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Arrays versus Seguencin

Arrays

« Hybridization technigue
 Relative measuremen
e Probes

RNA sequencing

e Counting RNA sequences
e Absolute measurement

 Tags
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Arrays versus Sequencing

Arrays RNA sequencing

+ Cheap - More expensivel

+ Easy to analyse - Harder to analyse

+ Designed - Not designed

- Bad sensitivity for lowly + Better sensitivity for lowly
abundant genes abundant genes

- Resolution fixed + Arbitary resolution?

- Only gene expression + Also exon expression,

mutations, inversions, etc.

1But becoming cheaper rapidly; 2But this may come at a price...multiple testing






Limma

Limma
Limma is an R package that facilitates the analysis of

microarray experiments in order to identify dlfferentlally
expressed genes.

Limma uses standard regression models, but estimates
the variance by “borrowing” information across all genes.

Hereto the distribution of the variance across all genes is
estimated, and used to improve estimates of gene-
specific variance (empirical Bayes).



Limma

Recall standard regression

Let:

*Y; denote the response variable,

*X1:---» X, the independent variables,

*Xi1,---» Xip the values of the covariates at observation |,
Vp,,..., B, the regression coefficients (parameters), and
n the number of observations.

The design space Is the p-dimensional space spanned
by the covariates.

The design matrix is the (pxn)-matrix, denoted X, with
elements X; representing the value of the J-th covariate
at the I-th observation.



Limma

Design matrix for single-color microarray experiments
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Limma

The standard regression model:

Yj = Xaj+ej with Var(g,éj)
and contrast of interest: 3; = C' «;
Estimates:

a; = (XIX)'x'y;
(A o2 wT~x\ -1 2
Var(aj) = 57 (X" X) = sV

~

Var(3;) = 93 C'vcC
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Limma

Distributional assumptions (standard):

/}j.k ‘[3%?(7? ~ N(Bjk, 032. (CtVC)ir)

2
£F

. D i .2

ok ‘Uj ~ ?de

J
where d; the degrees of freedom.

The ordinary t-statistic:

tjk. — 33};/\/8? (CTVC)kk ~ tdj




Limma

Limma extends this to a hierarchical model:

Yj = X(Xj —I—Sj, V&I'(Eq;j) = 0'2-

Priors:

11

m~J

™

33

Bj = C a
. 5 .
@r forD @r for (3

1 XQ
d(_) 8% do

(1= P(Bjx #0)) + P(Bjx #0) N(0.vor 07)
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Limma

Are priors reasonable?
Check for sigmas in Golub data in both groups

150 200 250 300
| | | |

100
|

50
1
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Limma

The posterior mean of the variance?:
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do I d]

Observed variance is shrunken towards the prior mean.

The moderated t-statistic:

L = B/ \/sj (CTV C)p

!

fjk_ — Bjk / \/Sf (CTVC)kk

follows a t-
distribution with
do + d; degrees

of freedom

1Details: Smyth, G (2004) SAGMB



Limma

Hyperparameters are estimated from empirical distributions.

.
[ \l For instance, dy and s, are
VZ x estimated from moment
equations, where sample

- \ moments are derived from
\‘ the empirical distributions.

0.0 0.2 0.4 0.6 0.8 1.0

14
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Limma

Experiment

POS. neg
o A 2x2 factorial design 10 h ﬂ ﬁ
* Affymetrix hgu95av?2 [ .

 Fully replicated
48 h.| 2x \ 2X \

Vv
time

» estrogren

Model: expression = 8, + B, X estrogen + 8, X time
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Limma

#install packages from Bioconductor
source(""'http://bioconductor.org//biocLite.R"™)

biocLite(pkgs=c("'estrogen™™, "limma', 'hgu95av2cdf'))

# load necessary libraries
library(estrogen)
library(I1mma)
Library(hgu95av2cdf)

# set working directory
setwd(system.file("'extdata', package = '‘estrogen''))

# load experimental design

expDesign <- read.table(estrogen.txt", header = TRUE, row.names

# load data

1

data <- read.affybatch(c("'lowl0O-1.cel", "lowl0-2.cel", "highlO-1.cel"

