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RNA-Seq Overview

Isolate RNAs Generate cDNA, fragment,
Samplesiotinterast T . size select, add linkers
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100s of millions of paired reads

. 10s of billions bases of sequence
Downstream analysis
Goldsby 2015 NESCent Academy
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RNA sequencing Rationale

Intron

pre-mRNA
Exon

MRNA

Short read is split by
intron when aligning
to reference Genome "R

Griffith & Griffith 2013
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RNA-Seq Analysis Goals

* Gene expression and * Allele specific expression
differential expression « Mutation discovery

) Q\rl]taelt;lr;?stlve expression * Fusion c.JIe.tection

* Transcript discovery and * RNA editing
annotation * miRNAseq

* IncRNA * Single cell
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RNA-Seq Experimental Design

1. RNA extraction protocol | |
* Poly(A) selection vs M

deplete rRNA
Stranded protocols

—e—All
—— <0.2 FPKM
—&—0.2-0.8 FPKM
——>0.8 FPKM

Single-end (SE) vs
paired-end (PE) reads

# Known transcripts (5b) detected

4. Sequencing Depth aka
library size N T

Sequencing Depth (million reads)

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

Types of Replicates

Correlation between expression values from libraries A and B

Technical Replicate

=== Correlation = 0.9802 (Spearman)
=== Loess fit

 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

Library B (BS_U_1a) expression (log2[expressions1])

Library A (BS_U_1b) expression (log2{expressions 1])

Griffith & Griffith 2013
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RNA-Seq Experimental Design:
Number of Replicates

Table 1 Statistical power to detect differential expression varies
with effect size, sequencing depth and number of replicates

Replicates per group

3 5 10
Effect size (fold change)
1.25 17 % 25 % 44 %
1.5 43 % 64 % 91 %
2 87 % 98 % 100 %

Sequencing depth (millions of reads)

3 19 % 29 % 52 %
10 33 % 51 % 80 %
15 38 % 57 % 85 %

Example of calculations for the probability of detecting differential expression
in a single test at a significance level of 5 %, for a two-group comparison using
a Negative Binomial model, as computed by the RNASeqPower package of
Hart et al. [190]. For a fixed within-group variance (package default value), the
statistical power increases with the difference between the two groups (effect
size), the sequencing depth, and the number of replicates per group. This
table shows the statistical power for a gene with 70 aligned reads, which was
the median coverage for a protein-coding gene for one whole-blood RNA-seq
sample with 30 million aligned reads from the GTEx Project [214]
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Conesa et al. 2016 Genome Biology

RNA-Seq Analysis Overview

(a)
Experimental design Sequencing design Quaiity control
A A A
L N )y A
Lunry Sequencing  Replicate number Randomization @ Randomization @ Read
length and sequencing depth  SPIK&INS? Gy prep soquencing run 11w reads Wil Quantfication  Reproduciblity
¢ tt
&nte Longer reads Srcp?mo Forquul?yeonuul Avolds eonfound\j Sequence quality Re*u! 3’2-:. Correlation,
Vs better for isoform  or power analysis  and library-size axperimental lactors GC content, uniformity, biotypes, PCA,
palred-end analysls software normalization with technical factors K-mers, duplicates GC content low-counts batch effects
(b) Core-analysis
Transcriptome profiling Differential expression Iinterpretation
A A A
{ A { d )
Read Transcript Quantification  Quantification Altemative
alignment discovery h;u rn.;un P "P'w* ng m*w splicing analysis Functional profiling
>
Nh?pho Com?m 1o Transcript-level, Counts, Low-count filter, Parametric Splch? events, ’
or existing gene-level, RPKM/FPKM bias removal, Vs, isoform expression functions, GSEA,
assembly annotations exon-level TPM normalization non-parametric pathway analysis
(c) Advanced-analysis
Visualization Other RNA-seq integration
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Chromatin TF binding Proteomics/

(e.g. ATAC-seq) (e.g.ChiP-seq) metabolomics
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RNA-Seq Analysis Overview

