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9 1. Dataoverview 9 3. Statistical basics
¢ RNAseqdata generation 4 Hypothesis testing (palue)
¢ File formatsPhredquality ¢ T-test, Wilcoxon test
¢ Sequenceébased QCFastQC MultiQC 4 Multiple testing (FDR, FWER)
4 Statistical properties of the data 4 Linear models: ANOVA
9 2. Exploratorydata analysis 9 4. Statistics for RNAeq
Distributions & boxplots 4 Differential expression analysis
Dimensionality reduction: PCA, MQRSNE UMAP ¢ EdgeRDESegimma
Clustering 4 Enrichment analysis

Heatmapdor expression and correlation
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Detection of outliers

Please see scripts and materials onlih&p :// edu.modas.lu/transcriptseq
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1. Data Overview

http:// edu.modas.lu/transcripseq/partl.html
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A read: short fragment detected by RMNs&(q
| library: collection of all reads from the sample
o CPM counts per milliomucleotides
—— [ . R -
RNA fragments l <DNA TPM transcripts per million (proportion)
- FPKM fragments pekilobaseof exon per million reads mapped
! it adaprors RPKMWY NBI Ra LISNenRX P o0F2NJ aAyd
ATCACAGTGGGACTCCATAAATTTTTCT R R )L_ 1
ConcanGToGccRGtaacC TG ST seauence eads CPM; = &b = 2i.q08  TPMi==. [ —|-10°
ATGAAACATTAAAGTCAAACAATATGAA i f\,‘ IF:' Z ) T}
...... l 106 d 1
Coting sequence = X ¢ observed number of reads FPKM, — — 2% _ X
gif | concrmds N ¢ library size | ( r_} ) ( iﬁ ) LN
nctionresds ::::J__)—\%::;:“zg‘z_ﬁ:%)dd . ¢ length of the gene (transcript) L J AL
':%_)'_;.:- === Mapped sequence reads
Base-resolution expression profile -
raw | normalized counts,

A AN AT
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Wang Z et al. RNBeq a revolutionary tool
for transcriptomicsNat Rev Genet. 2009

RNA expression level

Nucleotide position

counts | CPM, FPKM, RPKM

10-minute simple explanation of TPM / FPKM
https:// www.youtube.com/watch?v=TTUrtC¥Rk



https://www.youtube.com/watch?v=TTUrtCY2k-w
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Raw imagdiles €.9.BCL

|

FASTQ files

v
Mapping,
alignment

¥

SAM/BAM files

¥
[ Counting }

¥

Raw counts

X

Normalized counts
/[ taX ¢t aXx wi

@HWIST508:152:D06GIACXX:2:1101:1160:2042 1:Y:0:ATCACG _
NAAGACCGAATTCTCCAAGCTATGGTAAACATTGCACTGGCCTTTCATCTG Linkwith the

+ detailed
#11?2?7+2<<<CCB4AC?32@+1@AB1**1?AB<4=4>=BB<9=>?##ttt explanation
@HD VN:1.0 SO:coordinate
@SQ SN:seq1 LN:5000
@SQ SN:segq2  LN:5000
@CO Example of SAM/BAM file format.
B7_591:4:96:693:509 73 seql 1 99 36M *
0 0 CACTAGTGGCTCATTGTAAATGTGTGGTTTAACTCG . .
<LLLLLLLLLLLLL L K<< << << <F << <7 I—|_nkW|th the
MF:i:18 AQ:i:73 NM:i:0 uUQ:i:0 HO:i:1 detailed
H1:i:0EAS54_65:7:152:368:113 73 seql 3 99 35M explanation
0 0
CTAGTGGCTCATTGTAAATGTGTGGTTTAACTCGT
<<LLLLLLLL0<<<<B55<<7<<<:9<<3/:<6): MF:i:18 AQ:i:66 NM:i:0
UQ:i:0 HO:i:1 H1:i:0
ID |Gene.Symbol Al A2 A3 A4 B1 B2
ENSG00000135899SP110 136 136
ENSG0000015445]GBP5 395 383
ENSG00000226025LGALS17A 217 196
ENSG00000213512GBP7 44 47
ENSG00000260873SNTB2 483 502
CANICNNNNNNEDOINARCITC AD A0 A0

