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What is your biological
question?

Given a gene, test for:

 Whether transcripts levels change between conditions?
(differential exon usage, DGE)

 Whether transcript isoform proportions change between
conditions? (differential transcript usage, DTU)

 Whether individuals exons are differentially used?
(differential exon usage, DEU)



Differential problems: DGE

Differential transcript Differential gene
expression (DTE) expression (DGE)

transcript
expression levels
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Modified slide from Mark Robinson



Differential problems: DTU

Differential transcript usage

Expression

Condition 1 Condition 2

Soneson et al, 2014



Unambiguous assignment
of reads to single transcripts

A A,C? A,B,C?




Differential problems: DEU

Differential exon usage

(DEU)
condition A
QO
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Modified slide from Mark Robinson



What is your biological
question?

Given a gene, test for:

e Whether transcripts levels change between
conditions? (differential gene expression, DGE)

* Whether transcript isoform proportions change between
conditions? (differential transcript usage, DTU)

 Whether individuals exons are differentially used?
(differential exon usage, DEU)



Differential problems: DGE
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Modified from Wolfgang Huber



Differential problems: DGE
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Alignment-based abundance
estimation workflow

Raw reads
(fastq files)

Reference genome
(fasta files)

samples

Gene A (7 Co.

== GeneB | 13. . .

Gene annotation files

(gtf files)

Modified from Charlotte Soneson
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Data generaticn
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Are my data single-end or paired-end?
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<
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Tip: Look at the number of files per sample

Modified from Charlotte Soneson



Are my data strand specific?

Legend
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Tip: Visualize mapped reads in a genome browser (e.g. IGV)

Griffith et al, 2015



Alignment

,/'\/
P
Need a splice aware aligner
(e.g. STAR, GSNAP, ...)
NATURE METHODS | ANALYSIS QPEN I

NATURE METHODS | ANALYSIS Sl ™

Simulation-based comprehensive benchmarking of ~ Systematic evaluation of spliced alignment
RNA-seq aligners programs for RNA-seq data

Par G Engstram, Tamara Steijger, Botond Sipos, Gregary R Grant, André Kahles, The
RGASP Consortium, Gunnar Ratsch, Nick Goldman, Tim J Hubbard, Jennifer Harrow,
Roderic Guigd & Paul Bertone

Giacomo Baruzzo, Katharina E Hayer, Eun Ji Kim, Barbara Di Camillo, Garret A FitzGerald
& Gregory R Grant



Example using STAR: index generation

number of threads
l output folder -

name according

L to genome
S STAR runThreadN 24 \ reference

——runMode genomeGener%;é/< genome
--genomeDir my genome \
--genomeFastaFiles my genome.fa \

-=57dbGTFfile my genes.gtf X gene
——sjdbOverhang 99 — annotation

\ file

read length - 1

Modified from Charlotte Soneson



Example using STAR: alignment

created index

S STAR --runThreadN 24 \
—-—runMode alignReads \ read file(s)
-—-genomeDir my genome \
~-—readFilesIn 51 readl.fg.g=z \UnCMde
S1 read2.fg.gz \ sample D]

Modified from Charlotte Soneson



Aligner output: BAM files

B SRR1039508 > SRR1038508_Aligned.sortedByCoord.out.bam
SRR1039509 > SRR1038508_Log.final.out
) 1 11387 1 76M = 11648 417 CTGCAGGGCCCTCTTGCTTACTGTATAGTGGT
1133331133 JJ1JJHIIIII]]]I3III1]IIIDIFFFHFFDFDDEEEEEDDCDDDDDC NH:1:4 HI:1:2 AS:1i:150
) 1 11579 @ 76M = 11863 359 CAGAATTGTACTGTTCTGTATCCCACCAGCAA
1JJ3333J3J333333333333333333333333333333J3JJJIJFHHIIIIIIIIIII] NH:i:6 HI:i:3 AS:i:145
) 1 116606 @ 6OM7S = 11652 460 AGCAATGTCTAGGAATACCTGTTTCTCCACAA
(JJJIHIIIIIIGIGHEG?FGGIGHIIIGGFIHIJIJIBFHHIGIIGIJIJJCGFGGIIII NH:1:5 HI:i:4 AS:1:141
) 1 11625 @ 47M338N29M = 12083 534 TGTTTCTCCACAAAGTGTTTACTT
iHHHHIJHIH]11113333J1]333333333333333311DH1II111111333333333333131JHHH NH:i:6 HI:i:5 AS:i:l
) 1 11648 1 76M = 11307 -417 ITTTGGATTTTTGCCAGTCTAACAGGTGAAGCC

