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€ Microarray data analysis (L6.1)
@ Principles

Pipeline for data analysis

Experiment description

APT import

¢ ¢ ¢ ¢

QC, differential expression analysis

& Differential expression analysis
€ RNA-seq data analysis (L6.2)
@ Enrichment analysis (L6.1)
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GEO http //www.ncbi. nIm nih.gov/gds TCGA: https://tcga- data nci.nih. gov/tcga/

Sk & 4 S
...... ¥ Goater & Z $1ig-GE0 Datens

Browse Content

Repository Browser

DataSets: 2847
Series: |:-J 50810

Platforms: 13387

Samples: 1237318

ArrayExpress http: //www.ebi.ac.uk/arrayexpress/
r preT— T

e eiae - /@ P fre 4 =

e L e A R Data Content
@ press o271 o e Updated today at 06:00

s | Submit | Help | About ArrayExpress pr—"

ArreyExpress > Experiments > E-MEXP-3544

o 52801 experiments
E-MEXP-3544 - Transcription profiling by array of human malignant melanoma cell line, A373, following
interteron-gammarinduced gene transcription o 1555904 assays
. o 24,99 TB of archived data
Samples (10)  Click for detailed sample information and links to data
Array (1) A-AFFY-184 - Affymetrix GeneChip MiRNA 2.0 Array [MiRNA-2_0]
Protocols (6)  Click for detailed protocol information

Deseription  MicroRMAs are major requlators of post-transcriptional gene regulation. Even small changes In miRNA levels may
have profound conssquences for the expression levels of target genes. Hence, MiRNAs themselves nesd to be

tightly, albeit dynamically, ragulated. tere, we investigatad the dynamic behaviour of MIRNAS ower @ wide time
range following transcriptional activation of melanoma calls by interferon-7 (IFN-7), which activates the transaiption
Factor STATL. By apolying seversl software packages for analyses, visualisation and identification of differentially
exprassed MiRNAS desived from time-series microamay expasiments, B.9% (98) of 1102 miRNAs appeared to be
directly or indirectly reguiated by STATL. Focussing on distint dynamic expression pattems, we found that the
majarity of differentially expressed mIRNAS were up-or down-regulated in the intemediate time range (24 h - 48 1),
e (miR-27a") was up-regulated sarly (alieady at 1

S
J oo oo i < B e
€8 ningor - 8- slere 4 n =
& 1 1M Gmas () Fiesendar € Coursera 23 Maps € TCGA [77 GENCODE [} cBioPorta et comp - * Lelabo 4 lamason ¥ GOBLET

1g - GEO Datasers

The Cancer Genome Atlas Ag genomics

Data Portal K imorors cariercore

EZN comowion  Toon  AboutheDma  Publcaton uideines

Home —

TCGA Data Portal Overview

08162014 - TCGA DCC Downtime

The TCGA o NCrs Cancor v
9. cataloging. for sequencing

080712014 - Software relesse

o Wore TCGA Information

Sep 2014 — more then 10k patients

Top Cancers in TCGA

Lung squamous cell carcinoma [LUSC]
Thyroid carcinoma [THCA]
Brain Lower Grade Glioma [LGG]

Lung adenocarcinoma [LUAD]

I
I
I
I
Head and Neck squamous cell carcinoma... m——

Glioblastoma multiforme [GBM] I

Kidney renal clear cell carcinoma [KIRC] I

Uterine Corpus Endometrial Carcinoma... I
Ovarian serous cystadenocarcinoma [OV]  IE—

Breast invasive carcinoma [BRCA]

o

200 400 600 800 1000 1200

.
.

e e s ch ey sty 1) i st 23 - 5 . v o Analvsis via
dividual MIRNAS was ltered gradusily over time of it ATty INCreased Detween two Kime points. FUrthermon, we .

have observed co-crdinated dynamic Lisnscription of severs| clustered miRNAS. Howewer, we also detected that
some of those can be regulsted independently of their genstic chuster. Most intesestingly, seversl “star’ af

S SR D B e http://www.cbioportal.org/public-portal/

Data for our course: http://edu.sablab.net/transcript
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Types of Microarrays

One-color Arrays (1C)
& Affymetrix GeneChip
¥ Affymetrix Exon

¥ Affymetrix mRNA

Two-color Arrays (2C)
# Agilent full genome
¥ Thematic arrays

g

Pro
@ Direct comparison
@ Less sensitive to inaccuracies of Pro
spotting ¥ Flexible analysis
¥ High level of standardization