"highl0-2.cel™, "low48-1.cel™, "low48-2_.cel",

"high48-1.cel', "high48-2.cel'), phenoData =

new(""AnnotatedDataFrame",
data=data.frame(expDesign)))
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Limma

# normalize data
eset <- rma(data)

# create an appropriate design matrix
designMat <- model .matrix(~ factor(expDesign[,1])

+ Factor(expDesign[.,2]))
colnames(designMat)[2:3] <- c('estrogen', "time')

# fit linear model
fit <- ImFit(eset, designMat)

# assess significance and edit for presentation.
fit <- eBayes(fit)

# generate list of top diff.exp. genes with respect to time
topTable(fit, coef=""time")
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Limma

# generate list of top diff.exp. genes with respect to time
topTable(fit, coef="estrogen")

12573
12575
12563
12571
12569
1115

10167
12567
7082

12565

ID

AFFX-CreX-3_at
AFFX-CreX-5 at
AFFX-BioB-M_at
AFFX-BioDn-5_ at
AFFX-BioDn-3_at

2004 _at

40071 _at
AFFX-BioC-5 at
37014 _at
AFFX-BioC-3 at

logFC
-6.770435
-7.167717
-3.601440
-4.070924
-2.655716
-2.062192
-1.818236
-2.243696
-1.388554
-3.534264

AveExpr

10.406343

9.921026
8.270105
8.348424

11.401080

6.826916
8.096773
8.739444
7.820017
8.159920

—42

—24

-22

-17
-17

t

.68670
-40.
-25.
-03520
-19835
-18.
.26175
.04775
-16.
-15.

43357
94820

66861

61719
50963

P.Value
3.508801e-12
5.859309e-12
3.828441e-10
7.848047e-10
1.650565e-09
8.272932e-09
1.708289e-08
1.916796e-08
2.426732e-08
4_.575624e-08

adj.P.Vval
3.698689e-08
3.698689e-08
1.611136e-06
2.477040e-06
4.167676e-06
1.740763e-05
3.024944e-05
3.024944e-05
3.404165e-05
5.776725e-05

14
14
12
11
11

=
O oo

B

-430031
.258688
.336014
-905782
.429312
.292735
. 738052
.647630
-460491
-944951



Limma

Histogram of unadjusted p-values reveals a lot of signal

histogram of unadjusted p-values

2500

estrogen

2000

1500
|

Frequency

|illhllmmnm
[ | | | | |
0.0 02 0.4 06 08 1.0

unadjusted p-value

19

Frequency

histogram of unadjusted p-values

| | | T | |
0.0 0.2 04 0.6 0.8 1.0

unadjusted p-value

random covariate
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RNA Sequencing

o

* MRNA is transcribed from DNA

* Only those pieces that the cell needs are transcribed
(predominantly genes)

o Different pieces of DNA are transcribed in different quantities

 RNA-sequencing (RNA-seq): counts the number of copies of
each piece for a given unit (e.g. tag, gene) for a pool of cells
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Sequencing history

1977 - technologies published

1980 - Nobel prize
o Wally Gilbert & Fred Sanger

1982 - GenBank started
1987 - 1stautomated sequencer
1990 - 2003 — Humane Genome Project completed

2006 — next generation sequencing
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Next generation sequencing

Massively parallel sequencing
Millions of sequence reads

Short reads (25 — 500 nucleotides)
Up to complete genome in one run

Used for

» |ndividual samples to find genomic events that may relate to
disease

= Denovo assembly of new genomes for many different
organisms
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Next generation sequencing platforms

Roche 454
lllumina / Solexa

- ABI SOLID

Helicos
Pacific Biosystems

Costs of sequencing has decreased tremendously over the
last decade



10 GERATIC ANALYERR
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Raw data file

@SERO042267 .1 HUI-EA3ZZ SOBRJAAXY X 1:

GLGAACACACTOCAGAGTCGTATGUCGTCTTCTGCT
+
ITITIITITITITIITITITIIIITIIITIIIIIIIIIIIL

@SERO042267 . 2 HUI-EASZZ_ S08KJAAXE 2. 1:

GTGTTTTAAGGC TAAATTCGTATGUCGTCTTCTGCT
+
ITTTIITIIIIIITIIIIIIIIITIIIIIIIIIIIL

WSERO042267 .53 HWI-EA3SZ_308KJAAKKE . 2. 1:

GTGCCTCACAACCATCCTCGTATGCCGTCTTCTGET
+
ITTIIITIITITIITITITIIIIIITIIIIITIIIIIIIITL

@SERO042267 4 HUI-EA3ZZ SOBRJAAXN X 1:

GTAGTAT TGLCTGGEAATTCGTATGCCGTCTTCTGCT
+
ITITIITIITITIIITITITIIIITIIITIIIIIIIIIL. II

@SERO042267 .5 HWUI-EASZZ S08KJAAXE 2. 1:

GATTGTCAAAAALARAATCGTATGUCGTCTTCTGCT
+
ITTTIITIIIIIITIIIIIIIIITIIIIIIIIIIIL

@SERO042267 .6 HWI-EA3IZZ_308KJAAKKE . 2. 1:

CAAMAATAACGTGTGTTTCGTATGCCGTCTTCTGCT
+
ITTIIITIITITIITITITIIIIIITIIIIITIIIIIIIITL

@SRERO042267 7 HUI-EA3ZZ SOBRJAAXN 2 1:

GTGTTTTAAAGCTAAATCGTATGCCGTCTTCTGCTT
+
ITITIITITITITIITITITIIIITIIITIIIIIIIIIIIL

@SERO042267 . 8 HWI-EASSZ S08KJAAXY 2 1:

AT TCTGGATCAGTCGTATGCCLTCTTCTGE

+
TTTTTTTTTTTTTTTTTTTTTTTTTTTTTTITTTTTT

1638:1923

F72:1307

1470:339

771:1911

299130

1778:1916

846527

279:1552

header
seq

custom
gua

uence
lity score
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Alignment

RNA strands: variable lengths, depending on technology,
typically 10’s to 100’s

Humane Genome: length ~ 3*10°

AGTACTGCG
? ?
...... AC\ZAGTACTGCG'I;AT ceneeeeen. TGAGTACTGCGTT...........
|
CAGTACTGCGT
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Coverage

Sequencing Data Aligned to Reference Genome

MM NENEN N A CGA T CG RCTA G ACT A G AT AT C MG IO G A T O TC T ACT TAC TAC TAT CTACTACTAT G TATCGCTGAT GO TGT GHNN NN HNNN

Y
BOOMD Coverad by at Least One Read

% of Genome Mapped

(Reference Positicns with at Least One Aligned Read) B00Mb £ 1Gh = B0%

Sequencing Data Aligned to Reference Genome

HHHRENNNNHACGAT CGRCTAGC ACT ACGACT ACT C TG C TOGACTOC TCTACT TAC TAC TAT CTACTACTAT GO TAT COCTGAT GO T GT GHNNENNHHNHN

—_—

i !
I

450Mb Covered by at Least Two Reads

% of Genome Mapped
{Reference Postions with at Least TWO Aligned Read) A450Mb / 1Gb = 45%

Source: www.illumina.com



Counting sequences in exons

Count data for

this exon is 5

Exon X

Geneid WT_SHAN WT_SHAN WT_SHAN WT_SHAN WT_SHANM WT_SHAN WT_CSD1 WT_CSD2 WT_CSD3 WT_CSD4 WT_CSD4 WT_CSD5 WT_CSD6 RQ_SHAM RQ_SHAMRQ_SHAM RQ_SHAMRQ_SHAMRQ_SHAMRQ_CSD1 RQ_CSD2 RQ_CSD3 RQ_CSD4 RQ_CSD5_