Raw Read 1 Raw Read 2

QC of Raw Reads EZ&(ls

Annotation-based
Read Alignment Genome-guide assembly
- . D bl
RNA Purification € novo assembly
fE 3 Gene-level
Single-end/Paired-end Quantlflcatlon _~y
Un-stranded/Stranded Transcript-level
Library Preparation

Lin 2015 NGS Workshop

Q
30|04

Experimental Design

Differential Expression Testing

Biological Insight | Visualization

7 CENTER FOR

Compbio.ucsd.edu 2 CCBB | saouon

BIOINFORMATICS

1% UNIVERSITY of CALIFORNIA, SAN DIEGO
SCHOOL OF MEDICINE




RNA-Seq Analysis QC

e Quality-control checkpoints

* Raw reads

* Read alignment
e Quantification
* Reproducibility

20| 0&
0 % 4

\
RNA Purification

Single-end/Paired-end

Un-stranded/Stranded
Library Preparation

Raw Read 1

Raw Read 2

Annotation-based
Genome-guide assembly
De novo assembly

Gene-level
Transcript-level
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RNA-Seq Analysis QC

e Quality-control checkpoints

* Raw reads

* Sequence quality, GC content, presence of adaptors, overrepresented k-mer
and duplicated reads

e Tools: FASTQC
* Goals
* Detect sequencing errors
e PCR artifacts or contaminations

Good Sequence Quality PoorSequence Qualityats"Ends
T cque OPerbasesequenceitialziu? R
‘ AT
e FEEEE T J& Ilﬁ W ﬂ%%ﬁ ‘
H 1 \j T‘ A ki

FASTQC Report



RNA-Seq Analysis QC

* Quality-control checkpoints

* Read alighment
* % Mapped reads

e 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
seguencing accuracy and

presence of contaminating
DNA

* Non-uniformity may indicate

low RNA quality in starting
material

Coverage

S
<]

Low RNA Quality 3’ Bias

o -

T T T T T
20 40 60 80 100

Gene body percentile (5'->3)

O sample_01
O sample_02
sample_03
sample_04
sample_05
sample_06
sample_07
sample_08
sample_09
sample_10
sample_11
O sample_12
B sample_13
B sample_14
H sample_15
B sample_16
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RNA-Seq Analysis QC

a ILM1 ILM2 e ILM3 ¢ ILM4 e ILM5 o ILM6
0145
" (¥
0 . 9 3 "’M‘
* Quality-control checkpoints
. pe . s 2] § %
* Quantification g 8

§

* Check GC content and gene length bias & 11 ,;“ %

: £ %
* Tools: Bioconductor packages —NOISeq | ¢ A
or EDA-Seq © GCoontent (0% 0 100%)
* Goal:
e Apply correcting normalization b ILM1 ® ILM2 @ ILM3 o ILM4 ® ILM5 o ILM6
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Li et al. 2014. Nature Biotechnology



RNA-Seq Analysis QC

* Quality-control checkpoints

° Reproducibility A. Sample groups B. Sequencing lanes
. (. ere ~ {LP 2
* Checking on reproducibility
among replicates and for I e
possible batch effects S S
D o — Bas 2 o
 Tool: Principal component ® =
analysis § - L
(PCA)/Multidimensional 7
Sca“ng B A — — T T T T
. 2 -1 0 1 2 3 4 -1.0 -05 0.0 05 1.0
¢ Goal Assess gIObaI quallty Of Leading logFC dim 1 Leading logFC dim 3
RNA-seq dataset
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RNA-Seq Analysis -- Alignment

Genome

Reads

Alignment

Gene mEE———--- ——
Versus

Genome |

Splice-Aware °
Alignment P I S f—
o
Gene m—————-------- - T
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RNA-Seq Analysis
Alignment — Transcriptome Mapping

(b) Transcriptome
mapping

Reads

Ungapped mapper | Bowtie

Mapping to
transcriptome

RSEM,
Kallisto

v
Transcript
identification &
counting

Conesa et al. 2016 Genome Biology
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Conesa et al. 2016 Genome Biology