Advantageof RNAseq you can repeat the pipeline with new knowledge or questions


https://learn.gencore.bio.nyu.edu/ngs-file-formats/sambam-format/
https://learn.gencore.bio.nyu.edu/ngs-file-formats/
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@HWIST508:152:D06GOACXX:2:1101:1160:2042 1:Y:0:ATCACG
NAAGACCGAATTCTCCAAGCTATGGTAAACATTGCACTGGCCTTTCATCTG

+
#11?7?7+2<<<CCB4AC?32@+1@AB1**1?AB<4=4>=BB<9=>?###tt#

Quiality scores started as numbers40) but have since changed tg =SiZi6F SE8
an ASCII encoding to reduftesizeand 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. Thi\ quality value Q is an integer representation of the probability p that the
orresponding base call is incorrect.

table can serve as a lookup as you progress through your analysisc.

Q= -10 log;g P o) P = 10%)Q

Formula: score + offset => look for American Standard Code for Information
Interchange (ascii) symbol

Iv;ci )\{arlants. offset=64(lllumina 1.0-before 1.8); offset=33(Sanger, lllumina T — Pmbabggtgeoé ;Tlcorrect —
A quality score is typically: [0, 40] o b SO0
(33): !'"#$%&' () *+,-./0123456789: ;<=>?@RABCDEFGHI 20 1in 100 99%
(64) : RQABCDEFGHIJKLMNOPQRSTUVWXYZ[\] "_‘abcdefgh 30 1in 1000 99.9%
40 1in 10000 99.99%
50 1in 100000 99.999%

https://learn.gencore.bio.nyu.edu/nggle-formats/quality-score$



https://learn.gencore.bio.nyu.edu/ngs-file-formats/quality-scores/
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FastQQ; a simple but widehused Javdbased tool for quality control of the experiments at the sequence léwvplovides

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/fastfc

S — A Import of data from BAM, SAM drastCQiles (anyvariant)

sty s e al s Gl 1.3 e A Providinga quick overview to tell you in which areas there
THT may beproblems

| A Summarygraphs and tables to quickly assess ydata
e a2 s A Exportof results to an HTML based permanegport

Per base N content

____IIIIIIIIIIIII

| Per base GC content

00ee

| T A Offlineoperation to allow automated generation of
e reports without running the interactive application

Overrepresented sequences [1g

Kmer Content

[ O[]

3 o Examples

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39
Position in read (bp)

More detailed explanation & examples:
https:// scienceparkstudygroup.qgithub.io/reseclesson/03gc-of-sequencingresults/index.html#3runningfastgc



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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General Statistics

i Copy table
Sample Name
SRR3192396
SRR3192397
SRR3192398
SRR3192399
SRR3192400
SRR3192401
SRR3192657
SRR3192658

& Configure Columns

% Assigned

675%

66.6%

50.9%

523%

70.3%

T12%

731%

712%

719

JdiPlot | Showing ¥ rows and ¥ columns.

Phred Score

50

40

30

20

A modular tool to aggregate results from bioinformatics analyses across

many samples into a single repoRythonrbased
https://multigc.info/ - see example online.

