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The many faces of RNA-seqg — Techniques

« mMRNA-seq

« Exome capture

« Targeted miRNA

« Small RNA PIRNA

« Total RNA SNCRNA
» Ribosome profiling

» Single Cell RNA-Seq



The many faces of RNA-seqg — Applications

Discovery

* Transcripts

« |soforms

« Splice junctions
* Fusion genes
Ditferential expression

« (Gene level expression changes

 Relative isoform abundance
« Splicing patterns

Variant calling




Microarray = RNA-seQ
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Library Preparation & Sequencing

MANA-Seq RNA QC - RIN number
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modified from Malone JH, Oliver B (2011) BMC Biol.



Sources of Noise




Sources of Noise — Ssampling Bias

Sample A Sample B

Subsampling a from a pool of RNAs



Sources of Noise — Sampling Bias
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7 \7

Transcript length affects the number of RNA fragments
present in the library from that gene



Sources of Noise - Process

Confounded Design

* Treatment A A A B B

« Biological replicate

* RNA extraction and
preparation for
sequencing

» Sequence each
sample in a lane J,

Lane1 Lane2 Lane3 Laned4 Lane5

Lane 6

Balanced Blocked Design

* Treatment A A A

« Biological replicate

* RNA extraction

« Bar-code and pool

* Preparation for sequencing

* Sequence technical replicates

Lane 1 Lane2 Lane 3 Lane4 Lane5 Lane6




Sources of Noise — Process
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Raw Sequence — FASTQ files

Machine ID

Flowcell Index
Barcode | Lane Sequences

Sequence ID — JATTACTCG+TATAGCCT
NTATTTCACTAAAAGATCCCTTAAGAACAAAGGTGG TGTGAC =
Seqguence
+ #AAAFAFAJJJJIFJJ3333331IIFIIIFIIIIFFIIIF7IFAI<IAF]
, @K00254:98: HHCTCBBXX:5:1101:3123:1525 1:N:0:ATTACTCG+TATAGCCT
Base Quality NGTCCAGTAAATCCAGCTTCTTCTTCTTCCTGGGGTGAAGAGAACGCTTT
Scores +

#AAAFF<-FJJFJJ3333333333FJ3JAJJ7FJ3J-AJ3JIF3333333]
@K00254:98:HHCTCBBXX:5:1101:3650:1525 1:N:0:ATTACTCG+TATAGCCT
NACAATGGTTCAGGGCACCTCGGGCAAGAGCCAGGTCCTCTGAGTTTTGC

LA AAFIMrTTTTTTTTIICTTIINCICNTICCAS A T TTIrET Y T AE



Raw Seqguence QC - FASTQC

Sample1.fastq.gz

@ Basic Statistics Basic sequence stats
\Measure ||Value
@ Per base sequence quality Filename Sample1.fastq.qgz
) ) File type Conventional base calls
@ Per tile sequence quality Encoding Sanger / Illumina 1.9
. Total Sequences 3803050

@ Per sequence quality scores Sequences flagged as poor quality |0
@ Perbase sequence content Sequence length 50

%GC 53

@ Per sequence GC content
@ Perbase N content

@ Sequence Length Distribution
@ Sequence Duplication Levels
@ Overrepresented sequences
@ Adapter Content

@ Kmer Content

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



Raw Seqguence QC - FASTQC

Quality scores across all bases {lllumina 1.5 encoding} Quality scores across all bases (lllumina 1.5 encoding)
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Trimming

« Quality-based Trimming
* Adapter contamination

I e

50 bases

I 50 B

P7 15 PS5

N |—— o




Adapter contamination - FASTQC

FastQC

Sample1.fastq.gz

@ Basic Statistics % Adapter

@ Per base sequence quality '%° llumina Universal Adapter

@ Pertile sequence quality Ilurnina Small RNA 3' Adapter
Ilurnina Srnall RNA 5" Adapter

@ Per sequence quality scores a0 Nextera Transposase Sequence
SOLID Small RNA Adapter

@ Perbase sequence content
@ Per sequence GC content
@ Perbase N content

@ Sequence Length Distribution

80
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Seqguence to Sense

(a) Genome
mapping

Reads

Gapped mapper | TopHat,
STAR

Mapping to
genome

Cufflinks

with GFF without GFF

Transcript Transcript
identification & discovery &
counting counting

Homology based | Blast2GO

Functional annotation

(b)