RNA-Seq Analysis
Alignment — Genome Mapping

(a)

Genome
mapping

Reads

Gapped mapper | TopHat,

STAR

Mapping to
genome

with GFF

Cufflinks

without GFF

Transcript Transcript
identification & discovery &
counting counting

Homology based | Blast2GO

Functional annotation
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RNA-Seq Analysis
Alignment -- Important Parameters

RNA-Seq reads

* Strandedness of the = = o_ o

D[:] [:[:J = R = === :]:1
. = =
RNA-seq library Og o e esTh
— s I s W | v
— 3 i I —— R |
* # of mismatches to TopHat, Algn reads to
MapSplice, genaine
accept STAR
=2 = {]% = =l =
O——-—-— &= 0—8 =3
* Read length I e L
(e | = OO DEeE— B
=l = AR & 00— &
* Type of reads (SE or PE) [Genome
Assemble transcripts
[ ] F ra g m e nt I e n gt h from spliced alignmentsl
I (] ] More abundant
CI= — ]
(-] Less abundant
.\.'\!I'.I.
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RNA-Seq Analysis — Transcript
Discovery

e De novo assembl
Reference-based assembly e Y
Align-then-assemble OR Assemble-then-align
Alignreadsto M == De novo ':’
the genome assembly
ee—— e
/ \ Scaffold contigs Unassembled reads

Reference-based assembly of aligned reads Unaligned reads

-——— e .EQ\E.

De novo assembly
—

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

Comprehensive assembly
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RNA-Seq Analysis
Gene-level Quantification

HTSeq-count
* Aggregation of raw mon  amet " omepty
counts of mapped = go A g A genA
reads

gene_A gene A no_feature gene_A
* HTSeq-count or
read
f e at ure C oun t S gone A — gene A no_feature gene_A
° -
Gene-level approach - e A gee A gene A
based on GTF gene
coordinates — e R R
gene B
 Discard
. read
m u It | m a p p e rs gene_A - ambiguous gene_A gene A
read
gene_A ambiguous ambiguous ambiguous
gene_B
NHA .
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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

W\
Un-gapped
alignment to
transcriptome Transcriptome Transcript IsoI;oErm
reconstruction quantification
Gapped
alignment to E DE
genome xon
DSGseq
DiffSplice
DEXSeq
U e CENTER FOR
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RNA-Seq Analysis Normalization

_—
LY
S

False-positive rate

010 0.20

0.00

G
65

Power

0.45

0.

0.55

0.35

Equivalent library sizes / Presence of high count genes

111 TN

d

T™MM Q RPKM RawCount
vt bean T I 1
Seq ™M Q RFPKM RawCount

Dillies et al. 2013
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A ‘-’ indicates that the method provided unsatisfactory results for the given criterion, while a ‘+’ and ‘++’

Summary of comparison results for the seven normalization methods under consideration
indicate satisfactory and very satisfactory results for the given criterion.
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TMM - Trimmed Mean of M values

Attempts to correct for differences in RNA composition between samples

E g if certain genes are very highly expressed in one tissue but not another, there will be less
“sequencing real estate” left for the less expressed genes in that tissue and RPKM normalization
(or similar) will give biased expression values for them compared to the other sample

RNA population 1 RNA population 2

Equal sequencing depth -> orange and red will get lower RPKM in RNA population 1 although the
expression levels are actually the same in populations 1 and 2

Robinson and Oshlack Genome Biology 2010, 11:R25, httpZ//genomebiology.com/2010/11/3/R25



RNA-Seq — Differential Expression
Analysis Overview
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http://sourceforge.net/projects/trinityrnasea/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

(a) Equal library sizes (b) Unequal library sizes
~ 400
o O false positives O false positives
\V O true positives O true positives
5
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=
=
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=
)
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)
0
=
=
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Figure 4 Power to detect true difterential expression. Bars show the total number of genes that are detected as statistically significant (FDR <
0.1) (a) with equal library sizes and (b) with unequal library sizes. The blue segments show the number of true positives while the red segments
show false positives. 200 genes are genuinely differentially expressed. Results are averaged over 100 simulations. Height of the blue bars shows
empirical power. The ratio of the red to blue segments shows empirical FDR. FDR, false discovery rate.

