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“2nd generation” sequencing

RNA-Seq reads
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“2nd generation” sequencing

e 40 milliaon clusters per floWw cd
= s - P4 -

- _ » Ll
..‘ v . P - e
.

Solexa HiSeq 2500

1 run (11 days):

ca. 3x10° reads @ 2x100nt
(¢ 6 human genomes 30x)

ca. 5 k€ (marginal cost)

Applications

Genomes of new species
Individual genomes
Metagenomes

Cancer genomes

Transcriptome sequencing
(RNA-Seq)

Protein-DNA binding
(ChIP-Seq)

Protein-RNA binding
(CLIP-Seq, RIP-Seq)

3D-structure of the nuclear
DNA (Hi-C & Co.)

On the horizon: much longer reads
ability to assign reads to individual chromosomes, cells
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The Poisson distribution iIs used for
counting processes
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Analysis method: ANOVA

Nz’ AU POiSSOIl(,u@'j) Noise part

B a; it 7 € group A
Hij = 55 % b, if 5 € group B

100- b; °
)

Huij expected count of region 7 in sample j
sj library size factor o

xi; design matrix 1T
Pix (differential) effect for region i

5- region i




Analysis method: ANOVA

Nz’ AU POiSSOIl(,u@'j) Noise part
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For Poisson-distributed data, the variance is equal to the
mean.

No need to estimate the variance. This is convenient.

E.g. Wang et al. (2010), Bloom et al. (2009), Kasowski et al.
(2010), Bullard et al. (2010), ...
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So we need a better way

data are discrete, positive, skewed
= no (log-)normal model

small numbers of replicates

= no rank based or permutation methods

= want to use parametric stochastic model to infer tail
behaviour (approximately) from low-order moments (mean,
variance)

large dynamic range (O ... 10°)
= heteroskedasticity matters



The negative-binomial distribution

k+r—1 .
P(K:k):< .1 )p(l—p)k, reR" pel0,1]

0.0:

] w=150 p=1.00  Alternative parameterisation

8 1
S o = =
r
2 . pr
= o= 1 — P
) Moments
= mean = [
2 variance = p + ap’
S Bioconductor package

DESeq, since 2010

0 50 100 150 200 250 300

0.000



0.00 0.03 0.00 0.04

0.000 0.025

The NB distribution models a Poisson process
whose rate is itself randomly varying
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Two component noise model

var = J + c ?
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Generalised linear model of the
negative binomial family

Nz’ Y NB(M@]; @ij) Noise part

part

log i = S -1 E ﬁikmkj Systematic
k

uii expected count of gene 7 in sample j

sj library size effect

xi; design matrix

Pir (differential) expression etfects for gene i



What is a generalized linear model?

Y ~D(m, s)

A GLM consists of three elements:

1. A probability distribution D (from the exponential
family), with mean E[Y] = m and dispersion s

2. A linear predictor n =X
3. A link function g such that g(m) = n.

Ordinary linear model: g = identity, D = Normal
DESeq(2), edgeR, ...: g = log, D = Negative Binomial



design with a blocking factor

Sample treated sex

S1 no male
S2 no male
S3 no male
S4 no female
S5 no female
S6 yes male
S7 yes male
S8 yes female
S9 yes female
S10 yes female




GLM with blocking factor

K/,;j ~ NB(SJ’,UZ']', az’j) i: genes

J: samples

full model for gene r:
ell S LS T T
log pij = by + p7al + b; x;

reduced model for gene I:

log 155 = B3 + @S%S



GLMs: Interaction
Kij ~ NB(s;pij, oij)
full model for gene r:
0 S S T T I S T
log i = B; + p; T + oF T + /Bz'xjxj

reduced model for gene I:

log pij = 57(;) ﬁ,;s %S 5; $;F




GLMs: paired designs

 Often, samples are paired (e.g., a tumour and
a healthy-tissue sample from the same patient)

* Then, using pair identity as blocking factor improves
power.

full model:
0  for [ = 1(healthy)

. — (30
lOg Hijl — /Bz + { /B;T for | = 2(tumour)

reduced model:

1 gene
40 7 subject
log Mij = 5@ [ tissue state



Generalized linear models

Simple design:
Two groups, e.g. control and treatment

Common complex designs:

* Designs with blocking factors
» Factorial designs

* Designs with interactions

- Paired designs



GLMs: Dual-assay designs (e.g.: CLIP-Seq + RNA-Seq)

How does affinity of an RNA-binding protein to
MRNA change under a (drug, RNAI) treatment?

