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RNA-seq

@ .
OPEN @ ACCESS Freely available online - PLoS one

The Prevalence and Regulation of Antisense Transcripts
in Schizosaccharomyces pombe Seience. 2008 June 6; 320(5881): 1344-1349. doi:10.1126/science.1158441.

Ting Ni'?, Kang Tu'?? Zhong Wang?, Shen Song’, Han Wu'?, Bin Xie®, Kristin C. Scott’  The Transcriptional Landscape of the Yeast Genome Defined by
Yuan Gao*%, Jun Zhu'%*

RNA Sequencing

Ugrappa Nagalakshmi, Zhong Wang, Karl Waern, Chong Shou, Debasish Raha, Mark
~ wstein, and Michael Snyder

Stem cell transcriptome profiling via massive-scale  parmentoaccuar Cotur and Doseoomentl soogy, ogram n compter scionce,
mRNA sequencing

[PROTOCOL
Nicole Cloonan'#, Alistair R R Forrest!®* Gabriel Kolle'*, Brooke B A Gardiner!, Ge«

Mellissa K Brown!, Darrin F Taylor!, Anita L Steptoe!, Shivangi Wani!, Graeme Bethel RNA_Seq analysis to capture the transcriptome
Andrew C Perkins', Stephen ] Bruce!, Clarence C Lee?, Swati S Ranade?, Heather E Pec .
landscape of a single cell

Ker
L E | E R S Fuchou Tang', Catalin Barbacioru?, Ellen Nordman?, Bin Li?, Nanlan Xu?, Vladimir I Bashkirov?, Kaigin Lao* &

M Azim Surani'

Understanding mechanisms underlying human gene
expression variation with RNA sequencing

Nature. 2008 November 27; 456(7221): 470-476. do1:10.1038/nature07509.
Joseph K. Pickrell’, John C. Marioni', Athma A. Pai', Jacob F. Dej
Jean-Baptiste Veyrieras', Matthew Stephens"*, Yoav Gilad' & J

Alternative Isoform Regulation in Human Tissue Transcriptomes

Eric T. Wang1'2", Rickard Sandberg1!3-', Shujun Luo?, Irina Khrebtukova?, Lu Zhang4,
Christine Mayr®, Stephen F. Kingsmore®, Gary P. Schroth?, and Christopher B. Burge':7



%
feubys uoezPuqAy o
=
=
]

W
B

s

&

— SPEC1ZD12.01

"
)
Y

s
L
FeuDIs UOHEZIPUGAY Doy

&

Y

Average signal

20
Bins of aver

L tetapmo0.t
- . -

Mean rate
(reads per million)

Lu et al. 2010 (rice)

o = N W &= O

(yeast)

c

New poly-A site

results

Skipped Exons

HME

T47D
MB435
MCF7
BT474
breast
adipose
lymph node
colon

testes

liver

skel. muscle
heart

brain
cerebellum 1
cerebellum 2
cerebellum 3
cerebellum 4
cerebellum 5
cerebellum 6

08 0.9 ang eb al. 2008
Spearman Correlation (human)

0.7

Poly-A
reads 5 os e
(15 0 e

;;.RNA-SW - White Cells

0

1 ChIP-Chip - Wor1

-10-
10 RNA-Seq - Opaque Cells

Pickrell et al. 2010 o

(human)

=10
TBF1 .-m'&‘m STE4 ATzt
D T ) I o »]
&)

o g m— = -  S—
NTAR_362 NTAR_364 NTAR_365 TAF14

Chromosts)i'la:go TUCh et aI' 2010
(candida)

]
882,000 884,000



RNA-seqg quantification

“The number of reads mapped to a gene
is @ quantification of its expression”

IGV vew of algU expression in Pseudomonas aeruginosa



RNAseq quantification: RPKM

To estimate expression value of a transcripts the number of
mapped count needs to be normalized by the length of the
transcript and the total number of reads, or library size.