Law et al. 2014 Genome Biology



RNA-Seq — Differential Expression
Analysis — Bioconductor RNAseq123

Data pre-processing

= Transformations from the raw-scale

= Removing genes that are lowly expressed
= Normalising gene expression distributions
= Unsupervised clustering of samples

Differential expression analysis

= Creating a design matrix and contrasts

= Removing heteroscedascity from count data

= Fitting linear models for comparisons of interest

= Examining the number of DE genes

= Examining individual DE genes from top to bottom

= Useful graphical representations of differential expression results

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)
A. Raw data

B. Filtered data
0.20 — : 0.20 —
A 965 11 : 9_6_5_11
0.15 — urepS 0.15 - . R puer
P JMS8-2 2> / IMS8
7] : 2] :
5 010 - - a Mssd g Al = y | IMs8-4
o005+ [\ L 0.05
7/ V4
0.00 — : 0.00 — i —
| | | | | | | | | | |
o (Te] o wn o (Te] L{l) o wn o wn
Log-cpm



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

3. Normalize gene 4. Unsupervised clustering
expression distributions of samples
(TMM)

. . A. Sample groups B. Sequencing lanes
A. Example: Unnormalised data B. Example: Normalised data
o P e
| 15 -
vl 4 iai iiiasliiﬁ
0 o a i i 10 LP
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Example data: Boxplots of log-CPM values showing expression distributions for unnormalised data (A)
and normalised data (B) for each sample in the modified dataset where the counts in samples 1 and 2 Leading logFC dim 1 Leading logFC dim 3
have been scaled to 5% and 500% of their original values respectively.



design <- model.matrix(~0+group+1lane)
colnames(design) <- gsub("group",

RNA-Seq — Differential Expression

Analysis

1. Create desigh matrix and contrasts

design

##
##
##
##
##
##
##
##
##
##

OWoONOUVIDA WN R

Basal LP ML laneL006 T1aneL008

OCOROORREOO

RPOOROOOOR

OPRPROORrRrROORrO

OCORRRFLRREFEROOO

RPRPOOOOOOOo

, colnames(design))

contr.matrix <- makecContrasts(
BasalvsLP Basal-LP,
BasalvsML = Basal - ML,
LPVSML = LP - ML,
levels = colnames(design))
contr.matrix

## contrasts

## Levels BasalvsLP BasalvsML LPvsSML
## Basal 1 1 0
## LP -1 0 1
## ML 0 -1 -1
## TaneL006 0 0 0
##  laneL008 0 0 0



Sqrt( standard deviation )

RNA-Seq — Differential Expression
Analysis

2. Remove heteroscedasticity from count data

voom: Mean-variance trend Final model: Mean-variance trend
0 _
- o
e E o
- =)
o
S
To) O o
g _
ﬁ.' —
| ] 1 | 1 |
5 10 15 0 5 10

log2( count size + 0.5) Average log-expression



RNA-Seq — Differential Expression

Analysis

3. Fitting linear models for comparisons of interest —

limma

4. Examining the number of DE genes

summary(decideTests(efit))

## BasalvsLP BasalvsML LPvsML

## -1 4127 4338 2895
## 0 5740 5655 8825
## 1 4298 4172 2445

BasalvsLP BasalvsML

726 2409 861

10169




RNA-Seq — Differential Expression
Analysis

5. Examining individual DE genes from top to bottom

basal.vs.lp <- topTreat(tfit, coef=1, n=Inf)
basal.vs.ml <- topTreat(tfit, coef=2, n=Inf)
head(basal.vs.1p)