% Aligned
937%

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

FastQC: Mean Quality Scores

T ———

20

40

Position (bp)

60

80

100

Created with MultiQC

FastQC: Status Checks

Section Name

SRR3192396
SRR3192397
SRR3192398
SRR3192399
SRR3192400
SRR3192401

SRR3192657

SRR3192658

Created with MultiQC


https://multiqc.info/
https://www.youtube.com/watch?v=BbScv9TcaMg
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ID Gene.Symbol Bl B2 IR L . .
ENSGO0000135899SP110 136 | 136 Distribution of counts Distribution of “log expression
ENSG0000015445{GBP5 395 383 o
ENSG00000226025L GALS17A 217 196 S
ENSG00000213512GBP7 44 47 ° o |
ENSG00000260873SNTB2 7 e
ENSG0000006304¢EI1F4B 428 | 429 | = 2 =
ENSG00000102524TNFSF13B 16 17 g2 5 2 .
ENSG00000107201DDX58 296 310 = s S|
ENSG00000010030ETV7 93 85 s =
ENSG0000012534{IRF1 234 236 | £ 2 2
ENSG0000018061¢SSTR2 19 21 & S T 8
ENSG00000155962CLIC2 71 65 | e
ENSG00000153944MSI2 37 37
ENSG0000019764¢PDCD1LG2 58 60 g | s |
ENSG0000010877{DHX58 26 25 =L | | ! e L ‘ ‘ | :
ENSG00000100336APOL4 130 135 0e+00 1e+06 26406 3406 0 5 10 15 20
ENSG00000182551ADI1 59 60
. Raw counts log2(1+counts)
ENSG00000128284APOL3 85 94
ENSG00000153989NUS1 same condition, same gene 167 167
E”SG°°°°°13197¢G::“/_M —_—
Poisson distribution Negative binomial distribution Nocr:mall;jlstrlbztlfon
an pe useda 1or
0.0 : : . k +r— 1 )
0335 (.) 2?1 1 Ak € A 0.10} 1 (1 - p)ka |Og(1'|k), Whenk IS
p.an 0 1-10 T 008} 1, r=1 r— Iarge,but itis
= 025 ! . i
02 0.06f || Ts. approximate
& o1 1 parameter 0.041 e 2 parameters => |ess power
0| to fit (I ) => 002} AT to fit (p,r) => (still usable but may
’ : . : . 11111 e i miss interestin
000 too simple! 0 5 10 15 20 35 fits biology better! 9

cases)
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GEOhttp:// www.ncbi.nlm.nih.gov/gds TCGANhttps://tcga-data.nci.nih.gov/tcga

_ ~11k tumor samples
USbased repository -

of omics data e
p Analysis via:
http://www.cbioportal.org

/public-portal/

PROJECTS PRIMARYSTES ~ CASES

& 67

o e .2 cBioPortal

[ | FOR CANCER GENOMICS

N
GDG Applicatior

ArrayExpresshttp://www.ebi.ac.uk/arrayexpress

[ O T E | B EEE
)

EUbased 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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¥ RNAseqcan be used as row counts and normalized (TPM, FPKM). See what you nee
specific algorithm!

@ For QC of your samplesthie sequencéevelc useFastQCTo combine resultsMultiQC

@ Expressiomrelated data in transcriptomics astrongly rightskewed Therefore:

¢ For statistics use either precise distribution (negative binomial for-BadjA
or work with logtransformeddata

¢ Use logtransformed data for exploratory analysis and visualization

@ Severalarge repositories of the data exisBefore planning your experimengsmake a
search for existingata
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2. Exploratory Data
Analysis