ENSMUSG 553 1167 660 1736 365 760 971 961 974 864 926 1458 2843 556 871 1263 1142 1043 1919 969 794 771 682 394
ENSMUSG 2 11 3 8 2 8 1 10 3 30 9 5 19 1 5 34 13 1 3 8 13 5 1 1
ENSMUSG 26 50 50 42 100 140 29 31 41 28 41 147 99 20 43 74 135 63 92 55 44 23 68 41
ENSMUSG 381 664 442 762 476 653 618 376 353 79 727 1271 1938 381 306 859 687 249 1596 773 635 240 562 171
ENSMUSG 399 956 531 1725 1217 1111 668 928 350 151 398 828 2199 480 702 1611 1448 331 678 1199 1014 652 913 258
ENSMUSG 776 2144 1500 3594 2453 3111 1570 1955 948 379 1363 2021 5833 1087 1401 3664 3103 1414 1999 2526 2110 1241 1805 655
ENSMUSG 58 131 74 211 170 150 68 95 83 81 74 203 282 78 65 113 115 60 143 132 101 90 119 33
ENSMUSG 22 30 20 26 35 44 30 19 18 0 17 38 78 14 19 97 86 10 23 41 34 12 14 26
ENSMUSG 31 100 39 138 87 68 66 82 72 19 72 166 277 53 78 209 64 49 173 118 109 85 67 31
ENSMUSG 25 67 45 103 307 485 34 44 129 0 82 162 187 46 68 324 298 190 164 59 68 32 229 40
ENSMUSG 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
ENSMUSG 14 39 21 41 33 47 30 20 91 33 49 110 58 17 18 44 76 48 100 48 42 28 43 34
ENSMUSG 0 1 1 0 0 5 1 1 0 0 0 3 6 1 0 1 0 0 3 0 0 0 0 0
ENSMUSG 84 131 64 144 100 67 112 113 171 0 88 111 268 81 90 195 190 103 188 142 115 90 77 50
ENSMUSG 5 10 8 32 8 23 13 6 0 0 13 35 21 4 4 0 0 0 23 12 15 5 13 2
ENSMUSG 34 81 62 89 49 73 50 48 7 0 185 285 143 47 29 27 80 0 285 87 69 46 45 17
ENSMUSG 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0
ENSMUSG 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
ENSMUSG 5 21 5 27 33 6 13 14 11 0 11 1 50 11 7 15 48 58 23 22 21 14 19 10
ENSMUSG 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
ENSMUSG 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 9 0 0 2 0 0 0

ENSMUSG 0 0 0 0 0 0 0 0 0 0 0 0 2 0 0 0 0 0 0 1 0 0 0 0
ENSMUSG 354 732 494 1263 467 621 574 615 292 135 429 909 1615 380 558 674 642 292 1256 906 816 484 616 237
ENSMUSG 0 1 0 1 0 0 0 0 0 0 1 10 0 0 0 0 0 0 0 6 0 1 0 0
ENICRLICE A 79 12 16 21 72 16 11 27 n 11 21 g2 [ 11 an n £Q [~ 17 12 [ JQ 11

29



®
RNASseq

« Sequence specific regions at high coverage OR whole-
genome at lower coverage

e Coverage: average number of reads representing a given
nucleotide. Calculated as N*L/G with G: length of the original
genome, N: the number of reads, L: the average read length

 RNAseq should be better than microarrays, in particular for
lowly abundant mRNAs + provides more detailed information,
e.g. on pieces of genes (exons)

pre-mRNA
5" UTR Exon [ntron Exon Intro Exon 3" UTR

mRNA



Presentator
Presentatienotities
Continuous Data: microarray gene expression, miR expression
Count data: RNAseq, miRseq 
Nominal: SNP
Nominal/ordinal: DNA copy number
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Normalization
for RNAseq data



®
RNAseq

‘Data: preprocessed; Tag: piece of RNA. May be a gene/exon. ‘

Samples

>
CERC IR (O 23| 42| o) 17
- o] of o o
Tag3 231 101 20 24

1C TN Y 12| 3] o] 17

Counts!


Presentator
Presentatienotities
Continuous Data: microarray gene expression, miR expression
Count data: RNAseq, miRseq 
Nominal: SNP
Nominal/ordinal: DNA copy number
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RNAseqg:normalization

Library sizes (unit 10°)

L1= L2= L3— L4— L5= L6= L/= L8=
2.8 3.2 0.7 3.7 2.1 1.3

Mean = 2.4*10°

Correction multiplicative factor: Ci = Mean/Lifori=1, ..., 8

Tag3 231 101 24
ci 09 o8 27 o5 |4 EEE]

Tag3 198 76 53 13

X


Presentator
Presentatienotities
Continuous Data: microarray gene expression, miR expression
Count data: RNAseq, miRseq 
Nominal: SNP
Nominal/ordinal: DNA copy number




.