Transcriptome
mapping

Reads

Ungapped mapper |Bowtie

Mapping to
transcriptome

RSEM,
Kallisto

Transcript
identification &
counting

(c) Reference-free
assembly

Reads

De Bruijn graphs | Trinity

Assembly into
transcripts

Ungapped mapper | Bowtie
v
Map reads back

GTF-based | Htsed-count,
RSEM

Counting

Homology based | Blast2GO

Functional annotation

Conesa et al. (2016) Genome Biology



De Novo assembly

l Piece RNA-Seq reads into contigs (Inchworm)

W
e.g. TRINITY

T ST
—_~—— S

l Cluster contigs into components (Chrysalis)

Assign reads to
components (Chrysalis)

I
e HEF 5

Split overlapping transcripts /

based on coverage o .
and read pairings Enumerate transcript isoforms using reads (Butterfly)

Incongruencies . . .
with reference genome Insights from de novo transcriptome-specific assembly

™\, Alternative ) B
promoters i—. . Alternative splicing
i —h—
Aberration from

I I I e | interchromosomal rearrangement

L Result of conventional de novo assembly 1

Haas, B.J.. et al (2013) Nature Protocols



Analysis Overview

'S Unmapped
reads

v

M H Map to Junction library
a p p | n g created from annotation
Map to ‘de novo’
junction library
SplitSeek, Tophat, SOAPals

Summarisation

Normalisation

DE analysis Er—a

Systems Biology é

Functional analysis ~|[FFREESST (RERNEEEE

E——




Reference-based assembly

| o Wl W —

Processed mRNA

—— — =
/Genome mapping A Kl'ranscriptome mapping A
« Can identify novel features * No repetitive reference
*  Splice aware? * Novel features?
« Can be difficult to reconstruct « How reliable is the
isoform and gene structures transcriptome?

N NG /

Trapnell & Salzberg (2009) Nature Biotech




A smart suit(e) for RNA-seq analysis

Bowtie
Extremely fast, general purpose short read aligner

TopHat

Aligns RNA-Seq reads to the genome using Bowtie
Discovers splice sites

Cufflinks package

: Cufflinks
I Assembles transcripts

-
I
Cuffcompare 1
1 Compares transcript assemblies to annotation :

1
Cuffmerge 1
1 Merges two or more transcript assemblies :

Cuffdiff :
Finds differentially expressed genes and transcripts |
Detects differential splicing and promoter use 1

Trapnell, C. et al (2012) Nature Protocols



Spliced Alignment

ANV TATABAAABGTTGETABIGGTGAATG

READ "'IVYN hid BN Xk
DINITATABAAABGT T T AmmiiinCli i emC GGEBTABGGTGAATG

Sp||ced B A AABG T T TG T ABGG T
Alignment IGENEE C GG T ABGGTGAATG



Spliced Alignment with Tophat/Bowtie

(3) Spliced alignment

Readsare split =23
into segments i 2

(3-1) Segmentalignment to genome

(3-2) Identification of splice sites
(including indels and fusion break points)

(3-3) Segments aligned to junction
flanking sequences

(3-4) Segmentalignments stitched
togetherto form whole read alignments

(3-5) Re-alignment of reads minimally
overlapping introns

| | g¢ Unmapped segment

flankingseq1l flankingseq2 ses

—

I

Reads are split into smaller segments
which are then aligned to the genome.

Genome index \
v

Segment mappings are used to find potential splice sites
usually when the distance between the mapped positions
of the left and the right segments are longer than the
length of the middle part of a read.

|
v

Sequences flanking a splice site are concatenated |
and segments are aligned to them.

j—

Junction flanking index

)
b 4
Mapped segments against either genome or flanking

sequences are gathered to produce whole read alignments.

v

Genome mapped reads with alignments extendinga few
basesinto introns are re-aligned to exonsinstead.