http:// edu.modas.lu/transcripseqg/part2.html

see more herehttp://edu.modas.lu/modas eda



http://edu.modas.lu/modas_eda/
http://edu.modas.lu/transcript-seq/part2.html
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Distribution of - ## download and load the data
istribution of “log expression
url = "http://ledu.modas.lu/data/ rda /LUSC60.RData"
download.file (url , destfile ="LUSC60.RData ",
5 mode = "wb")
load ("LUSC60.RData" )
o str (LUSC)
. g ## log transform the data and put it to X
S X = log2 (1+LUSC$counts)
8 - ## density plot
o s w5 o SESLICETETINENERIEITITESSIENEE | plot (density (X),col=  "blue” , Iwd =2)
log2(1+counts)
## boxplot
boxplot (X, col ="lightblue ", las=2)
*1 ## simple normalization (do not use ;) )
. ) .l , | XN = scale (X)
reminder:boxplot definition boxplot (XN, col ="lightblue ", las=2 )
Outliers mtequ?%iFlf)Range Outliers %j - ## try thls
| ) plot (density (X),col= "black” , Ilwd =2)
“ , for (i in 1:ncol (X))
(@1 15"10 o1 Meden g3 (@3 7 150 lines (density (X[, i]),col="#0000FF33")
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U Use dimensionality reduction!

Dimensionality reduction
f.‘Xg59 Yks' k<<g

Principle Independent Multi- t-distributed
component component dimensional stochastic neighbor
analysis (PCA) analysis (ICA) scaling (MDS) embedding (t-SNE)
Linear Non-negative Autoencoders Uniform manifold
discriminant matrix factorization (AE) approximation and
analysis (LDA) (NMF) projection (UMAP)
global local

Please check sonmeceinteractive resourcesnline:
A PrincipalComponent Analysis Explained VisubjiyVictorPowell
A UnderstandindJMAPby AndyCoenerand AdamPearce

A DimensionalityReduction for Data VisualizatioRCA vs TSNE vs
UMAP vs LDA [8ivakalSivarajah

PCA- rotation of the coordinate system in multidimensional space
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 nonnegative matrices.

L DA- identify new coordinate system, maximizing difference
between objects belonging to predefinggioups (seeFig).

MDS- method that tries to preserve distances between objects in
the low-dimensionspace.
AE-F NOAFAOALE ySdzNIYSPPB&B2N] 6
t-SNE- an iterative approach, similar to MDS, matnsideringonly

close objects. Thus, similar objects must be close in the new
(reduced) space, while distant objects are mdtuencingthe results.

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


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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Principal component analysis (PCA)

. . . : 20000 genes
is a vector space transform used to reduce multidimensional data sets to lower dimensjons 2 TS
for analysis. It selects theordinates along which the variation of the data is bigger

For the simplicity let us consider 2 parametric situation both in terms of data and resulting PCA.

Scatter plot in .
Gy G dzNG £ & O2 2 NRASFRUG BigrinPC

I |
= @
E g ___._!—'.—.:'._O_@_p—é_—
o (&) (@) @ o 1 @)
8 S o
S S |
j5)
N
Variable 1 First component

LYAUGSIR 2F dzaAYy3 H ayl 0dzN> €€ LI N YSGSNAR F2N GKS (
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FCA Mapping (39.5%)

FCA Mapping (48 4%)

goh .
73
Scan Date
| 10/15/2009 Scan Date
56 W 120352005
W 120352008 : lg%ggggg
n
| Titre 120952009
0 Tirme
LI 0
=22 | 15] LR
=) miz |15
miz
% s Group
= & scr Group
W shHIF 4 sCr
1 W shHIF
25

-d3

-62

a0 A
]

=130 = -73 -45 =17 10 36 G 94 122 150

FC #1 24 5%
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## download and load the data for TCGA

## lung squamous cell carcinoma patients PCA (19% variability)

## download and load the data @

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

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

mode = "wb") < 7 ~ -

load (" LUSC60.RData ") - ® o @

str (LUSC) - LY

## log transform the data and put it to X ‘8 . -

X = log2 (1+LUSC$counts )

Hit
## exclude genes with O 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 1])

PC2, 6% variability
50
I

NT: nontumor
TP, tumor primary

##--- = 0or use my warp -up = --- | : : "l |
source ( "http://r.modas.lu/ plotPCAr ") 150 100 50 0 50 100
plotPCA (X, cex=1.5,
col= c(NT="#0000FF55" , PC1, 13% variability
TP="#FF000055 ")[ LUSC$meta$sample_type 1)

#it
## Task: plot PCA for the complete dataset More athttp:// edu.modas.lu/modas_eda/part3.htmi

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



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

L

LUXEMBOURG
INSTITUTE
OF HEALTH

Objects

00
00
— 09

Features

| Features*:
‘ LSTRSTIRCTR VPR

N
1l
\%

1. Feature selection/
construction
- all features*

- PCA, MDS, ICA, tSNE
- apriory knowledge

(*) Additionally, features could be
transformed to ensure reasonable
importance of each feature, e.g:

- log-transformation,

- standardization,

- ranking, etc.

