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Outline of the Course

1. Data overview 

RNA-seqdata generation

File formats, Phred-quality 

Sequence-based QC: FastQC/ MultiQC

Statistical properties of the data

2. Exploratory data analysis

Distributions & boxplots

Dimensionality reduction: PCA, MDS, tSNE, UMAP

Clustering

Heatmapsfor expression and correlation

Detection of outliers

3. Statistical basics

Hypothesis testing (p-value)

T-test, Wilcoxon test

Multiple testing (FDR, FWER)

Linear models: ANOVA

4. Statistics for RNA-seq

Differential expression analysis

EdgeR, DESeq, limma

Enrichment analysis

Please see scripts and materials online http:// edu.modas.lu/transcript-seq

http://edu.modas.lu/transcript-seq
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Part 1

1. Data Overview
http:// edu.modas.lu/transcript-seq/part1.html

http://edu.modas.lu/transcript-seq/part1.html
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1.1. RNA-seqData Generation

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

raw 
counts

normalized counts, 
CPM, FPKM, RPKM

read:   short fragment detected by RNA-seq
library: collection of all reads from the sample
CPM:   counts per million nucleotides
TPM:   transcripts per million (proportion)
FPKM: fragments per kilobaseof exon per million reads mapped 
RPKMΥ ǊŜŀŘǎ ǇŜǊ ΧΧΦ όŦƻǊ ǎƛƴƎƭŜ-end)

10-minute simple explanation of TPM / FPKM
https:// www.youtube.com/watch?v=TTUrtCY2k-w

Xiςobserved number of reads
Nςlibrary size
liςlength of the gene (transcript)

https://www.youtube.com/watch?v=TTUrtCY2k-w
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1.2. File Formats

Raw image files (e.g.BCL)

FASTQ files

SAM/BAM files

Mapping, 
alignment

Counting

Raw counts

Normalized counts
/taΣ ¢taΣ wtYaΧ

@HWI- ST508:152:D06G9ACXX:2:1101:1160:2042 1:Y:0:ATCACG

NAAGACCGAATTCTCCAAGCTATGGTAAACATTGCACTGGCCTTTCATCTG

+

#11??+2<<<CCB4AC?32@+1@AB1**1?AB<4=4>=BB<9=>?######

@HD VN:1.0 SO:coordinate

@SQ SN:seq1 LN:5000

@SQ SN:seq2 LN:5000

@CO Example of SAM/BAM file format.

B7_591:4:96:693:509 73 seq1 1 99 36M *

0 0 CACTAGTGGCTCATTGTAAATGTGTGGTTTAACTCG

<<<<<<<<<<<<<<<;<<<<<<<<<5<<<<<;:<;7

MF:i:18 Aq:i:73 NM:i:0 UQ:i:0 H0:i:1

H1:i:0EAS54_65:7:152:368:113 73 seq1 3 99 35M *

0 0

CTAGTGGCTCATTGTAAATGTGTGGTTTAACTCGT

<<<<<<<<<<0<<<<655<<7<<<:9<<3/:<6): MF:i:18 Aq:i:66 NM:i:0

UQ:i:0 H0:i:1 H1:i:0

Advantage of RNA-seq: you can repeat the pipeline with new knowledge or questions

ID Gene.Symbol A1 A2 A3 A4 B1 B2

ENSG00000135899SP110 32 31 33 33 136 136

ENSG00000154451GBP5 0 0 0 0 395 383

ENSG00000226025LGALS17A 0 0 0 0 217 196

ENSG00000213512GBP7 0 0 0 0 44 47

ENSG00000260873SNTB2 198 193 195 196 483 502

ENSG00000063046EIF4B 552 546 548 550 428 429

ENSG00000102524TNFSF13B 0 0 0 0 16 17

ENSG00000107201DDX58 79 81 82 77 296 310

ENSG00000010030ETV7 2 2 2 0 93 85

ENSG00000125347IRF1 22 24 27 22 234 236

ENSG00000180616SSTR2 0 0 0 0 19 21

ENSG00000155962CLIC2 2 2 1 1 71 65

ENSG00000153944MSI2 55 54 54 54 37 37

ENSG00000197646PDCD1LG2 0 0 0 0 58 60

ENSG00000108771DHX58 5 4 4 5 26 25

ENSG00000100336APOL4 9 8 11 8 130 135

ENSG00000182551ADI1 88 86 88 89 59 60

ENSG00000128284APOL3 14 14 14 13 85 94

ENSG00000153989NUS1 214 216 212 214 167 167

ENSG00000131979GCH1 57 61 57 56 172 167

Linkwith the 
detailed 
explanation

Linkwith the 
detailed 
explanation

https://learn.gencore.bio.nyu.edu/ngs-file-formats/sambam-format/
https://learn.gencore.bio.nyu.edu/ngs-file-formats/
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1.2. File Formats