RPKM: Reads per Kilobase of exon model per Million reads

20 M. reads 27 M. reads

Length Condition1 Condition2 RPMK1l RPKM2 Fold-
change

Genel 1000 nts 700 500 35 18 2

Gene2 3000 nts 1000 1800 16 22 1.5




RNA-seq for differential expression

Methods
RNA-seq: An assessment of technical reproducibility
and comparison with gene expression arrays W o ot

John C. Marioni,'¢ Christopher E. Mason,**¢ Shrikant M. Mane,*
Matthew Stephens,’*7” and Yoav Gilad™”
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Bradford et al. BMC Genomics 2010, 11:282
http://www.biomedcentral.com/1471-2164/11/282
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Genomics

RESEARCH ARTICLE Open Access

A comparison of massively parallel nucleotide
sequencing with oligonucleotide microarrays for
global transcription profiling

James R Bradford', Yvonne Hey?, Tim Yates', Yaoyong Li', Stuart D Pepper? and Crispin J Miller*'
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Applications of RNA-seq

Qualitative:
* Alternative splicing
* Antisense expression
* Extragenic expression
* Alternative 5" and 3’ usage
* Detection of fusion transcripts

V

Tophat/Cufflinks

Scripture
Alexa

Quantitative:
* Differential expression

* Dynamic range of gene expression

Vv




Advantages of RNA-seq?

RNAseq J

microarrays J

* Non targeted transcript detection
* No need of reference genome

* Strand specificity

* Find novels splicing sites

* Larger dynamic range

* Detects expression and SNVs

* Detects rare transcripts

V

* Restricted to probes on array

* Needs genome knowledge

* Normally, not strand specific

* Exon arrays difficult to use

* Smaller dynamic range

* Does not provide sequence info

* Rare transcripts difficult 7




Surprises of RNA-seq data

Positive correlation between expression ° = o data
level and transcript length. Also with RPKM!!!T & =7
S - S ° Marioni MAQC Griffith
-
33
3 Equal transcript distributions between
59 samples do not always hold
o\o o |
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© A P m UHR
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Surprises of RNA-seq data

With RNAseq, there is a relationship between the chance that a

gene is declared differentially expressed and its length

% DE

RNAseq

% DE

microarrays
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RNA-seq and sequencing depth

* Amount of reads sequenced in a RNAseq experiment
* More sequencing depth - Rare genes detected
- Better estimation of expression
* How does SD affects gene detection and differential expression?

* How many reads do I have to generate to saturate the system?



RNA-seq protocol*

total RNA purification mRNA preparation

mRNA ;ﬁ?ﬁ
// : ’ o oligodT 5" : AAAAAA
s [%Q . @ 7 TTTT{ >
. %
’ (ﬁ@ R Q};ﬂf RiboZ 1
rRNA N

2nd strand synthesis 1st strand synthesis fragmentation

—_— —_ B* AAAAAA
- <4 _ 4= i o S ARAARA
5 AAAAAA

—— DN *Solexa Pair-End



RNA-seq protocol (II)

©
L
Q
e
o
o
i

adenylation 3’ ends A A

400-200 |

ligate adapters

amplification

400-200 [

SEQUENCING!



How does sequencing depth
affects to the estimation of
differential expression in
RNAseq data?



RNA-seq vs. sequencing depth

MARIONI:
Solexa
5 lanes
Kidney vs liver
22 million reads

V

MAQC:
Solexa
7 lanes
Brain vs UHR

45 million reads

Vv

Griffith:
Solexa
22 lanes
2 cancer lines
200 million reads

V




Number of genes with reads > 5
0000
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Saturation in RNA-seq

Saturation Curves and New Detection Rates (NDR)
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Saturation per transcript biotype

Griffith (200 M)

Off-target RNA species increase at high sequencing depths
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RNA-seq detection per biotype
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Sequencing depth affects dataset
transcript distribution

For differential expression comparing samples should have similar
library sizes.
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Expression levels increase with
sequencing depth at different rates

Few, abundant RNA species sneak into sequencing output!
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Sequencing depth influences the
length of detected transcripts

* As more it is sequenced, small genes are easier detected.