Con Con
& Dye effects: need for “dye-swaps” @ Price

& Non-flexibility in analysis
edu.sablab.net/abs2017
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One-color Arrays

Raw Normalized

All Rows of 1

1058

High reproducibility and quality of spotting is required.
Affymetrix — “photolithography”-like technique

Actual size of GeneChip™

953 4

847

741

Millions of DNA strands built up in each cell

B35

= 5

500,000 cells on each GeneChip” array

Actual strand = 25 base pairs

423

317

LogIntensity = log,(I)

211

105
i i

Background is “removed” during normalization step

48 58 B8 78 a8 a8 108 "8 1249 134

,, [ [ 1005000 o a0ers ¥ 126000 Filtering may help removing uninformative features

. Data analysis in transcriptomics
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Affymetrix: Probes, Probesets and Transcript clusters

In old versions of Affy arrays (hgu95, hgul33, etc), there were:
Probes
= PM - perfect match probes
-mer sequences . . .
targeted on a single region MM — mismatch probes (having replacement in th 13t character)
of transcriptome This was done for background estimation.
flopei) But this approach is not used now!!

Probesets v

groups of closely located 3 IVT PM ‘Em
MM
or overlapped probes (on o .

average 4 probes) T

s
= =]
ERCIE R
L A
BoEs)
SinEs

v v 99”9 ...............................................................................................
- Ut |AAAAAAAAA
Exons Transcript clusters | ;
HuExon and HTA For majority of features - 5 : 3
arrays allow synonymous to “genes”. ______ utr  |AAAAAAAAA
measuring exon However, some distinct : o
expression transcripts of genes are | O - Probesets
considered as different
transcript clusters. Exon PMEET T

Okoniewski M, Comprehensive Analysis of Affymetrix
Exon Arrays Using BioConductor, PLoS CompBiol, 2008

L6. Data analysis in transcriptomics edu.sablab.net/abs2017
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Normalization of Affymetrix Arrays by RMA

Background
correction

¥

Normalization
b/w arrays

¥

Estimate
expression

Background and signal are strictly positive.
Noise is additive in log scale:

normal
PMij — Sijn + Bijn

exponential

Quantile normalization b/w arrays: makes distribution of
probes the same across all arrays

Probeset expression is estimated from a linear model:

expression error with 0 mean
= . . i—array
Yl]n Hin T Ajn + Eijn j - probe
observed probe affinity n -- probeset

“Median polish” helps avoid outliers effect

L6. Data analysis in transcriptomics edu.sablab.net/abs2017
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File Formats

Axon,

GPR R/Bioconductor

flexible, easy to use R after

other arrays
(old fashioned) text format

Affymetrix Power Tools
fast, memory efficient

CEL
m 3 formats: 1 text Commercial tools

or 2 binary user friendly

Online tools:
http://www.arrayanalysis.org/

. TXT http://www.arraymining.net/
Agllent FeatureExtraction

text format

L6. Data analysis in transcriptomics edu.sablab.net/abs2017
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Analysis Pipeline

Text files with log, Lists of
Ra\{v CEL gene (or probeset) differentially
files expression expressed gene

T ) ( T ) - ) T )
Image Pre- Quality Statistical jl>
i ' i Analysis
Analysis /—!)L processing . control ysi .

Affymetrix® » Background Remove low » Significance analysis for
software correction quality arrays, differentially expressed
» Normalization if necessary genes (DEG)

» Prediction analysis
» Co-regulation analysis
> Etc.

» Summarization

> Bioinformatics

L6. Data analysis in transcriptomics edu.sablab.net/abs2017
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R / Bioconductor

Florian Hahne « 'l.wguqﬂwu
Robert Gentleman  Vincenst |, Carcy Robert Gentleman « Seth Falcon
Huber Rafacl A. -
Welfgang Irkearry
Aan
@) Springer
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Import: Affymetrix Power Tools

apt-probeset-summarize is a program for doing background subtraction, normalization and
summarizing probe sets from Affymetrix expression microarrays. It implements analysis
algorithms such as RMA, Plier, and DABG (detected above background).