@HWI- ST508:152:D06G9ACXX:2:1101:1160:2042 1:Y:0:ATCACG

NAAGACCGAATTCTCCAAGCTATGGTAAACATTGCACTGGCCTTTCATCTG

+

#11??+2<<<CCB4AC?32@+1@AB1**1?AB<4=4>=BB<9=>?######

https://learn.gencore.bio.nyu.edu/ngs-file-formats/quality-scores/

Quality scores started as numbers (0-40) but have since changed to 
an ASCII encoding to reduce filesizeand make working with this 
format a bit easier, however they still hold the same information. 
ASCII codes are assigned based on the formula found below. This 
table can serve as a lookup as you progress through your analysis.

https://learn.gencore.bio.nyu.edu/ngs-file-formats/quality-scores/
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1.3. Sequence-based QC: FastQC

FastQCςa simple but widely-used Java-based tool for quality control of the experiments at the sequence level. It provides 
a modular set of analyses which you can use to give a quick impression of whether your data has any problems of which 
you should be aware before doing any further analysis.
https://www.bioinformatics.babraham.ac.uk/projects/fastqc/

Å Import of data from BAM, SAM or FastQfiles (any variant)

Å Providing a quick overview to tell you in which areas there 
may be problems

Å Summary graphs and tables to quickly assess your data

Å Export of results to an HTML based permanent report

Å Offline operation to allow automated generation of 
reports without running the interactive application

Examples

More detailed explanation & examples:
https:// scienceparkstudygroup.github.io/rna-seq-lesson/03-qc-of-sequencing-results/index.html#31-running-fastqc

https://www.bioinformatics.babraham.ac.uk/projects/fastqc/
https://www.bioinformatics.babraham.ac.uk/projects/fastqc/
https://scienceparkstudygroup.github.io/rna-seq-lesson/03-qc-of-sequencing-results/index.html#31-running-fastqc
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1.3. Sequence-based QC: MultiQC

A modular tool to aggregate results from bioinformatics analyses across 
many samples into a single report. Python-based
https://multiqc.info/ - see example online.

Introduction: https:// www.youtube.com/watch?v=BbScv9TcaMg

https://multiqc.info/
https://www.youtube.com/watch?v=BbScv9TcaMg
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1.4. Statistical Properties of the Data

ID Gene.Symbol A1 A2 A3 A4 B1 B2

ENSG00000135899SP110 32 31 33 33 136 136

ENSG00000154451GBP5 0 0 0 0 395 383

ENSG00000226025LGALS17A 0 0 0 0 217 196

ENSG00000213512GBP7 0 0 0 0 44 47

ENSG00000260873SNTB2 198 193 195 196 483 502

ENSG00000063046EIF4B 552 546 548 550 428 429

ENSG00000102524TNFSF13B 0 0 0 0 16 17

ENSG00000107201DDX58 79 81 82 77 296 310

ENSG00000010030ETV7 2 2 2 0 93 85

ENSG00000125347IRF1 22 24 27 22 234 236

ENSG00000180616SSTR2 0 0 0 0 19 21

ENSG00000155962CLIC2 2 2 1 1 71 65

ENSG00000153944MSI2 55 54 54 54 37 37

ENSG00000197646PDCD1LG2 0 0 0 0 58 60

ENSG00000108771DHX58 5 4 4 5 26 25

ENSG00000100336APOL4 9 8 11 8 130 135

ENSG00000182551ADI1 88 86 88 89 59 60

ENSG00000128284APOL3 14 14 14 13 85 94

ENSG00000153989NUS1 214 216 212 214 167 167

ENSG00000131979GCH1 57 61 57 56 172 167

Poisson distribution

1 parameter 
to fit (l) =>

Negative binomial distribution

too simple!