* Still, RNAseq is biased towards longer genes
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RNAseq & differential expression



RNAseq & differential expression

* Robinson and Smith (2007, 2008, 2010): edgeR

Exact test based on negative binomial distribution.
* Marioni et al. (2008):

Likelihood ratio test based on Poisson model.
* Anders and Huber (2010): DESeq

Exact test based on negative binomial distribution.
* Srivastava and Chen (2010): Gpseqg

Likelihood ratio test for two-parameter generalized Poisson model.
* Wang et al. (2010): DEGseq (MATR & MARS)

MA-plots based methods, assuming normal distribution for M | A.
* Hardcastle and Kelly (2010): baySeq

Empirical Bayesian method to compute posterior probabilities of
models, based on Poisson or Negative Binomial data distribution.



RNAseq & differential expression

* Robinson and Smith (2007, 2008, 2010): edgeR
Exact test based on negative binomial distribution.
* Marioni et al. (2008):

Like/%'J E— - =~ =t \

X 1 i
Anders a * Parametric assumptions

Exad
* Need of replicates

* Srivastay
Likel
* Wang etk
MA-plots based methods, assuming normal distribution for M | A.
* Hardcastle and Kelly (2010): baySeq

Empirical Bayesian method to compute posterior probabilities of
models, based on Poisson or Negative Binomial data distribution.

* Unstable with low expressed genes  /sson model.




NOISeq

500

400
1

* No parametric assumptions. No need of replicates.

300
I

* Statistics for each gene, exon, transcript, tag, etc.:

(a]

M = log,(expression in condition 1 / expression in condition 2)

D = |expression in condition 1 — expression in condition 2| g |

500
I

. Noise distribution: M-D null distribution estimation.

400

NOISeq-real: uses available replicates

300
1

NOISeq-sim: simulates replicates from a multinomial o
distribution with probabilities derived from the counts in the
samples

200

100
1




NOISeq

Probability for a gene of being differentially expressed (deg):
Computed by comparing M-D values of that gene against noise

distribution

100
1

A gene is declared as deg if this
probability is higher than 0.8

500

400

300

® noise

| m signal




# diffrentially expressed genes

2000 4000 6000 8000 10000 12000
1 1 1 1 1

Differential expression vs Sequencing
depth

* edgeR, DESeq and baySeq, d.e.g. depend on sequencing depth

* FET and NOISeq are constant

Marioni MAQC Griffith
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Differential expression by biotype

:

g
i
i




Sequencing depth & characteristics of

selected genes

NOISeq is robust to the length of detected genes, the fold-
change of differential expression and the mean expression level

mean length of deg

Length of differentially expressed genes

1 1 1 1 1 1 1

1900 1950 2000 2050 2100 2150 2200 2250
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Expression level of differentially expressed genes
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mean length of deg

Sequencing depth & characteristics of

selected genes

NOISeq is robust to the length of detected genes, the fold-
change of differential expression and the mean expression level

Length of differentially expressed genes
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mean length of deg

Sequencing depth & characteristics of
selected genes

NOISeq is robust to the length of detected genes, the fold-
change of differential expression and the mean expression level

Length of differentially expressed genes
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False discoveries at high sequencing
depth

Parametric methods tend to identify more false positives (up to
70%) as more it is sequenced. NOISeq controls FDR

#TP
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240 260 280

True Posltives In 330 RT positive genes
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e e |

B NOISegR edgeR
NOISeqS m DESeq
m FET M baySeq

# FP

False Positives In 83 RT negative genes

m NOISegR edgeR
NOISeqS m DESeq

m FET m baySeq




Normalization by length (RPKM)
maintain sequencing depth biases

d.e.q. length
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More understanding of RNAseq data

« Sequencing depth affects the composition of the RNASeq
dataset

 Short transcripts are in disadvantage

« Most parametric RNAseq d.e. methods tend to
overdetection as library size increases.
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More understanding of RNAseq data

Sequencing depth affects the composition of the RNASeq
dataset

Short transcrips are in disadvantage

Most parametric RNAseq d.e. methods tend to
overdetection as large library increases.

NOISeq takes a non-parametric approach that better
adapts to the noise with large reads numbers.

NOISeq is robust to sequencing depth biases.

Identification of low expression genes with RNASeq is
possible but differential expression assessment remains
difficult.
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