## ENTREZID SYMBOL TXCHROM 1ogFC AVveEXpr t P.value adj.P.Va1

## 12759 12759 Clu chrl4 -5.44 8.86 -33.4 3.99e-10 2.7e-06

## 53624 53624 cCldn7 chrll -5.51 6.30 -32.9 4.50e-10 2.7e-06

## 242505 242505 Rasef chr4 -5.92 5.12 -31.8 6.06e-10 2.7e-06

## 67451 67451  Pkp2 chrl6e -5.72 4.42 -30.7 8.01le-10 2.7e-06

## 228543 228543 Rhov chr2 -6.25 5.49 -29.5 1.11e-09 2.7e-06

## 70350 70350 Baspl chrl5 -6.07 5.25 -28.6 1.38e-09 2.7e-06

head(basal.vs.ml)

## ENTREZID SYMBOL TXCHROM 1ogFC AVveEXpr t P.value adj.P.Va1
## 242505 242505 Rasef chr4 -6.51 5.12 -35.5 2.57e-10 1.92e-06
## 53624 53624 Cldn7 chrll -5.47 6.30 -32.5 4.98e-10 1.92e-06
## 12521 12521 Ccd82 chr2 -4.67 7.07 -31.8 5.80e-10 1.92e-06
## 71740 71740 Nectin4 chrl -5.56 5.17 -31.3 6.76e-10 1.92e-06
## 20661 20661 sSortl chr3 -4.91 6.71 -31.2 6.76e-10 1.92e-06
## 15375 15375 Foxal chrl2 -5.75 5.63 -28.3 1.49e-09 2.28e-06



RNA-Seq — Differential Expression
Analysis

6. Useful graphical representations of differential
expression

BasalvsLP

10

log-fold-change

Average log-expression



RNA-Seq — Differential Expression
Analysis

lllllll

6. Useful graphical " rsn !
representations of
differential expression
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Downstream Analysis &
nterpretation

* Hypergeometric test and
overrepresentation analysis

* Functional Gene Set
Enrichment Analysis

* Pathway Analysis
* Visualize Alignments with IGV
* Network Analysis

ENTREZID
242505
53624
12521

SYMBOL
Rasef
Cldn7

Ccd82

71740 Nectin4

20661
15375

Sortl
Foxal



Hypergeometric test

Uses hypergeometric distribution to measure the probability
of having drawn a specific number of successes (out of a total
number of draws) from a population

Example:

Imagine that there are 4 green and 16
red marbles in a box.

You close your eyes and draw 5
marbles without replacement

What is the probability that exactly 2
of the 5 are green?

Babram

Bioinformatics



Hypergeometric Test for
Overrepresentation Analysis

Hoxa5 f‘ 98
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...... Differentially expressed
genes (581 genes)
= Expect
J / - . gue
Development (1842 genes) = |s the observed overlap significantly

larger than the expected value?



Downstream Analysis & Interpretation:

Functional Enrichment

* Gene list enrichment analysis
(Hypergeometric test) based on
functional annotations