2 parameters 
to fit (p,r) =>

fits biology better!

same condition, same gene

Normal distribution

Can be used for 
log(1+k), when k is 

large, but it is 
approximate
=> less power

(still usable but may 
miss interesting 

cases)
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1.5. Data Repositories

GEO:http:// www.ncbi.nlm.nih.gov/gds

ArrayExpress: http://www.ebi.ac.uk/arrayexpress/

TCGA: https://tcga-data.nci.nih.gov/tcga/

GTEx: https://www.gtexportal.org/home/

~11k tumor samples

~17k healthy samples

Analysis via:
http://www.cbioportal.org
/public-portal/

US-based repository 
of omics data

EU-based repository 
of omics data

http://www.ncbi.nlm.nih.gov/gds
http://www.ebi.ac.uk/arrayexpress/
https://tcga-data.nci.nih.gov/tcga/
https://www.gtexportal.org/home/
http://www.cbioportal.org/public-portal/
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Take Home Messages 1

RNA-seqcan be used as row counts and normalized (TPM, FPKM). See what you need for a 
specific algorithm!

For QC of your samples at the sequence level ςuse FastQC. To combine results - MultiQC

Expression-related data in transcriptomics are strongly right-skewed. Therefore:

For statistics use either precise distribution (negative binomial for RNA-seq) 
or work with log-transformed data

Use log-transformed data for exploratory analysis and visualization

Several large repositories of the data exist. Before planning your experiments ςmake a 
search for existing data
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Part 2

2. Exploratory Data 
Analysis

see more here: http://edu.modas.lu/modas_eda/

http:// edu.modas.lu/transcript-seq/part2.html

http://edu.modas.lu/modas_eda/
http://edu.modas.lu/transcript-seq/part2.html
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2.1. Distributions

## download and load the data

url = "http://edu.modas.lu/data/ rda /LUSC60.RData"

download.file ( url , destfile ="LUSC60.RData ",

mode = " wb" )

load ( "LUSC60.RData" )

str (LUSC)

## log transform the data and put it to X

X = log2 (1+LUSC$counts)

## density plot

plot ( density (X), col= "blue" , lwd =2)

## boxplot

boxplot (X, col =" lightblue " , las=2)

## simple normalization (do not use ;) )

XN = scale (X)

boxplot (XN, col =" lightblue " , las=2 )

## try this:

plot ( density (X), col= "black" , lwd =2)

for ( i in 1: ncol (X))

lines ( density (X[, i ]),col="#0000FF33")

reminder: boxplot definition
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2.2. Dimensionality Reduction

9ŀŎƘ ǎŀƳǇƭŜ όƻōƧŜŎǘύ ƛǎ ǊŜǇǊŜǎŜƴǘŜŘ ōȅ нл ллл ƎŜƴŜǎ όŦŜŀǘǳǊŜǎύΧ Iƻǿ Ŏŀƴ ǿŜ ǾƛǎǳŀƭƛȊŜŘ ǎŀƳǇƭŜǎ ƛƴ ǳƴŘŜǊǎǘŀƴŘŀōƭŜ ǿŀȅΚ
ü Use dimensionality reduction!

PCA- rotation of the coordinate system in multidimensional space in 
the way to capture main variability in the data.

ICA- matrix factorization method that identifies statistically 
independent signals and their weights.

NMF- matrix factorization method that presents data as a matrix 
product of two non-negative matrices.

LDA- identify new coordinate system, maximizing difference 
between objects belonging to predefined groups (see Fig.).

MDS- method that tries to preserve distances between objects in 
the low-dimension space.

AE-ŀǊǘƛŦƛŎƛŀƭ ƴŜǳǊŀƭ ƴŜǘǿƻǊƪ ǿƛǘƘ ŀ άōƻǘǘƭŜ-ƴŜŎƪέΦ

t-SNE- an iterative approach, similar to MDS, but considering only 
close objects. Thus, similar objects must be close in the new 
(reduced) space, while distant objects are not influencing the results.

UMAP- modern method, similar to t-SNE, but more stable and with 
preservation of some information about distant groups (preserving 
topology of the data).

Please check some nice interactive resources online:

Å Principal Component Analysis Explained Visuallyby Victor Powell

Å Understanding UMAP by Andy Coenenand Adam Pearce

Å Dimensionality Reduction for Data Visualization: PCA vs TSNE vs 
UMAP vs LDA by SivakarSivarajah

http://edu.modas.lu/modas_eda/images/lda_1.png
https://setosa.io/ev/principal-component-analysis/
https://pair-code.github.io/understanding-umap/
https://towardsdatascience.com/dimensionality-reduction-for-data-visualization-pca-vs-tsne-vs-umap-be4aa7b1cb29
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2.2. Dimensionality Reduction: PCA

Principal component analysis (PCA)
is a vector space transform used to reduce multidimensional data sets to lower dimensions 
for analysis. It selects the coordinates along which the variation of the data is bigger.