Kim, D. et al (2012) Genome Biology



Visualising Mapping Results — IGV
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Summarisation/Counting

(b)

-~

Genome-based features

« Exon or gene boundaries?
* [soform structures

\- Gene multireads

~

N

Transcript-based features

Transcript assembly
Novel structures
Isoform multireads

/

Oshlack, A. et al. (2010) Genome

Biology



Summarisation/Counting

intersection intersection

union _sftrict _honempty e.g. Htseq or
Subread
read
gene_A gsae 4 gens_A
gene_A — gene_A no_feature gene_A
= gene A no_feature gene A
gene_A gene A - - -
gene /r:nd ‘ wgem, 'y g“_A OGnG_A gene__A
read
gene_A gene_A gene A gene A
ene [

ambiguous gene_A gene_A

gene_A ambiguous ambiguous ambiguous




Summarisation/Counting

4 Map unique reads (75%)

Map reads to expanded genome

-

(genome + splices + spikes) e u . an au ss s
* ° *  }

Map reads to known gene models AR B | M e

<

Allocate unique, unambiguous reads

to calculate preliminary RPKM pjsambiguate unique reads (0.4%)
N =

<

- - - 8
- - -
cmenl ===
Allocate ambiguous unique reads ><
to gene models based on RPKM craral '
e - -
‘ ~ ————

P R—

Aggregate reads outside known exons (4%)
Aggregate other reads - ~

into candidate exons N ss s
LA R S— —— LA
\/ < v
Consolidate with neighboring gene s'me 5 -m--
model if within radius k gt el e

v

Calculate the expanded exonic read
density (RPKM) for each gene »ocate multireads (21%)

v ;

Calculate probability of multireads ol Bl —
coming from particular '
locus based on gene RPKM Y P -

v

Calculate final RPKM for each gene

Log, (liver expanded RPKM)

c

Log, (liver final RPKM)

12

10

12

10

RPKM without multireads
R?=0.62

4 6 8 10 12
Log, (liver Affymetrix intensity)

RPKM with multireads
R? =0.69

4 6 8 0 12
Log, (liver Affymetrix intensity)

Mortazavi, A. et al (2008) Nature Methods



Counting

GenelD

ENSG00000223972
ENSG00000227232
ENSG00000243485
ENSG00000237613
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5
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0
1
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0
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3
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0
3
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9
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Normalisation

« Counting
- estimate of relative counts for each gene

Does this accurately represent the original population?

4 N 4 N

Library size

Sequencing depth varies

Gene Properties

GC content, length, sequence

between samples

N /I_ibrarv composition R /
Highly expressed genes

overrepresented at cost of

lowly expressed genes

N /




Normalisation - Scaling

Total Count

« Normalise each sample by total number of reads sequenced.

« (Can also use another statistic similar to total count; eg. median, upper quartile

Scaling




Normalisation - RPKM

RPKM

* Reads per kilobase per million =

reads for gene A

length of gene A X Total number of reads

5
1
(on

—— short genes
— long genes

20
|
0
|

-5

variance
variance

-30 -25 -20 -15 -10

mean mean/length

Oshlack, A. & Wakefield, M.J. (2009) Biology Direct



Normalisation — Geometric Scaling

Geometric scaling factor

« Assumes that most genes are not differentially expressed

4 ) 4 N\
RC of Gene 2 . GM of Gene 1 )
> < > <
RC of Gene 2 . GM of Gene 2
> X > X
RC of Gene 3 - GM of Gene 3 _ L Median J
_ J _ J

RC = read counts (per sample)
GM =geometric mean (all samples)

[ RC of Gene N } . L GMofGeneNJ




Normalisation — Trimmed Mean of M

Trimmed mean of M

Implemented in edgeR

Assumes most genes are not differentially expressed

0.0

(b) +

Density
0.2

0.0

3 (c)

loga(Kidney1/Nk1) —loga(Kidney2/Nk2)

logx(Liver/N_) - logz(Kidney/Nk)

M

logz(Liver/N,) - logz(Kidney/N)

-5

® Housekeeping genes
Unique to a sample

i i T
-20 -15 -10

A =log,(yLiver/Ny -Kidney/N)
Robinson, M.D. & Oshlack, A. (2010) Genome Biology



Differential Expression

« Comparing feature abundance under different

conditions
« Assumes linearity of signal

* When feature=gene, well-established pre- and post-

analysis strategies exist € =

Sensitivity and dynamic range

voo | AP =099

100

RPKM

10
1

0.0

104 10° 10¢ 107 10* 10°
Mortazavi, A. et al (2008) Nature Methods Reference transcripts per 100 ng mRNA



Differential Expression

« Simple difference in means

71 71 B
6 6

5 5

4 é 4

3l A I: 3 A I_
2 2 —
1 1

0 0

* Replication introduces variance



Ditferential Expression - Modelling

Normal distribution = t-test



Ditferential Expression- Modelling

Use the Poisson distribution for count data

Just one parameter required — the mean

0'40 1
0.35/ ¢ ° A=1
0.30f | ¢ A=d .
'\ o A=10
< 0.25 |

3 0.20}

=
0.15}
o100}
0.05}
0.00




Ditferential Expression- Modelling

« Biology is never that simple @ 4y

« The negative binomial
distribution represents an

overdispersed Poisson 8
8
distribution g
« |t has two parameters:
mean and (over)dispersion o .