1JJJ1JJIIIT1II1ITIIII3333I31333333333333333I3IIIIIHHHHHFFFFFCCC NH:i:4 HI:i:2 AS:i:15@

read name flag chr pos mapq CIGAR

N N



Alignment-based abundance
estimation workflow

samples
Gene A (7 Do )
—_— e _ Gene B 13
- — _>
Gene X L

Modified from Charlotte Soneson



~N L.l.l_«l.)\.r\i N AL L - AN Al LLLGA -LJ(_LJ.LI/ \ GeTaUI.[:ye!

——order=pos \///////

—-stranded=no“\
——type=exon <\ check yol

el
——idattrzgene_id/ SRl

——mode=union \

aligned.bam \
my ‘genes.gitr

mapped reads
protein_coding 5139815 5141712 . - : gene_id ['FBgn@020621"; transcript_id
Btr0112897"; exon_ndmMoeErT— 10"; gene_name "Pkn"; gene_biotype "pro - o bk g@ﬂreipt_name "Pkn-RG"
on_id "FBgn0020621:1"; < _ _
annotation file (GTF)

Modified from Charlotte Soneson



Hrecountz

70,000 human RNA-seqg samples
already processed
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Alignment-free abundance
estimation workflows

transcript

H N 7 =
__—_ K m;\ o

transcriptome

Extremely fast compared to genome alignments!



Alignment-free abundance
estimation workflows

Equivalence classes: {A} = 2, {A,C}=3, {A, B, C}=4

Objective: estimate the transcript abundances that best explain
the observed counts for the reference classes.



Why is it important to consider transcript
length information? (hypothetical example)

Sample A Sample B
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length 2/ S —
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length /
Counts 10 10
per gene
Counts

by tx length



Considering average transcript
lengths improves estimates of DGE
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Soneson et al, 2015
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Gene A
Gene B

Gene X




Sequencing depth

mple 1 mple 2
——— ——
—— 1 ——— 1
———— 1 ——— 1
I ————— 1
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S — I —

Modified from Mike Love



Normalization for sequencing depth

actual expression

sample 1:
sample 2:
gene 1, 2, 3, etc.
sequenced reads
sample 1:
sample 2:
naivly normalized
sample 1:
sample 2:

Modified from Simon Anders



DESeq2 uses a median of ratios method

sample 1/ sample 2 log2( samplel / sample2 )
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* Create a reference sample by calculating the geometric mean across
samples for each gene.

* For each sample, take the ratio with respect to the reference sample.

* Take the median across genes for each sample.

Modified from Mike Love



DESeqg2 scaling factors or normalization

factors?
8.7 S 17
"size factor” "normalization factor"
per sample j per sample j & per gene |
sequencing depth sequencing depth and

other factors differ across samples
(technical bias: cgn or EDASeq)
(gene length: tximport)

robustly estimated median ratio method for

with median ratio sequencing depth can be
estimated on top

Modified from Mike Love



But, why counts and not other transformed data
(e.g. FPKMs)?