Variable 1
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LƴǎǘŜŀŘ ƻŦ ǳǎƛƴƎ н άƴŀǘǳǊŀƭέ ǇŀǊŀƳŜǘŜǊǎ ŦƻǊ ǘƘŜ ŎƭŀǎǎƛŦƛŎŀǘƛƻƴΣ ǿŜ Ŏŀƴ ǳǎŜ ǘƘŜ ŦƛǊǎǘ ŎƻƳǇƻƴŜƴǘΗ

20000 genes ­
2 dimensions

For the simplicity let us consider 2 parametric situation both in terms of data and resulting PCA.
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2.2. Dimensionality Reduction: PCA example 1
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2.2. Dimensionality Reduction: PCA example 2

## download and load the data for TCGA

## lung squamous cell carcinoma patients

## download and load the data

url = "http:// edu.modas.lu/data/ rda /LUSC60.RData "

download.file ( url , destfile =" LUSC60.RData ",

mode = " wb" )

load ( " LUSC60.RData " )

str (LUSC)

## log transform the data and put it to X

X  = log2 (1+LUSC$counts )

##----------------------------------------------------

## exclude genes with 0 variance

X = X[ apply (X,1,var)>0,]

## Run PCA on the transposed X

PC = prcomp (t(X),scale=TRUE )

str (PC)

## Visualize

plot ( PC$x[,1], PC$x[,2 ], pch =19,

col= c(NT=" blue" ,TP ="red" )[ LUSC$meta$sample_type ])

##--- = or use my warp - up = ---

source ( "http://r.modas.lu/ plotPCA.r " )

plotPCA (X, cex =1.5,

col = c(NT= "#0000FF55" ,

TP="#FF000055 " )[ LUSC$meta$sample_type ])

##-------------------------------------------------------

## Task: plot PCA for the complete dataset

url = "http:// edu.modas.lu/data/ rda / LUSC.RData "

More at http:// edu.modas.lu/modas_eda/part3.html

NT: non-tumor
TP: tumor primary

http://edu.modas.lu/modas_eda/part3.html
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2.3. Clustering
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2.3. Clustering: k-means

k-Means Clustering
k-means clustering is a method of cluster analysis which aims to partition n observations into k clusters in which 
each observation belongs to the cluster with the nearest mean.

1) k initial "means" (in this 
case k=3) are randomly 
selected from the data set 
(shown in color).

2) k clusters are created by 
associating every 
observation with the 
nearest mean.

3) The centroid of each of 
the k clusters becomes the 
new means.

4) Steps 2 and 3 are 
repeated until 
convergence has been 
reached.

http://wikipedia.org
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2.3. Clustering: k-means
## here we will use previously calculated X from LUSC60

load ( "LUSC60.RData " )

X = log2 (1+LUSC$counts)

X = X[ apply (X,1,var)>0,]

## k- means clustering

clusters = kmeans(x=t(X), centers=2,nstart=10)$cluster

## validate clusters

table ( clusters,LUSC$meta$sample_type )

## get PCA results (use old if you have)

PC = prcomp (t(X),scale=TRUE)

## visualize as PCA, use colors to represent clusters

plot ( PC$x[,1], PC$x[,2 ],col = clusters, pch =19, cex =2, 

main ="PCA, colored by k - means clusters" )

## Exercise: do the same with standard `iris ` data

View (iris)

## k- means clustering

clusters = kmeans(iris[, - 5],centers=3,nstart=10 )$cluster

## validate clusters

table ( clusters,iris [,5])

## get PCA results (use old if you have)

PC = prcomp (iris[, - 5])

## visualize as PCA, use colors to represent clusters

plot ( PC$x[,1], PC$x[,2 ],col = clusters, pch =19, cex =2, 

main ="PCA, colored by k - means clusters" )
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2.3. Clustering: hierarchical

