis
Gene-level Quantification

• Aggregation of raw 
counts of mapped 
reads
• HTSeq-count or 

featureCounts
• Gene-level approach 

based on GTF gene 
coordinates
• Discard 

multimappers

HTSeq-count

Compbio.ucsd.edu



RNA-Seq Analysis
Transcript-level Quantification
• Transcript-level expression algorithms

• Allocate multi-mapping reads among transcript and output within-sample 
normalized values corrected for sequencing biases. 

• RSEM (RNA-Seq by Expectation Maximization)
• Cufflinks, eXpress, Kallisto

Compbio.ucsd.edu



RNA-Seq Analysis Normalization

Dillies et al. 2013 
Briefings in 
Bioinformatics



RNA-Seq Analysis Normalization

Dillies et al. 2013 Briefings in Bioinformatics





RNA-Seq – Differential Expression 
Analysis Overview

http://sourceforge.net/projects/trinityrnaseq/files/misc/RNASEQ_WORKSHOP/r

http://sourceforge.net/projects/trinityrnaseq/files/misc/RNASEQ_WORKSHOP/rnaseq_workshop_slides.pdf/download


RNA-Seq – Differential Expression 
Analysis Methods

Law et al. 2014 Genome Biology



RNA-Seq – Differential Expression 
Analysis – Bioconductor RNAseq123

https://www.bioconductor.org/help/workflows/RNAseq123/#normalising-gene-expression-distributions



RNA-Seq – Differential Expression 
Analysis: Data Pre-processing
1. Transform raw counts into counts per million 

(CPM) or log2-counts per million (log-CPM)
2. Remove genes that are lowly expressed (CPM > 1)



RNA-Seq – Differential Expression 
Analysis: Data Pre-processing

3. Normalize gene 
expression distributions 
(TMM)

4. Unsupervised clustering 
of samples



RNA-Seq – Differential Expression 
Analysis
1. Create design matrix and contrasts



RNA-Seq – Differential Expression 
Analysis
2. Remove heteroscedasticity from count data



RNA-Seq – Differential Expression 
Analysis
3. Fitting linear models for comparisons of interest –

limma
4. Examining the number of DE genes



RNA-Seq – Differential Expression 
Analysis
5. Examining individual DE genes from top to bottom



RNA-Seq – Differential Expression 
Analysis
6. Useful graphical representations of differential 

expression



RNA-Seq – Differential Expression 
Analysis
6. Useful graphical 

representations of 
differential expression



Downstream Analysis & 
Interpretation
• Hypergeometric test and 

overrepresentation analysis
• Functional Gene Set 

Enrichment Analysis 
• Pathway Analysis
• Visualize Alignments with IGV
• Network Analysis





Hypergeometric Test for 
Overrepresentation Analysis



Downstream Analysis & Interpretation: 
Functional Enrichment
• Gene list enrichment analysis 

(Hypergeometric test) based on 
functional annotations
• Tools
• ToppGene, GSEA, Webgestalt, 

DAVID



Downstream Analysis & Interpretation: 
Pathway Analysis

• Databases
• Ex. KEGG, WikiPathways, Reactome, PathwayCommons, BioCarta

• Tools
• Ex. Webgestalt, Signaling Pathway Impact Analysis, ToppGene, 

WikiPathways
Werner 2008 Current Opinion Biotechnology

RNA-seq
DNA-seq



Downstream Analysis & 
Interpretation: Pathway Analysis

Tool:
Bioconductor 
Pathview



Downstream Analysis & 
Interpretation: Visualization with IGV 
and/or GenePattern

Wilkening et al. 2013 Nucleic Acids Research



Network Analysis 
• Databases
• PPI
• Physical interactions
• Indirect associations
• Coexpression
• Literature
• Experimental

• Tools
• Cytoscape, StringDB, 

GeneMania, NetworkX

Farina et al. 2012 Skeletal Muscle



Recommended Reading

https://bioconductor.org/packages/release/workflo
ws/vignettes/RNAseq123/inst/doc/limmaWorkflow.h
tml

https://bioconductor.org/packages/release/workflows/vignettes/RNAseq123/inst/doc/limmaWorkflow.html