Raw count with mean of G
100 S g
Poisson sampling, so T
SD=1 O (l) SYO 100 1’;0 2[')O ZéO 300
- o 8
Raw count with mean of c S
100 = 3
o X
scale by 1/10 S : 1 ' ,
SD =7 0 50 100 150 200 250 300
Raw count with mean of S 8-
100 23); -
scale by 10 o gl )] III..U
150

|
200 250 300

SD - ? (l) SYO 100
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0.00 0.04

0.00 0.03

0.000 0.025

Variance of a gene: technical noise +

N

biological noise

/
// \ Biological sample with variance [
S ] — —=
0 20 40 60 80
!
I [ ] [ ] [ ]
. Poisson sampling variance = A\
1
|
0 20 40 60 80
‘H || I”W l“ Gamma-poisson process
|.||I||||||”| i ||H“HI“|II|||:..... Viaras
0 20 40 60 80

NB(u, 02 + y) = ANy, 02)

Poisson process in which the mean is gamma distributed



gene i

normalization quantity of interest

genej factor

13. . .

dispersion parameter
)

N

\ K;; ~ NB(s;:qi, ;)

Var(Kj) = pi; + o,
)

N

technical noise extra biological variability

Challenge: small number of replicates!



Dispersion estimation

AMLE = al‘gmax(ﬁ(af%: 1))

1
CRIla) — ~a log(det(X ‘WX )

QACR = argmax(ﬁ(a|E, i) + CR(a))

Cx
prior(a) = fa(log(a);log(asg:), (Ti_rn.i(.u.)

r - argmax(gw;}" it) + CR(a) 4 log(prior(a)))

8



Dispersion estimation

éyviLe = argmax(f(alk, 1) maximume-likelihood estimates
1
=—3 log(det(X'WX)) < Cox-Reid bias term
acr = argmax(£(alk, o) + CR(a)) Cox-Reid ML estimate

(8

prior(a) = fa(log(a);log(asg:), (Ti_rn.i(.u.)

r - argmax(gw;}" it) + CR(a) 4 log(prior(a)))
(8’
S

dispersion
1e-04

i ® gene-est
e fitted
8 ¢ final
- I T I i 1
1e-01 1e+01 1e+03 1e+05 1e+0Q7

mean of normalized counts



Dispersion estimation

éyviLe = argmax(f(alk, 1) maximume-likelihood estimates
1
=—3 log(det(X'W X)) < Cox-Reid bias term
acr = argmax(£(alk, o) + CR(a)) Cox-Reid ML estimate
prior(a) = fa(log(a);log(asg:), Ui_mim.) < alpha prior by
Ger-map = argmax(€(alk, i) + CR(a) + log(prior(a))) information
“ sharing across genes

1e+00
|

dispersion
1e-04

i ® gene-est
e fitted
8 ¢ final
- I T I i 1
1e-01 1e+01 1e+03 1e+05 1e+0Q7

mean of normalized counts



Dispersion estimation

éyvLe = argmax(f(alk, 1) maximum-likelihood estimates
CRla) = =7 log(det(X ‘WX)) Cox-Reid bias term
dor = argmax(€(alk, i) + CR(a)) Cox-Reid ML estimate
Y
prior(a) = far(log();log(ast), 05 prior) < alpha prior by
ACR-MADP = argmax(f(aw??, 1) + CR(«) + log(prior(a))) information
“ sharing across genes

1e+00

14 4 maximum a posteriori,
penalized likelihood

dispersion
1e-04

® gene-est
e fitted
e final

| | | | |
1e-01 1e+01 1e+03 1e+05 1e+07

1e-08

mean of normalized counts



Why shrinkage?

,/\\ distribution of 1000
/) \ darts players' ability:
! %, nhot observed
—’,/ \\~~--

each throws 5 darts:
sample variance
of the average

here showing 3/1000 players

l observed distribution:
averages of 3 throws from
each of 1000 players

shrink the averages
towards a center defined

‘shrunken” estimates by the observed distribution
less error overall

than individual estimates




Shrinkage estimation

population ,//\\\ daShed=unobserved
' ' ' 7 \
distribution // \\~
empirical l | l

«—MLE

maximum likelihood estimates

distribution

the center defines
the prior mean

shrunken
estimates or

S~—MAP

maximum a posteriori
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Generalized linear models

log pij = Z Bik ki

K

design matrix
response

expected counts
(exp ) predictors

(or differential expression effects)