RNAseqg:normalization

Samples

>
CR N Z 70| 27| o 31
2B o] o] o o
Tag3 198 76 53 13

rgp 2 0 3 2 EHNEEJES

T (*106) 2.4 24 24 2.4

Normalized library sizes are equal.



Presentator
Presentatienotities
Continuous Data: microarray gene expression, miR expression
Count data: RNAseq, miRseq 
Nominal: SNP
Nominal/ordinal: DNA copy number




®
TMM and upper quatrtile

e Upper guartile:
=Let L;(0.75) be the 75% quantile of library J.
* med = median(L,(0.75), ..., L,(0.75))
=Then multiply vector y; by med/L;(0.75)
e TMM
= Similar, but uses weigthed trimmed mean of log-ratios

(M-values) with respect to reference [usually sample | that
corresponds to med (above)]


Presentator
Presentatienotities
Continuous Data: microarray gene expression, miR expression
Count data: RNAseq, miRseq 
Nominal: SNP
Nominal/ordinal: DNA copy number
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Differential
expression for RNAseq



Differential expression for RNAseq

These are usually very non-normal data!

Permutation tests can be applied, but lack of power for
small sample sizes.

Samples >
agi o o 10 4 [EEKE]
Ranks

>
TR | s :| o

37



Differential expression for RNAseq

R example

X <- ¢(0,0,10,4)
y <- ¢(23,42,0,17)
wilcox.test(x, y)

Wilcoxon rank sum test with continuity correction

data: xandy
W = 3, p-value = 0.1832
alternative hypothesis: true location shift is not equal to O

More powerful alternatives: edgeR and ShrinkBayes?

38 llectures 11,12



Counting process

Poisson distribution
Y, ~ Poisson(A;) with A, = pir

I gene, exon, ....

K: technical repeat

A;: true expression

Y... observed expression

pi: probability

r: total number of RNA molecules

Poisson distribution: good model when only technical

repeats present
39
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Overdispersion

Poisson: variance = mean = A
Biological variation between subjects increases variance

Count Y; for J: biological replication

Use of Poisson: underestimation of the variance

Many false positives
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Overdispersion in our data

1a-+06 1a+08
| |

L

1e+04

1e+02
|

Pooled gena-lavel variance (log10 scals)

1e+00
L

[ | |
1 100 10000

Mean gene exprassion level (log10 scale)
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Counting process

Negative Binomial distribution
If Y ~ Poisson(A) and A ~ Gamma(f(u, ¢®),9(4,9))

Then,Y ~ NB(u, @), meaning P(Y=y,) =

[(y; + oY) ( 1 )@1 ( N Yj
F(o=Hl(y; +1) \ 1+ puo ol + 1

E(Y) =4

V(Y) = p(1+ p o) What are f() and g()? [Exer]



Relgtive frequency

Count data

012

010

0.05

0.06

004

ooz

a0

oo

o
ER-F-F-F-1

u] ] 10

okbservation

13

20 23

Relgtive frequency

0.0ov

0.06

0045

0.04

0.03

002

0.04

Relgtive frequency

10

okbservation

13

005

(.06

0.04

0oz

10

T T T
13 20 23

observation

Poisson (left) + 2 negative binomials (mid,right), all mean 10



Count data

Negative binomial distribution has a dispersion parameter
that tunes to the observed variability (between samples)

Dispersion parameter essential for the final p-value

L
o
L =
= o
= -
=
=
o
=
=
L
e
ph .
=
=
5 5 -
frat , = i
g = T S
T z <
E z o
= 5 5
k) [ak) ]
[ [
Lo
= P
L) — -
= = 7
=
Lo
=
= 4
=
=
o= =
= =
= [
] I I I I I I I I I I I I
20 40 50 80 100 120 140 20 40 &0 g0 100 120 140

44 zroup 1 (Red)ws Group 2 (Black) Group 1 (Red)vs Group 2 (Elack)
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edgeR

R-package by Robinson et al.