HierarchicalClustering
Hierarchicalclusteringcreatesa hierarchyof clustersthat may be representedin a tree structure calleda dendrogram.
The root of the tree consistsof a single cluster containingall observations,and the leavescorrespondto individual
observations.
Algorithmsfor hierarchicalclusteringaregenerallyeither agglomerative, in whichonestartsat the leavesandsuccessively
mergesclusterstogether; or divisive, in whichonestartsat the root andrecursivelysplitsthe clusters.

http://wikipedia.org
Distance: Euclidean

Elements
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2.3. Clustering: k-means
## here we will use previously calculated X from LUSC60

## hierarchical clustering ï generate tree and show it

hc = hclust ( dist (t(X)))

plot ( hc )

## cut the tree to have k clusters

clusters = cutree ( hc , k=3)

table (clusters , LUSC$meta$sample_type )

## visualize as PCA, use colors to represent clusters

PC = prcomp (t(X),scale=TRUE)

plot ( PC$x[,1], PC$x[,2 ],col = clusters, pch =19, cex =2, 

main = " PCA, colored by hierarchical clusters " )

## Exercise: do the same with `iris` data

View (iris)

...
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2.4. Heatmaps
## Heatmaps . Visualize the most variable genes in LUSC60

#install.packages (" pheatmap " )

library( pheatmap )

## identify the most variable genes

plot ( density ( apply (X,1,sd)))

ikeep = apply (X,1,sd)>3

table ( ikeep )

## draw a heatmap

pheatmap (X[ ikeep ,],scale ="row ", fontsize_row =1, fontsize_col =5,

main ="Top variable genes " ))

## Exercise: try scale="none", select 1000+ variable genes
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2.4. Heatmaps: correlation for QC
## Heatmaps of correlation can be used for QC

library( pheatmap )

## calculate correlation between samples (columns)

R = cor (X, method= " pearson " )

## draw a heatmap of correlation

pheatmap ( R,fontsize_row =5, fontsize_col =5,

main= "Correlation between samples" )

Correlation between samples can be used to identify outliers or 
swap mistakes in the experiment. In case you have outliers or 
work with non-log transformed data, you could use 
method = "spearman" ςa non-parametric correlation.

Note: see the average correlation between samples ~0.9.
Why?
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Take Home Messages 2

Always check the distribution of your data! It can help you decide about pre-processing 
(log-transformation, normalization) and identify outliers.

Use PCA and correlation to identify outliers or strangely behaving samples. PCA can also 
show you the effects of experimental factors

Use clustering to group your data (unsupervised approach)

k-means method is very robust but you should know the number of clusters k.

Hierarchical clustering is quite flexible (k is variable) but not stable in case you exclude a few samples.

Heatmapis a nice tool to visualize the expression of genes over the samples. 
Use a heatmapof correlations to check similarities and groups in your samples.
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Part 3

3. Statistical Basics

see more here: http:// edu.modas.lu/modas_dea/index.html

http:// edu.modas.lu/transcript-seq/part3.html

http://edu.modas.lu/modas_dea/index.html
http://edu.modas.lu/transcript-seq/part3.html
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3. Statistical Basics

Questions

Which genes have changes in meanexpression level between conditions? 

How reliable are this observations (what is your p-value or FDR?)

Differential 
Expression 

Analysis (DEA)

Single factor, two 
conditions

Similar to t-test with 
{ǘǳŘŜƴǘΩǎ ǎǘŀǘƛǎǘƛŎǎΥ 
compare means

Multifactor or 
multicondition

Similar to ANOVA with 
CƛǎƘŜǊΩǎ ǎǘŀǘƛǎǘƛŎǎΥ 
compare variances

Post-hoc analysis Example: two cell lines in time:

And do not forget about 
multiple hypotheses testing

What are those?..
Å hypotheses
Å p-values
Å FDR
Å t-test
Å ANOVA
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3.1. Hypothesis Testing

Null hypothesis
The hypothesis tentatively assumed true in the hypothesis testing procedure, H0 .
CƻǊ ǎŀŦŜǘȅ ǊŜŀǎƻƴǎΣ ǿŜ ŀǎǎǳƳŜ ŀ ǎƛǘǳŀǘƛƻƴ ǿƘŜƴ ƴƻǘƘƛƴƎ άƛƴǘŜǊŜǎǘƛƴƎέ ƘŀǇǇŜƴǎ ŀǎ I0

Alternative hypothesis
The hypothesis concluded to be true if the null hypothesis is rejected, Ha

Ha will be a situation when we see something unusual, which requires action

When statisticianswould like to make a claim, they do this in the form of hypothesistesting. In
hypothesistesting,we beginby makinga tentative assumptionabout a populationparameter,i.e. by
formulationof a null hypothesis.