The main features of apt-probeset-summarize not common in other implementations are:

Quantile normalization using a subset (sketch) of the data which results in much smaller
memory usage.

http://www.affymetrix.com/support/developer/powertools/changelog/apt-probeset-summarize.html

apt-probeset-summarize
-a rma-sketch -d chip.cdf -o output-dir --cel-files files.txt

CDF
— apt-probeset- TXT
_ i —>
CEL summarize table
T
files.txt CSV,
annotation

L6. Data analysis in transcriptomics edu.sablab.net/abs2017
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Import: R

oligo is a Bioconductor package for preprocessing oligonucleotide microarrays. It currently
supports chips produced by Affymetrix and NimbleGen and uses les provided by these
manufacturers in their native format. The package provides a united framework for
preprocessing and uses the data representation established by the Bioconductor project,
which simplifies the interface with other packages in the project.
https://www.bioconductor.org/packages/release/bioc/html/oligo.html

library(oligo)
celFiles = list.celfiles(full.names=TRUE)

## import
rawData = read.celfiles(celFiles)

## Bg correction, normalization and summarization
normData = rma(rawData)

H# get expression matrix
X = exprs(eset)

L6. Data analysis in transcriptomics edu.sablab.net/abs2017 12
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http://edu.sablab.net/data/gz/
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Differential Expression Analysis

Design Matrix
design = model.matrix(...)

) 4

Model
mod = ImFit(x,design)

) 4

Factorial design

Contrast Matrix
CM = makeContrast (...,
design)

v

Contrasts Fit
mod2=
contrasts.fit(mod,desig)

) 4

http://sablab.net/scripts
limmaEBS2Class.r
limmaEBSnClass.r

LibDEA.r

Empirical Bayesian Method
EB = eBayes ( mod2 )

‘| Generate List of Genes
topTable (EB,...)

L6. Data analysis in transcriptomics
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Please go through the code at:
http://edu.sablab.net/abs2017/scripts6.html

Section 6.1

Do Exercises 6.1

L6. Data analysis in transcriptomics edu.sablab.net/abs2017 ()
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RNA-seq
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Next Generation Sequencing: RNA-Seq

MRNA

!

e—— j— or
— —
RNA fragments l cDNA

EST library

i with adaptors

ATCACAGTGGGACTCCATAAATTTTTCT
CGAAGGACCAGCAGAAACGAGAGINYNA e —_—
GGACAGAGTCCCCAGCGGGCTGAAGGGG
ATGAAACATTAAAGTCAAACAATATGAA

|

|
M

ORF
Coding sequence =
| o
ozl Exonic reads
(== L ] [ e .« ..

Juncti(?l-l:e-a-d;; == D\:>:> IDD DD:é> nd ead I. d E
—_— = = poly Feacs normalized counts:

s — == = Mapped sequence reads raW CO u nts 7

= T CPM, fpkm, rpkm

Base-resolution expression profile

[ A

Nucleotide position

Wang Z et al. RNA-Seq: a revolutionary tool
for transcriptomics. Nat Rev Genet. 2009

A

coverage

RNA expression level

edu.sablab.net/abs2017 17
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File Types
Raw image files
l QHWI-ST508:152:D06GOACXX:2:1101:1160:2042 1:Y:0:ATCACG
_ NAAGACCGAATTCTCCAAGCTATGGTAAACATTGCACTGGCCTTTCATCTG
FASTQ files +
1 #117?4+2<<<CCB4AC?32Q@+1QAB1**1?AB<4=4>=BB<9=>?######
[ Mapping } Read — a short sequence identified in RNA-Seq experiment
l Library — set (10° — 108) of reads from a single sample
. @HD VN:1.0 SO:coordinate
SAM/BAM files @sQ SN:seql LN:5000
@sQ SN:seq2 LN:5000
l @co Example of SAM/BAM file format.
. B7_591:4:96:693:509 73 seql 1 99 36M *
Counting 0 0 CACTAGTGGCTCATTGTARATGTGTGGTTTAACTCG
<<LLLLLLLLLLLL LKL ; KLLLLLLLLBkkkL; : <7
l MF:i:18 Aqg:i:73 NM:i:0 UQ:i:0 HO:i:1
Hl1:i:0EAS54 65:7:152:368:113 73 seql 3 99
Raw counts ~35M . 0 0
CTAGTGGCTCATTGTAAATGTGTGGTTTAACTCGT
. <<LLL<L<L<LLL0<K<L<L<LB55<<T<<L<L: 9<<3/ :<6): MF:i:18 Aq: i:66
Normalized counts NM:i:0 UQ:i:0 HO:i:1 H1:i:0
cpm, fpkm, rpkm For the list of tools see:

http://en.wikipedia.org/wiki/List_of RNA-Seq_bioinformatics_tools

L6. Data analysis in transcriptomics edu.sablab.net/abs2017 18
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Problems:

@ Libraries has different size (different number of reads from samples)

@ Long transcripts produce more reads
Solutions (?) :

@ Accounting for library size during analysis (standard) or direct correction for it
@ Correction for transcript size (but which transcript is expressed?)