Package available from Bioconductor

MODEL

Yii ~ NB(Hj, @)
M = 97(X;B)

Here, g denotes the link function.
For @; known — NB in exponential family — GLM setting



B
edgeR

» Most difficult part: estimation of @, .
e Ordinary likelihood may render biased results
* edgeR uses concept of conditional marginal likelihood

e Idea: condition on sufficient statistic for y;, total count Z;:
n
Z,=).Y,
=1

* In case covariates are absent we have Y; ~ NB(u;, ),
hence Z, ~ NB(np;, @/n)

46


Presentator
Presentatienotities
Proof: 

Characteristic function NB C_Y(t) = E[exp(itY)] =  \sum P(Y=k) exp(itk) . 
With r = phi^{-1} (dropping index):

C_Y(t) = {r/ (\mu(1-exp(it)) + r)}^r. For iid rv’s: C_Sum_{i=1}^n[Y_i](t) = [C_y(t)]^n.

So C_Z(t) = {r/ (mu(1-exp(it)) + r)}^(rn) = {rn/ (mu*n(1-exp(it)) + rn)}^(rn)  = 
{r’/mu’(1-exp(it) + t’) }^r’ which is the unique CF of a negative Binomial with parameters:
mu’ = mu*n and phi’ = 1/r’ = 1/(rn) = 1/n * \phi


B
edgeR, conditional likelihood

Drop index 1.

1

Y A1 @ . Y;
flysp, @) = P(Y; =y;) = I;('-f'3+@ ) ( ! ) ( L )

Lo~ (y; +1) \ 1+ 0 o1+

Z=>"Y; =" NB(np.o/n)

j=1
Ly, o)z) = Uy p, ¢l Z = 2) Zlog =yi|Z=2)] =y, zp.0) = l(zip. &) = Uy: p. @) — (22 1, &)
(y:p.0) =) (log(F(-yj +071) —log(T(¢7")) = log(T'(y; + 1)) — &~ log(1 + pg))
j=1

+y;(log(p) — log(¢ ™" + u)))
(211, 0) = log(I'(z + no™t)) —log(I'(ng™1)) —log(I'(z + 1)) — ne~log(1 + o)
+ 2(log (1) — log(¢™" + p))

W(y: i 0]z) = Uy 0]z) = Y log(D(y; +¢~")) = log(I(z + no™")) = nlog(I'(6™1)) + log(I(no™")) + C.

so all terms involving i cancel, using the fact that z = Z?:l ;-

47


Presentator
Presentatienotities
Log-likelihood: log[P(A|B)] = log[P(A,B)/P(B)] = log[P(A,B)] – log[P(B)]

B= Sum Ak, b= sum ak; P(A1=a1, .., Ak=ak, B = b ) = P(A1=a1,…, Ak=ak) because B=b is implied by A1=a1, …, Ak=ak
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edgeR

Estimation of common dispersion ¢: maximize the
common conditional likelihood (not depending on L):

* (Yol 2) =%, ,lilyielZ)

Shrink individual likelihoods to the common likelihood
« WL(p) =1 (ysoil Z) + alc(Y;0,| Z)

o IS estimated using Empirical Bayes principles, similar
to those of limma and ShrinkBayes?

Maximize WL(¢) with respect to ¢

1to be discussed



edgeR

' — Tagwise
DR —— Common
= Lo
- . :'.‘ o
@ _
o
D
o
©
E © _
o o
e
(7p)]
D
-— <t
L o
o
N
o

Abundance = total count
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edgeR

Shrink individual likelihoods to common likelihood of
those tags (i) that share a similar abundance Z..

2(0)={4| |14 -Z <8}

* WLip) =liyioi|Z) + alc(Y'():0: [ 2() )

- Agalin, a Is estimated using Empirical Bayes principles

- Alternatively, use binning: Z’'(i) consists of a fixed

number of tags with abundances closest to Z,
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Shrinkage

Beneficial effect of shrinkage
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5 repeated studies. Estimates of parameter of interest +/- sd.
52 Solid: no shrinkage; dashed: shrinkage. (a): n=5, (b): n=40.



edgeR, exact test
Two-group model*, X; = 1: sample j is in group 2

Yii ~ NB(Hj, @)
Mij = 97H(Bo + B4 X))

Define partial sums:  Z, =Y, Z,= )Y,
=1 j=n;+1
Then under H,: B, =0,
Z, ~ NB(nyu, @/ny) Z, ~ NB(n,u, @/n,)