Simplest case: two-group comparison

DESeqg2 design = ~ condition

.. X1
condition . \
A log,, U, 10
A log, U, 10
B log, u; =11 1
B log, u, L

-

estimated log expression

condition A = Blntercept

condition B = Blntercept + Bcondition_A_vs_B

-

Blntercept

Bcondition_A_vs_E

-’

1 1

A B
condition



Multi-level comparisons

DESeq2 design = ~ condition

condition X1 X2

4 )
A log, u, 1 0 0. .
A |092 U, 1.0 0 3Intercept
B |092 U; = 1T 1 0 3condi’[ion_A_vs_
B log, u, 1T 1 0} Beondition A vs_a
C log, u, 1 0 1|% ”
C log, us 1.0 1

\ J

estimated log expression

condition A = Blntercept

condition B = Blntercept + Bcondition_A_vs_B

condition C = Blntercept + Bcondition_A_vs_C



Comparisons with blocking factors

count ( log, )

A

condition

3

Sex
®F
A M

condition

A
®B



Comparisons with blocking factors

DESeg2 design = ~ sex + condition

sex condition

A
2
e

J

M A log, u,
log, u,
log, us
log, u,
log, U
log, U
log, u;
log, ug

3
3

3

Intercept

sex_female_vs_ male

condition_A_vs_B

'ﬂ'ﬂ'ﬂ'ﬂggg
W w>>00 >
S N W U U G |
O O O O A =2 a4 -
—_ A4 OO - a4 0O 0

'
.

What would be the predicted log
expression for females in condition B?



logs )

v

count

6.0 -
5.6 1
5.2 -

Interactions

A

B
condition

condition

A
®B



Comparisons with blocking factors

DESeq2 design = ~ sex + condition + sex:condition

sex condition C X, X, Xg )
M A log,, u, 1 1 0 O
M A log, U, 11 0 0|, N
M B logz U = 1T 1 1 1 3Intercept
M B logz U4 1 1 1 1 3sex_female_vs_male
F A |092 U5 10 0 O 3condi’[ion_A_vs_B
F A logz U6 1 0 0 0 3interaction
F B log, u; 10 1 0" ’
F B log,u, 10 1 0




DESeq2 shrinkage of log fold changes

>
o

4
1|
'

2

-2

MLE log, fold change
0
|

MAP log, fold change
0

<+ ¢ adj.p<.i < el @ adip<.
l T T l T T T T
1e-01 1e+03 1e-01 1e+03
mean expression mean expression

Love et al, 2014



DESeq2 shrinkage of log fold changes

1 2 3
l0g, fold change

0

o

., 8% rewaa

¥ |- renaLso

'y

- Me/vaa

— 918450

T T T T
008 009 O00v 00¢

O SIUNOD PazZ|[euwou

T
0

Love et al, 2014



DESeq2 shrinkage of log fold changes

A B
e <t —
® ®
o)) o
c e
§ - g -
O Q
L. B
o o o
o o
L=, 9o
L ey 0 N
2 | :
e, ¢ |7 | RMSE: 044
T [ I 1 T
-4 -2 0 2 4 -4 -2 0 2 4
MLE log, fold change MAP log, fold change

Love et al, 2014



log, fold change

Other hypothesis testing options

5 = ™M —
N — © AN —
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1e-01 1e+01 1e+03 1e+05 1e-01 1e+01 1e+03 1e+05
mean expression mean expression

Love et al, 2014



Confounders and experimental design

* Spielman et al., Nature Genetics 2007

/8% of genes are differentially expressed
between human populations

*Lin et al., PNAS, 2014

Differences in gene expression across species
are larger than between tissues of a same
species.