logCounts linear Counts/ length

o0+ Corrected?..
s
s
200

Sum of counts

3.5e+07 —
3.0e+07 —
2.5e+07
2.0e+07 —
1.5e+07 —
1.0e+07 4
5.0e+06 —
0.0e+00 —

5
g

NHEM

ient_4_NS
patient_2
ent_4_PM
patient_6

L6. Data analysis in transcriptomics edu.sablab.net/abs2017 19
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Differential Expression Analysis

Cufflinks . —— DE transcripts
(average counts)
DE genes
HTSeq < edgeR
(raw integer .
counts) DESqu 4 NOJ;’T:J?:;ZEd
 limma + voom
other Other © DE transcripts
DE exons

L6. Data analysis in transcriptomics edu.sablab.net/abs2017 20
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Differential Expression Analysis (edgeR)

htts://sablab.net/scripts |  LibDEA.r

Differential Expression Analysis (DESeq2)

htts://sablab.net/scripts = LibDEA.r

L6. Data analysis in transcriptomics edu.sablab.net/abs2017 21
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Enrichment Analysis
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1. Category Enrichment Analysis

Are interesting genes overrepresented in a subset corresponding to some biological process?

Highly enriched category A Someone grabs “randomly”

20 balls from a box with
100x @ and 100x e

How surprised will you be if
he grabbed

Enriched category B (17 red, 3 green)

il s

No enrichment in C
Method of the analysis:

Fisher’s exact test

sand belongs to: http://www.dreamstime.com/photos-images/pile-sand.html ;)))

L6. Data analysis in transcriptomics edu.sablab.net/abs2017 23
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1. Category Enrichment Analysis

Fisher’s exact test: based on Hypergeometrical: distribution of objects taken
hypergeometrical distributions from a “box”, without putting them back

MY N =AY N total number of genes
il _ M: total number of genes annotated with this term
_P_l_z : i n: number of genes in the list

= N k: number of genes in the list annotated with this
term

o

!
it =ct =) =

P=46E8
P=B3E3
] P=35E9
1 P=21EN
J P=12E9
J P=25E6
P=15E10
——— P=37E9
P=11E19
P=74E18
P=28E19
P=23E23
P=28E28

PROTEIN FOLDING

TRANSLATION, RIBOSOMALSTRUCTURE AND BIOGENESIS [
PROTEIN UBIQUITINATION

ATP METABOUSM

SMALL GTPase MEDIATED SIGNAL TRANSDUCTION
DNA METABOUSM

WD REPEAT

INTRACELLULAR PROTEIN TRANSPORT

RNA MODIFICATION

OXIDATIVE PHOSPHORYLATION
RNAPROCESSING F

KINASE ACTIVITY

PROTEOLYSIS AND PEPTIDOLYSIS
TRANSCRIPTION

PROTEIN BIOSYNTHESIS

0 10 20 30 40 50
Up-regulated genes

Okamoto et al. Cancer Cell International 2007 7:11 doi:10.1186/1475-2867-7-11

L6. Data analysis in transcriptomics edu.sablab.net/abs2017 24
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2. Gene Set Enrichment Analysis (GSEA)

Is direction of genes in a category random?

A Phenotype B Leading edge subset

Classes /\‘ Gene set S
A B m
. Gene set S m

i =i E Correlation with Phenotype

Random Walk

Maximum deviation Gene List Rank
from zero provides the
enrichment score ES(S)

Ranked.Gene List

S1: chrX inactive S2: vitcb pathway S3: nkt pathway

O [ L Il U
— = -
S Iﬂ 1 | Lf|"|'|'|'fH‘l_ﬂ'|'|'|"+‘+‘“‘+“H‘|‘|'| WMHHHHH‘{‘M
@D z : ; i
b — H . : :
c 3 3 : H 82
[} Ik
E 2
S il
= .
el = 902020209020 rTeeg, [ &g TR re MY | 1R S vﬂ """"""""
o) R Caam e L2
= : s
£l A X i
c : 30
3 g
(14 : : ] : i
T T T T T T T T T T T T T T T
0 5000 10000 15000 20000 0 5000 10000 15000 20000 0 5000 10000 15000 20000

A. Subramanian et al. PNAS 2005,102,43
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Example: GO enrichment

http://edu.sablab.net/transcript

Strategy 1:
Take all DEG and use them in enrichment.