H0:m¢const

Ha:m> const

H0:m²const

Ha:m< const

H0:m= const

Ha: m̧ const

Hypotheses in a simplest case: comparing mean to a constant

One-tailed Two-tailed



2929

3.1. Hypothesis Testing

False Positive,

aerror

False Negative,

berror
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3.1. Hypothesis Testing: p-value

One-tailed test
A hypothesis test in which rejection of the null hypothesis occurs for values of the test statistic in one tail of its 
sampling distribution

H0:m²m0

Ha:m<m0

A TradeCommission(TC)periodicallyconductsstatistical studies designedto test the claims that
manufacturersmake about their products. For example,the label on a large can of Hilltop Coffee
states that the can contains3 pounds of coffee. The TCknows that Hilltop's production process
cannotplaceexactly3 poundsof coffeein eachcan,evenif the meanfilling weight for the population
of all cansfilled is 3 poundsper can. However,aslongasthe populationmeanfilling weight is at least
3 pounds per can, the rights of consumerswill be protected. Thus, the TC interprets the label
information on a largecanof coffeeasa claimby Hilltop that the populationmeanfilling weight is at
least3 poundsper can. We will showhow the TCcancheckHilltop'sclaimby conductinga lower tail
hypothesistest.

m0 = 3 lbm
Supposea sampleof n = 36 coffee cansis selected. Fromthe previousstudies,ƛǘΩǎ
knownthat s= 0.18 lbm
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3.1. Hypothesis Testing: p-value

H0:m²3

Ha:m< 3

m0 = 3 lbm

no action

legalaction

[ŜǘΩǎsay: in the extremecase, whenm=3, we would like to be 99%surethat we make
no mistake, when starting legalactionsagainstHilltop Coffee. It meansthat selected
significancelevelis a= 0.01

OKshouldbe testes

Supposea sample of n = 36 coffee cans is selected and m = 2.92 is
observed. Fromthe previousstudies,ƛǘΩǎknown that s= 0.18 lbm
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3.1. Hypothesis Testing: p-value

||

mm00

||
mm

||

mm00

||
mm

||

mm00

||
mm

||

mm00

||
mm

||

mm00

||
mm

||

mm00

||
mm

||

mm00

||
mm

||

mm00

||
mm

[ŜǘΩǎfind the probability of observationm for all possiblem²3. We start from an extremecase
(m=3) and then probe all possiblem> 3. Seethe behaviorof the small probability area around
measuredm. Whatyouwill get if yousummarizeits areafor all possiblem²3 ?

P(m) for all possiblem²m0 is equalto P(x<m) for an extremecaseofm=m0

## Calculate p - value: one sample mean

## parameters 

n = 36

mu = 3

## calculation (if no data available)

m = 2.92 # m ïmean from experiment

sigma = 0.18 # st.dev . known beforehand 

z = (m - mu)/ sigma * sqrt (n)

pnorm (z) # 0.003830381

## calculation (if data is available)

url ="http ://edu.modas.lu/data/txt/coffee.txt"

x = scan( url )

t.test (x, mu = mu, alternative= "less" )
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3.2. Hypothesis Testing: Multiple Testing

## Why do we need multiple testing correction ?

## 1. Generate a random matrix: 1000 genes x 6 samples

X = matrix ( rnorm (6*1000), nrow =1000,ncol=6)

rownames (X) = paste0 ( "gene" ,1:1000)

## 2. Assume col 1,2,3 - exp , 4,5,6 - ctrl

colnames (X) = c( "exp1","exp2","exp3","ctrl1","ctrl2","ctrl3" )

## 3. Do a t.test for each "gene" (slow, but who cares :)

pv = NULL

for ( i in 1: nrow (X)) 

pv [ i ] = t.test (X[i,1:3],X[i,4:6])$ p.value

table ( pv < 0.05 ) # around 50 false positives are expected

## do FDR adjustment

fdr = p.adjust ( pv , " fdr " )

table ( fdr < 0.05 )
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3.2. Multiple Testing

False Positive,

aerror

False Negative,

berror

Probability of an error in a multiple test, when a=0.05:   1ς(0.95)number of comparisons