In genomics: In machine learning:

Objects ’ Features

Data

Data

Distance
Euclidean
correlation:1-r
Manhattan
cosine (inner product)

i

Clustering

hierarchical

k-means

density-based (DBSCAN)
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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.

sf=]s
00
L Jslsls
oo®
®gas
/'/DD > B

0 O L
® | s 8 | &Y
De 0 O \b O
o g ag

1) kinitial "means" (in this 4) Steps 2 and 3 are
case k=3) are randomly repeated until
selected from the data set 2)Kclusters are created by convergence has been
(shown in color). associating every reached

observation with the 3) The centroid of each of '

nearest mean. the k clusters becomes the

new means. http://wikipedia.org
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PCA, colored by k-means clusters ## here we will use previously calculated X from LUSC60
load ("LUSC60.RData ")
° X = log2 (1+LUSC$counts)
3 * X=X[ apply (X,1var)>0]
2 :.
® o ## k- means clustering
¢ g clusters = kmeans(x=t(X), centers=2,nstart=10)$cluster
2 o4 ## validate clusters
A b table ( clusters,LUSC$meta$sample_type )
& ## get PCA results (use old if you have)
g 5 ¢ e o ®° ® e PC = prcomp (t(X),scale=TRUE)
a ° .0.0 ## visualize as PCA, use colors to represent clusters
J : plot (PC$x[,1], PC$x[,2 ],col = clusters, pch=19, cex=2,
P .. *. ) main ="PCA, colored by k - means clusters" )
% ®
S g0 ®
e o ° ## Exercise: do the same with standard "iris " data
o e View (iris)
T Py .
| | | ‘ ‘ ## k- means clustering
200 100 0 100 200 clusters = kmeans (iris[, - B],centers=3,nstart=10 )$cluster
PCE, 1] .
## validate clusters
e color by kmeana cuwers table ( clusters,iris [,5])
: * see o ## get PCA results (use old if you have)
1% S PC = prcomp (iris, - 5])
Z 2 &-. .*‘:'d
: . .¥ ‘:‘.‘ ## visualize as PCA, use colors to represent clusters
| . plot (PC$x[,1], PC$x[,2 ],col = clusters, pch=19, cex=2,
e main ="PCA, colored by k - means clusters" )
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HierarchicalClustering
Hierarchicallusteringcreatesa hierarchyof clustersthat may be representedin a tree structure calleda dendrogram
Theroot of the tree consistsof a single cluster containingall observations,and the leavescorrespondto individual

observations
Algorithmsfor hierarchicaklusteringare generallyeither agglomerativein whichone startsat the leavesand successively

mergesclusterstogether; or divisive in whichone startsat the root andrecursivelysplitsthe clusters

Elements @ o o o ° o

Agglomerative
SAISINIC

OO
> @

Distance Euclidean

http://wikipedia.org
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PCA, colored by hierarchical clusters
[
L ]
2 | L ]
= :.
® e
8,
B )
) ]
o
— L ]
=
‘8 o - ® Y [ ~
a ® J.tl
eV O
of | )4 °
®e
o | . L]
u [ ]
[ ] 'Y ) [ ]
® e
L
[ ]
o
o 4
' ®
T T T T T
-200 -100 0 100 200
PCSx, 1]
PCA, colored by hierarchical clusters PCA, colored by hierarchical clusters PCA, colored by hierarchical clusters
o* .* o*
o . . . o .
O e O
. .
2 - o & o 2 s
- - . . -
3. . ‘e i . ‘el i
g . . ..:':-. g ¢ g - % :.;.o
., . g M., .
2 % @ L 2 *e
S e
LI © .
H . E H