Confounders experiment

A

condition

3

batch

® baich1
A batch2

condition

A
®B



Confounders and experimental design

A batch

w Y7 ® batch1
S 6.5- o, A batch2
— 6.0
5 55- condition
S 50- A

T T () B

A B

condition

« Randomize conditions of interest in batches and
include it as a blocking factor.
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“Traditional” gene-set enrichment analysis

In gene set Not in gene set

................................................................................................................................................

DGE a b a+b
Background C d c+d
a+c b+d

(a: b) (Ctd) (@a+b)! (c+d)! (a+c)! (b+d)!

S (n) - 2 bl &.dl
ate

Fisher’s test




goseq estimates and corrects for RNA-seq
biases in GSEA

Proportion DE

o
(a)
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0.25 o
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Number of reads

Young et al, 2010
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For exploratory analysis, clustering, PCA:
Use rlog or vst data!

A logz B rlog
o _ O
™ ™
S
N »
- 4 A
w A '
Q il ‘... ‘g " ‘. _. ;
o ~
% T T I
0 5000 10000 0 5000 10000
rank(mean) rank(mean)
C log, D rlog
g - o
3 - i
e (M 'y oz,
= M 2
8- B
s = & &N X X v &
o - > = = oo B i
n 0 O O T @ s 2
O O

Love et al, 2014



Differential exon usage

Differential exon usage
(DEU)

condition A

condition B

o ..-_

gxon coverage

Modified slide from Mark Robinson



High-throughput RNA sequencing enables an
unbiased characterisation of isoform expression

Coverage

NRIATY I -

AT D
i .
A __

Data from Brooks et al. Genome Research, 2011



DEXSeq: inference of differential exon usage

samples

treated1fb treated2fb treated3fb untreatedifb untreated2fb untreated3fb untreated4fb
1997 494 562 1150 2514 570 547
122 112 180 69 203 156 142
276 293 305 190 398 312 259
420 200 182 230 446 183 185
416 217 279 146 170 237 231
486 357 471 190 337 418 364

574 465 536 469 805 480 496
536 417 447 541 832 475 472
191 PAZ T 216 217 427 286

- 4477 C?"’.“

188 130 96 617 1177 520
165 212 210 118 27 294
536 437 414 441 792 619
72 41 49 40 76 34

3 0 33 = 0 2

# of transcripts including an exon
# total transcripts

exon usage =

Anders et al, 2012



DEXSeq: inference of differential exon usage

exon /, sample J
| =1 exon under consideration
| = 0 sum of gene count

g i = B + I6F + BEC

/ \ changes

INn exon usage
samplg sp_eCIfIC average due to the
contributions exon usage L
conditions

(gene expression)

Anders et al, 2012



DEXSeq: inference of differential exon usage

misshapen

; control
1000 3 o} aal E‘f ps siRNA
5500 1 | === 1 5 — g —
S 300 - LEf=ﬁ— “ax BN — ... == |
= 200 - LW S W , - e

e —_— Tt Rt 4 e —
N100Y: == L : =
: skl
5 10 ‘; e
Z o —

.y : =
1
2555775 2562612 2569448 2576285 2583122

Anders et al, 2012



Detecting differential splicing vs differential
usage of TSS and polyA

EPR4 1148
Skin i ! &Ji "y
Tibial 89 ;
nerve 03 TP I U | N | TR
Sksletal 15 j l
8- Alternative TSS miehe — i
A i Aliernalive splicing Thyrold Ooj 1 |
E Allernative polyA AN ) Y
=1
(e N & BNt
L_gig gl g 10918 109.21 108.23 108,25 I
o Genomic coordinates (Mb)
- )
» —a 0 == g
B 1 ma € 8 REUC
& “H."'.'-'-. Bl le 7\ meean ':G , ,Gn;’ 5 RSIC
EHEAHE R 0 meals ' C
0 S0 o S I P
Cene model
Stg B
A g‘e84 | |
1 Alternative solicing 2 "ol A ———/ 4‘@
g = 5
[ giig g & | O
>
5 =
D
Q

52.1983 52.1987  52.1991
Genomic ceordinates (Mb)

Reyes et al, 2017