53 lapproach also valid for k-group setting
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edgeR, exact test

P-value computation (similar to Fisher’s exact test)

cletZ) =7 g1 Lo = Zy o5 L = L1F 2L, =2

* p(zl,obs’ ZZ,obsl Z) = P(Zl = Zl,obs’ ZZ = ZZ,obs | Z:Z)
e Let (z,,z,) be any integer pair for which z,+z,=z, p-value:

In words: sum of all

p - Z p(Z]"Zz | Z)I{p(zl 'Zzlz)Sp(Zl,obs 'Zz,obslz)} part|t|0n5 Of Z |nt0 Zl
(21,2 )21 42, =2 and z, which are
more extreme than
Z p(zl)p(zz)l{p(zl)p(zz)Sp(zl,obs)p(zz,obs)}
_ (z9,23)21+2,=2 (Zl,obs’ ZZ,obs)

> plz,)p(z,)

(z1,25 )z +2,=2

o4
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P(z1,z2|z)  = P(z1,z2,z)/P(z)  = P(z1)P(z2)/p(z) = P(z1)P(z2)/ \sum _{z1,z2} P(z1)P(z2)
Because the latter is a convolution for two independent RVs
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edgeR, exact test

#R example exact test; nl = 4; n2 = 4;

#for n = 1: mu =6; size = phi™{-1} = 2.5; so for n=4: mu4d =
#4*6=24_. phi4 = (1/(2.5))/4 = 1/10, so size4 = 10

#0bserved sum: Z = z = 50; Z1 = zlobs = 10; Z2 = z20bs = 40.
#Due to equal sample sizes, all partitions of z for which
#min(zl,z2) <= 10 result in p(zl,z2) <= p(zlobs,z20bs)

mud4 = 24; si1zed=10

pval <- function(obs){

sumnbinomobs <- 2*sum(sapply(0:obs,function(i)
{dnbinom(i,mu=mu4,size=sized)*dnbinom(50-1,mu=mu4,size=sized)}))
sumnbinom <- 2*sum(sapply(0:25, function(i)
dnbinom(i,mu=mu4,size=sized)*dnbinom(50-1,mu=mu4,size=size4d)))
return(sumnbinomobs/sumnbinom)

}

#pvalue for (zl1lObs,z20bs) given z=50:
pval (10)

#And now the entire null-distribution:
distr <- sapply(0:25,pval)
distr
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edgeR, LRT

The edgeR model (NB-GLM) fits in the GLM setting: once
@, known: standard likelihood-ratio testing applies.

1. TestHy: B;=0
2. Perform maximum likelihood estimation under H,
3. Perform unrestricted maximum likelihood estimation: b

4. LRT =log(MLqy(Y; b(;) - log(ML(Y; b), where b,
denotes the estimate of 3 under restriction 3, =0

5. Under H, : LRT! ~ x2(df=1)
Also applies to k parameters: LRT ~ x2(df=k)
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‘ Demo

See ‘edgeRdemo.R’
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Plusses and Minuses

+ Easy to use
+ Fast
+ Solid, when sample sizes are medium to large

- A:Cannot deal well with multiple sources of variation
(random effects). E.g. within person and between persons

- B: Cannot deal well with paired data

- C: Does not deal well with excess of zeros. Consider

filtering out rows with, say, more than 70% zeros.
58
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Ad A: Multiple sources of
variation (random effects)

E.g. Data on 6 individuals, multiple
(3) locations of tumor

Ignore 2 sources of variation

18 measurements treated as
independent

Too small sd o

Too optimistic p-values
59
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‘Ad B: paired data, tagi,i=1, ...,p

Individuals
e FFFFFFFF
After 11 2 i
Treatment

60
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‘Ad C: Excess of zeros ‘
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[Zero-inflated) Negative Binomial

61 Black: true (zero-inflated). Red: best fitting neg. binomial
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ShrinkBayes

Alternative R-package (Next week)

+ Better for small sample sizes

+ Can deal with pairs, random effects, excess of zeros
+ More reproducible results

- More difficult to use

- More time-consuming

- Bayesian concept, less familiar to most biologists
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