2.3. Clustering: kmeans
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## here we will use previously calculated X from LUSC60

## hierarchical clustering T
hc = hclust (dist (t(X)))
plot (hc)

generate tree and show it

## 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 ")
Cluster Dendrogram
? 2 3 ; <~&8
o oo e &;mmﬁmgzﬁm Q@ P Bo g E;&&
! ol esennssinnesa o PRANCAARE a8 85T
cpey PECR2RCNe R og TEERLT ElagenttroabE poFESRoa koo
CEep mAperisiiens TR TR PR
dist(t(X))

hclust (*, "complete")

## Exercise: do the same with "iris™ data
View (iris)
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Top variable genes

%%WWWW%

il

i

o

BERALEERRENE

## 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 )

##drawa  heatmap
pheatmap (X[ ikeep ,],scale  ="row ", fontsize_row =1, fontsize col
main ="Top variable genes "))

5;

## Exercise: try scale="none", select 1000+ variable genes

Density

Top variable genes

density.default(x = apply(X, 1, sd))

1.0

00 02 04 06 08

N=19939 Bandwidth = 0.07992
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Correlation between samples ## Heatmaps of correlation can be used for QC
library(  pheatmap )

; ## calculate correlation between samples (columns)
e I R = cor (X, method= "pearson ")

W2
NTS i
we | 095 ##drawa heatmap of correlation

NTA

i pheatmap ( R,fontsize_row =5, fontsize col =bh,

NTAT

we 03 main= "Correlation between samples" )

NTAZ
NTAZ
NTAS

HTAD 0.85

NTT

b I”-‘* Correlation between samples can be used to identify outliers or

TP

b swap mistakes in the experiment. In case you have outliers or
s work with nontlog transformed data, you could use

31

ra method = "spearman” ¢ a nonparametric correlation.

T Note: see the average correlation between samples ~0.9.
o Why?

24
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& Always check the distribution of your data! It can help you decide aboupmmesssing
(logtransformation, normalization) and identify outliers.

@ Use PCA and correlation to identify outliers or strangely behaving samples. PCA can
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 clukters
4 Hierarchical clustering is quite flexiblei¢ variable) but not stable in case you excladewsamples.

9 Heatmapis a nice tool to visualize the expression of genes over the samples.
Use aheatmapof correlations to checkimilaritiesand groups in your samples.
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3. Statistical Basics

http:// edu.modas.lu/transcripseq/part3.html

see more herehttp:// edu.modas.lu/modas dea/index.html



http://edu.modas.lu/modas_dea/index.html
http://edu.modas.lu/transcript-seq/part3.html
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Questions
@ Which genes have changesireanexpression level between conditiohs
@ How reliable are thisbservations (what is your-yalue or FDR?)

Differential
Expression
Analysis (DEA)
Similar to ttest with Similar to ANOVA with

{GdzRSy U Qa aSlngl&fa(ﬁoln,f\N@ Multifactor or CAéKSN_JQé aulaArad
compare means conditions multicondition compare variances
V\
/(9 > Posthoc analysis Exampletwo cell lines in time:
What are those?.. And do not forget about ACTR3

A hypotheses multiple hypotheses testing
A p-values 89 m
A tioe \/0—'"
A t-test

A ANOVA : ; ; ; |

@ J Time point

Expression
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When statisticianswould like to make a claim, they do this in the form of hypothesistesting In
hypothesistesting, we begin by makinga tentative assumptionabout a population parameter,i.e. by

formulation of a null hypothesis

dzl G A 2y

Null hypothesis

The hypothesis tentatively assumed true in the hypothesis testing procetlyre,
C2NJ al ¥SGé NBlFazyasz ¢S laadzyS | aaig
Alternative hypothesiss