Anders, S. & Huber, W. (2010) Genome Biology



Ditferential Expression- Modelling

« Estimating the dispersion parameter can be difficult with a small number of
samples

« edgeR: models the variance as the sum of technical and biological variance

« ‘Share’ information from all genes to obtain global estimate - shrinkage

172
2 112

14 14

fold change knockdown vs control
|
fold change knockdown vs control
|

18 178

116 116

T T T T T T T
0.1 1 10 100 1000 10° 10°

I 1 I I I 1 |
0.1 1 10 100 1000 104 10°
mean of normalized counts .
mean of normalized counts

Simon Anders



Modelling — in tashion

« DESeq uses a similar formulation of the variance term

2 _ P
Gy - Hij TOSiViAn
hv—l_ —V—_
shot noise  raw vanance

1e-03

dispersion

BRI eeee—————————————————————————.id w v

1e-07

1 100 10000

mean of normalized counts



Replicates v Sequencing Depth
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Liu et al. (2014) Bioinformatics



(a) 0.006 -

0.005 -

logCPM CV

Replicates v Sequencing Depth

0.004 -

0.003 -

0.002 -

0.001 -

2550 100 150 200 250 30.
# Reads

HIGH

ﬂ
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_—
0
S
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0.20-

0.15-
# Reps
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-4
m5
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] ] ] | ! | ]
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# Reads

LOW

Liu et al. (2014) Bioinformatics



Replicates v Sequencing Depth

(d)

# DE genes (FDR 0.05)

;

5000 -

4000 -

3000 -

2000 -

1000 -

500 1000 1500 2000 2500 3000 3500
Total Estimated Cost ($)

# Reps

-
-
m:
m:

Liu et al. (2014) Bioinformatics



Towards Biological Meaning

« Clustering

ER.status
Groups

-

— I

Centroid 1
Centroid 2
Centroid 3
Centroid 4
Centroid 5

negative
positive

Immunity (28)

Tumor suppressors/Proliferation (36)
Interferon (11)

Signal transduction (20)
Hormonal/survival (22)

Matrix (21)

Hamy et al. (2016) PLOS One



Towards Biological Meaning

* Gene Set Enrichment Analysis

* 'H (hallmark gene sets, 50 gene sets)

* €1 (positiocnal gene sets, 326 gene sets)
Molecular PfOﬂle Data * by chromosome: 12345678910111213141516171819202122XY

- * €2 (curated gene sets, 4725 gene sets)
Enriched Sets ¢ ¢
* CGP (chemical and genetic perturbations, 3395 gene sets)

Pk hwenl phe SOTICOH OMATIVATIO GINIS

* CP (Canonical pathways, 1330 gene sets)
* CP:BIOCARTA (BioCarta gene sets, 217 gene sets)
* CP:KEGG (KEGG gene sets, 186 gene sets)

* CP:REACTOME (Reactome gene sets, 674 gene sets)

L ) * €3 (motif gene sets, 836 gene sets)
* MIR (microRNA targets, 221 gene sets) 2]

PP

* TFT (transcription factor targets, 615 gene sets) ]

o~

.~ ooy * C4 (computational gene sets, 858 gene sets)

* €GN (cancer gene neighborhoods, 427 gene sets)

* €M (cancer modules, 431 gene sets) 2]

Gene Set Database * €5 (GO gene sets, 1454 gene sets)

\_ Yy * BP (GO biological process, 825 gene sets) ]

* €C (GO cellular compeonent, 233 gene sets) 2]

* MF (GO molecular function, 396 gene sets)

* €6 (oncogenic signatures, 189 gene sets) ]

* €7 (immunologic signatures, 1910 gene sets)



Towards Biological Meaning

* Network analysis

Hamy et al. (2016) PLOS One