« Safe
* No additional assumptions
* Cannot distinguish I and {, functions

Enrichr
http://amp.pharm.mssm.edu/Enrichr/enrich

BioCompendium
http://biocompendium.embl.de/

Strategy 2:

Separate DEG to down- and up- regulated
genes. Then perform independent
enrichment by these 2 groups

* Can be biased (gene can be ™M)
* Assume Ttgene => Munction
* Can distinguish 1 and {, functions

L6. Data analysis in transcriptomics
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LUSC Example

http://edu.sablab.net/data/txt/lusc.zip http://amp.pharm.mssm.edu/Enrichr/

0. Prepare lists of DE genes... http://biocompendium.embl.de/

http://string-db.org

1. Put up-regulated into enrich

3. Check: Down CMAP, Disease Signatures
from GEO up,

Up regulated

4. Try biocompendium

5. Put top 100 genes into String to see
PP-interactions

L6. Data analysis in transcriptomics edu.sablab.net/abs2017 27
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HUS
## enrichGOens - warpup for topGO package: enrichment analysis of GO-terms

## based on Ensembl IDs

#Hit

## genes - vector with list of ENSEBML IDs (character)

## fdr - vector of FDR for each gene (numeric)

## fc - vector of logFC for each gene (numeric)

## thr.fdr - significance threshold for FDR (numeric)

## thr.fc - significance threshold for absolute logFC (numeric)

##db - name of GO database: "BP","MF","CC" (character)

## genome - R-package for genome annotation used. For human - 'org.Hs.eg.db' (character)

## do.sort - if TRUE - resulted functions sorted by p-value (logical)

## randomFraction - for testing only, the fraction of the genes to be randomized (numeric)

HH.

## (c)GNU GPL P.Nazarov 2014. petr.nazarov[at]crp-sante.lu

HUSHHH S R

htts://sablab.net/scripts

enrichGOens.r

L6. Data analysis in transcriptomics

In R

enrichGOens =
function (genes, fdr, fc, thr.fdr=0.05, thr.fc=0,db="BP", genome="org.Hs.eg.db",do.sort=TRUE,
randomFraction=0) {
## load libraries
if (!require (genome,character.only=TRUE)) {
cat ("MESSAGE enrichGO: '",genome,"' package is not found. Installing...\n",sep="")
source ("http://bioconductor.org/biocLite.R")
biocLite (genome)
library (genome, character.only=TRUE)
}
if (!require ("topGO")) {
cat ("MESSAGE enrichGO: ' topGO ' package is not found. Installing...\n")
source ("http://bioconductor.org/biocLite.R")
biocLite ("topGO")
library ("topGO")
}

if (!exists("sortDataFrame")) source ("http://sablab.net/scripts/sortDataFrame.r")
## prepare gene categories and score

myGO2genes <- annFUN.org(db, mapping = "org.Hs.eg.db", ID = "ensembl")

score = (-loglO (fdr) *abs (fc))

names (score) =genes
score [fdr>=thr.fdr | abs(fc)<=thr.fc]=0

## add randomness if required, to test stability

if (randomFraction>0) {
## define remove probability: low score have more chances
probl = 1/(l+score)
probl[is.na (probl)]1=0

probl[score == 0] =0
## define add probability: high score has more chances
prob2 = -loglO (fdr) *abs (fc)

prob2[is.na (prob2)1=0
prob2[score > 0] 0
## add and remove
n=round (sum(score>0) *randomFraction)
score[sample (1:1length (genes) ,n, prob=prob2) ]=1l+rexp (n,1l/mean (score[score>0]))
score[sample (1:1length(genes) ,n, prob=probl) ]=0
}
## create topGOdata object
SelectScore = function(sc){return(sc>0)} ## simple function for significance
GOdata = new ("topGOdata", ##constructor
ontology = db,
allGenes = score,
geneSelectionFun = SelectScore,
annot = annFUN.GO2genes,
GO2genes = myGO2genes)
## run testing
resFisher = runTest (GOdata, algorithm = "classic", statistic = "fisher")
## transform results into a table
enrichRes = GenTable (GOdata, classicFisher = resFisher,
ranksOf = "classicFisher", topNodes = length(resFisher@score))
enrichRes$classicFisher[grep ("<",enrichRes$classicFisher)] = "le-31"
enrichRes$classicFisher = as.double(enrichRes$classicFisher)
enrichRes$FDR = p.adjust (enrichRes$classicFisher,"fdr")
enrichRes$Score = -1ogl0 (enrichRes$FDR)
## by default sorted by p-value. If needed - sort by ID
if (!do.sort) enrichRes = sortDataFrame (enrichRes,"GO.ID") ## remove sorting
return (enrichRes)
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