The hypothesis concluded to be true if the null hypothesis is rejetted,

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

Hypotheses in:aisimplest:case: comparing mean toasconstant
Onetailed Two-tailed

H,: m¢ const H,: m? const H,: m=const

H,: m>const H,: m<const H,: m, const
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False Negative,

Population Condition b error

H, True H, True

Accept H, Correct { Type I1 }

Conclusion y Error

Conclusion

Error Conclusion

/‘

False Positive,
a error

e N
Reject H, Type I [ Correct J
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Onetailed 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

Ho: m* my
H,: m<m

A Trade Commission(TC)periodically conducts statistical studies designedto test the claimsthat

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 weightfor the population
of all cansfilled is 3 poundsper can However,aslong asthe populationmeanfilling weightis at least
3 pounds per can, the rights of consumerswill be protected Thus,the TCinterprets the label
information on a largecanof coffeeasa claimby Hilltop that the populationmeanfilling weightis at

least3 poundsper can We will showhow the TCcancheckHilltop's claimby conductinga lower tail

hypothesigest.

Supposea sampleof n = 36 coffee cansis selected Fromthe previousstudies,A ¢ Qa

my=3lom knownthat s =0.18Ibm
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Supposea sample of n = 36 coffee cansis selectedand m = 2.92 is

m =3 lom | ffee cans is
observed Fromthe previousstudies,A UkSbanthat s =0.181lbm

Hy: M2 3 noaction
Ha: m< 3 legalaction

[ S $a@ & the extremecase when m=3, we would like to be 9% surethat we make
no mistake when starting legal actionsagainstHilltop Coffee It meansthat selected
significancdevelis a =0.01

Sampling distribution

of m
o _ 018 _
T = yag =003
shouldbe testes OK




INSTITUTE
OF HEALTH

il 3.1. Hypothesis Testing:-palue -

LUXEMBOURG

I LUXEMBOURG

[ S dind #he probability of observationm for all possiblem? 3. We start from an extreme case
(m=3) and then probe all possiblem> 3. Seethe behaviorof the small probability area around
measuredm. Whatyou will getif you summarizdts areafor all possiblem? 3 ?

## Calculate p - value: one sample mean

## parameters
n = 36
mu =23

## calculation (if no data available)

m= 292 #m i mean 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 ://fedu.modas.lu/data/txt/coffee.txt"
x=scan( url )

t.test (X, mu = mu, alternative= "less" )

P(m) for all possiblem? m) is equalto P(x<m) for an extreme caseof m=m,
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' " ## Why do we need multiple testing correction ?
E ##1. Generate a random matrix: 1000 genes x 6 samples
w S E X = matrix (rnorm (6*1000), nrow =1000,ncol=6)

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

## 2. Assume col 1,2,3 - exp,4,5,6 - ctrl
colnames (X) = c("expl","exp2","exp3","ctrl1","ctrl2","ctrl3" )

GREEN JELLY

## 3.Doa ttest for each "gene" (slow, but who cares :)
pv = NULL
for( i in1: nrow (X))
pvlil= ttest (X[i,1:3],X[i,4:6])$ p.value

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

T ACNE!

9GS, Confroeue

W o g Py P
gy g P e e
g e g Py, W g

%mcmrﬁ: ————
COINCIDENCE! “sapnrac..
—_— Ty T

— - T S

-— e A

## do FDR adjustment
fdr = p.adjust (pv,"fdr ")
table (fdr <0.05 )
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False Negative,

Population Condition b error

H, True H, True

Accept Hﬂ Correct [ Type I1 }

Conclusion y Error

Conclusion

Error Conclusion

/‘

False Positive,
a error

e Y
Reject H, Lesl [ Correct }

Probability of an error in a multipkest, whena=0.05 1c(0.9_