* Tools

 ToppGene, GSEA, Webgestalt,
DAVID

Gene Ontology
NCBI Entrez Gene

4‘

GO: Molecular Function
GO: Biological Process

GO: Cellular Component

Human Phenotype —— Human Phenotype
Mouse Phenotype ——{ Mouse Phenotype

KEGG, BioCarta,
BioCyc, Reactome,
GenMAPP, MSigDB

NCBI Entrez Gene

InterPro, Pfam, SMART
PROSITE, Gene3D, ProDom

MSigDB, PicTar, TargetScan

CTD, Drugbank,

—

——{ Pathways

Interactions
Pubmed

—1 Protein Domains

TFBS
miRNA-targets

Drug-Gene

— = Metador, Stitch — | Disease-Gene
g==x TOppGene
= GNF —— Gene Expression
il
7: Pathway [Display Chart] 75 annotations before applied cutoff / 10916 genes in category
ID Name Source pValue FDR B&H FDR B&Y Bonferroni Genes from Input Genes in Annotation
11198802 | Heart Development BioSystems: WikiPathways 3.193E-14 | 2.394E-12 | 1.174E-11 | 2.394E-12 6 47
2|M2288 | NFAT and Hypertrophy of the heart (Transcription in the broken heart) | MSigDB C2 BIOCARTA (v5.1) | 1.851E-8| 6.943E-7| 3.403E-6| 1.389E-6 4 54
3|672464 | SRF and miRs in Smooth Muscle Differentiation and Proliferation BioSystems: WikiPathways 1.568E-7 | 3.895E-6| 1.909E-5| 1.168E-5 3 19
4712094 | Cardiac Progenitor Differentiation BioSystems: WikiPathways 3.731E-6| 6.996E-5| 3.429E-4| 2.799E-4 3 53
51198878 | Serotonin Receptor 2 and ELK-SRF/GATA4 signaling BioSystems: WikiPathways 4.772E-5| 7.158E-4| 3.508E-3| 3.579E-3 2 17

—



Downstream Analysis & Interpretation:
Pathway Analysis

Genes Genes
RNA-seq UP DOWN

DNA-seq

Microarray /

Regulators g

R

\ Pathway F
ranking / E

l Pathway Pathway

/ (regulatory) network

E~—

Context dependency

Curren Opinon in Biotechnology

e Databases
* Ex. KEGG, WikiPathways, Reactome, PathwayCommons, BioCarta

* Tools

* Ex. Webgestalt, Signaling Pathway Impact Analysis, ToppGene,
WikiPathways

Werner 2008 Current Opinion Biotechnology



Downstream Analysis &
Interpretation: Pathway Analysis

| caLcium sIGNALING PATHWAY -4 4
. * De Novo Mutations (Left Half of Rectangles)
Mg e Red (4) =hot DNM [N
MCU 2 BiceAl— * Green (-4) = not hot DNM
Nﬁmmm@ ¢ Gray (0) = no DNM
PP ] .
P IE * Hot Genes (Right half of rectangles)
ERSSR * Red (4) = hot in autism & epilepsy “ISENik
SCval—s—»PRKAGE——— + Red (3)= hot in epilepsy [
chMP ¢ Red (2)= hot in autism
¢ Pink (1)= hot novel gene [E65%}
STIM1
] * Gray (0) = not hot
t— DfDé oo * Light green (-1) = not hot but in autism i
* Green (-2) = not hot but in epilepsy
[RY
ERSSR
[ITP
~— — —#  Other signaling pathways
Phosphatidylinositol ’
ADPR signaling pathway .

° Bioconductor

n_ ™ NALDFR

N4ADP .

e Pathview
———————————————— — Eoyoss
Data on KEGG graph
Rendered by Pathview




Downstream Analysis &
Interpretation: Visualization with IGV
and/or GenePattern
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Wilkening et al. 2013 Nucleic Acids Research



Network Analysis

e Databases
e PPI
* Physical interactions
* Indirect associations
* Coexpression
* Literature
* Experimental

* Tools

* Cytoscape, StringDB,
GeneMania, NetworkX

- Expression change
IWS1 during activation
SN Up-regulated
' No Change
POLR2A — HTATSF1 LieL
RPLB > Down-regulated
/ |\ TeERG
ZBTBa. VR SF3A3
~SUPTS5H t | v
d X |
TXNL4A €0BBy  SF384. | SNRPB

- SNRPAY-..

' SFaB14-— e NP A WS‘F e _ : = Splicing of RNA
SYNCRIP—SESAZ—" " )\~ . .

7 7BCAS2

C1lorfe4 LA
AP3D1 v ARG x
. HL'R CHERP Sl SNRNP200(
AGTRA-__ Processing of RNA
‘ “8ARM2 ‘3 ,
SF3B5
HNANPH2
- <
CKAPs  KIF26A SRAM!1

Farina et al. 2012 Skeletal Muscle



Recommended Reading

A survey of best practices for RNA-seq data analysis
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gene expression control
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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