For each sample, we are interested in the
ratio of CLIP-Seq to RNA-Seq reads. How is it affected by

treatment?

full model:
count ~ assaylype + treatment + assaylype : treatment

reduced model:
count ~ assaylype + treatment

Zarnack et al., Cell 2013



Modelling Variance

To assess the variability in the data from one gene, we have
¢ the observed standard deviation for that gene
e that of all the other genes

=ridge (Tikhonov) regularisation, empirical Bayes




dispersion

Dispersion estimation:
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fold change
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The mechanics: empirical Bayes shrinkage of gene-wise
dispersion estimates and of (non-intercept) Bs

amLe = argmax {(aly, [i) “naive” GLM likelihood
1 t
CR((X) = — 5 10g(det(X "/VX)) Cox-Reid bias term

) ] ias- likelhood
acr = argmax ({(aly, i) + CR(«)) bias-corrected likelhoo

X

prior(a) = log(fx(log(a): 1og(ag), 02,;,,) Prerenaby information

acr-maAp = argmax ({(aly, ji) + CR(«) + prior(«)) penalized
o likelihood
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regularized log-transformation:

visualization, clustering,

Color Key

PCA
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GSEA with shrunken log fold changes

log, fold change
0
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Fly cell culture, knock-down of pasilla versus control (Brooks et al., 2011)
turquoise circles:
Reactome Path “APC/C-mediated degradation of cell cycle proteins”
56 genes, avg LFC: -0.15, p value: 4:10"! (t test)



Genes and transcripts

So far, we looked at read counts per gene.
A gene’s read count may increase
because the gene produces more transcripts

because the gene produces longer transcripts

How to look at gene sub-structure?



Differential exon usage

treated untreated
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DEXSeq

Kz’jl ~ NB(Sj,Uijl; Oéz'z)
el S X

S1z€ dispersion
factor

counts in gene 1,

sample j, exon [
0 ET _E T
10g ILLZ]l — /6 _I_ /6l$l ﬁz] 9 /6 71 xl

g /

expression change in

strength in expression due to
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fraction of change to
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DEXSeq

test for changes in the (relative) usage of exons:

number of reads mapping to the exon

number of reads mapping to the other exons
of the same gene



Differential exon usage - example
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Drift and conservation of differential exon usage
across tissues in primate species
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Counting rules (RNA-Seq)

 Count unique fragments, not
bases 4“
* Discard a read if o 5
* it cannot be uniquely mapped ' £,

* its alignment overlaps with
several genes

* the alignment quality is bad

* (for paired-end reads) the
mates do not map to the same
gene




Why we discard non-unique alignments

gene A gene B

control condition

treatment condition




Differential usage of
exons or of isoforms?




Group 1 Group 2 DEXSeq 1.1.5 cuffdiff 1.3.0
proper comparison, PFC vs CB:
PFC 1 - PFC 6 CB 1, CB 2 650 114
PFC 1, PFC 2 CB 1, CB 2 56 230
PFC 1, PFC 3 CB 1, CB 2 18 361
PFC 1, PFC 4 CB 1, CB 2 26 370
PFC 1, PFC 5 CB 1, CB 2 32 215
PFC 1, PFC 6 CB 1, CB 2 27 380
mock comparisons, PFC vs PFC :

PFC 1, PFC3 PFC 2, PFC 4 3 405
PFC 1, PFC 2 PFC 3, PFC 4 0 399
PFC 1, PFC4 PFC 2, PFC 3 244 590
PFC 1, PFC3 PFC 2, PFC 5 2 628
PFC 1, PFC 2 PFC 3, PFC 5 1 499
PFC 1, PFC5 PFC 2, PFC 3 2 555
PFC 1, PFC4 PFC 2, PFC 5 2 460
PFC 1, PFC 2 PFC 4, PFC 5 2 504
PFC 1, PFC5 PFC 2, PFC 4 2 308
PFC 1, PFC4 PFC 3, PFC 5 10 497
PFC 1, PFC3 PFC 4, PFC5 5 554
PFC 1, PFC5 PFC 3, PFC 4 0 353
PFC 2, PFC 4 PFC 3, PFC 5 1 476
PFC 2, PFC3 PFC 4, PFC 5 10 823
PFC 2, PFC5 PFC 3, PFC 4 0 526

Table S2: Results of the comparison for the Brawand et al. data.
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with less
replicates
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Table S2: Results of the comparison for the Brawand et al. data.
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with less
replicates

More genes
with

same-same
comparison



likelihood ratio vs Wald test

 LRT reported to be more powerful in many applications
- but difficult to reconcile with the pB-shrinkage. With null
data:
Wald statistics = Normal — uniform p-values
Differences in deviance: not X? (pile up at zero) = non-
uniform p-values (piling up at 1)

(Without 3-shrinkage: similar)

 Wald tests allow (easily) banded hypotheses tests

(Bl <, |B] > c)



