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e At your table name the
steps marked with
numbers and summarize
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io and Markdown

R Studio - Code Interpreter and Editor

RStudio
File Edit Code View Plots Session Build Debug Profile Tools Help
O -y -5 G Go to file/function ~ Addins *

sllerR 0] presentation2.R @7 pca_exampleR my_dat result pca_data @7 stroke_data.R @] 06a_count_matrix.Rmd* dat » =N Environment  History Connections Tutorial

KnitonSave | 7 QU | @ Knit - 'c B #Run | B v | & [ | P import Dataset = | Y T7aMiE + | &

Leaming Objectives ~ Data

. Loading libraries 3
- title: "The RNAseq count matrix" Loamng data O data 23368 obs. of 9.var1akﬂes
author: "you!" Viewing data D meta 8 obs. of 3 variables
''r sys.Dpate() "’ RNA-seqcountdi.. ¥ pdata 186944 obs. of 3 variables
it: (function(inputFile, encoding) { Modeling count d.
rmarkdown: :render(inputFile,
encoding=encoding,
output_format="all"’,

Scri ptl ng / P rogramming La nguage *¥T0 create pOF rEportous::;j;:wtb’E/]i}) Objects in Environment

#pdf_document:

# toc: yes

html_document:
theme: yeti # nice theme for the webpage
toc: yes # table of contents
toc_float: yes # table of contents "floats" in the document Files Plots Packages Help Viewer
df_print: paged # data frames are interactive

- 3| Export ~
dev: png # what format do you want for the figures? =/

Scripts / Markdowns (Save Your Code)

Console  Terminal Jobs =0 O\Ie Niew by Type, HEIp

R R422 - ~f
)
nd R-pack
> ### Check classes of the data we just brought in a d pac ages
> class(meta)
[1] "spec_tb1_df" "th1_df" "th1" "data. frame"
> class(data)
[1] "spec_tb1_df" "tb1_df" "th1" "data. frame"
> head(meta) ( )
> nescnets) Console (Evaluate Code
> pdata <- data %=%
+ gather (key = Sample, value = Count, -GeneSymbol)
>
>

pdata




Rstudio and Markdown

RStudio

File Edit Code View Plots
-l e- 84

erR @7 presentation2.R
Knit on Save

Source | Visual

Session

‘/

0 pca_exampleR
Q | & it

Nermal =

Build Debug Profile

Tools Help

~ Addins =

result pea_data

Format =

Insert =

0] stroke_data.R

Table ~

@] 06a_count_matrix.Rmd*

a-

Viewing data

type of analysis.

Make sure your datasets contain the expected samples / information before proceeding to perfom any

r
head(meta)
head(data)
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@ Chunk2 3
Console  Terminal

R R422 -~/
J

> ### Check classes of the data we just brought in

> class(meta)
[1] "spec_tb1_df" "tb1_df"

nep1"

"data. frame"

-

datx | M e[

#Run - | B~
QOutline

Leaming Objectives
Loading libraries
Loading data
Viewing data
RNA-seq count di
deling count d

R Markdown 3

=0

Environment  History Connections  Tutorial

]

&« H » 7amie - | &

Z* Import Dataset ~
R = | Tk Global Environment =
Data
O data

meta
O pdata

23368 obs. of 9 variables
8 obs. of 3 variables
186944 obs. of 3 variables

Plots  Packages Help Viewer

25| Export ~

Text in Rmarkdown
Code chunk (R code)

Output from chunk

X

R project: (None) ~

=0

List = =




Rstudio and Markdown

RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help
O . %% - H c ~ Addins ~ Bl Project: (None) +

erR @7 presentation2.R @7 pea_sxampleR y_ result pca_data @7 stroke_data.R @ 06a_count_matrixRmd* dat » =) Environment  History Connections  Tutorial o [
Kniton Save | “ Q| @ Knit A - #Run v | G+ P [ | T import Dataset ~ | 3 802 MiB - | & List = -
Source | Visual Normal = i | | Format = | Insert ~ | Table ~ Outline R = | (T Global Environment =
-~ | Leaming Objectives Data

data ibrari ;
v Loading libraries O data 23368 obs. of 9 variables
N Loading data .
ggplot(pdata) + ) . - . . Viewing data O df 23368 obs. of 2 variables
geom_l"pstogram(aes_ (x = Coun&-, stat = "bin", bins = 200) + RNA-58q count di Dmeta 8 obs. of 3 variables
xlab("Raw expression counts") + Modeling count d...

ylab("Number of genes™) D pdata 186944 obs. of 3 variables

Files Plots Packages Help Viewer
25 Export

90000 -

IMPORTANT:

Number of genes

Code chunks are run sequentially

| | If a chunk fails, ensure you have
TRawopresoncons run all the chunks before it!

Chunk 8: mean_vs_variance + R Markdown %

Console  Terminal Jobs =




Experimental design Sequence Align to reference

100b  150b  200b  250b

J !

Untreated  Treated

Isolate RNA FastQ files Quantification

b — ---0 ] ]
- ----a. - = Transcript SampleX SampleY
—— .. .- - - A 20 98
e Paired-end reads Single reads

_—_— B 0 22

i | 1 | C 109 15

Prepare library Filter and clean reads

—— -0 - .
— - =

Paired-end reads  Single reads
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Understand the output of your pre-processing

How can we model gene counts?

Gene expression biases

How do we normalize our count matrix?
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B 20 25 60

C 5 8 15

D 0 0 1
Total counts 35 45 106

* |s the expression of gene A higher in Rep3 than Rep1?
* |s the expression of gene A higher than gene B in Rep1?

* Can you directly compare genes and reps in this table? Why / why not?
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* Distribution of RNAseq count data:

 Model with a Poisson distribution (PD)?

* PD assumes mean == variance, count
distributions are overdispersed!
Negative binomial distribution. variable
0.004 - untreated1
j untreated2
%‘ : untreated3
10 @ é : untreated4
§ ::1100 § T :;l = ::;Dl ] treated1
2 8] e 0.002- | weatedz
g Z g ;_ g ° : treated3
% 'll‘ | I““!"";--n; ) | ‘|||“““F““F 2 T TTTTTTTrToToTIIT
o 5 10 15 20 25 30 ] 5 i0 15 20 25 a0 0 5 10 15 20 25 a0 0.000 - k
* 0e+00 1405 2e+05 3e+05
Raw counts
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B 20 25 60

C 5 8 15

D 0 0 1
Total counts 35 45 106

* The raw count matrix cannot be used as input for statistical tests, etc.
 There are several biases that affect the count matrix

* Before our analysis, we need to correct for these
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Fragment length
(size selection)

/ N\

fragment length

0- Library size bias (total counts):
* Deeper runs will have more reads mapping to each gene

density

Positional bias
* Gene length bias (Kb): (degradation)

_

5' position 3'

* Longer genes will have more reads mapping to them

density

e GC-rich and AT-rich fragment bias:

* Genesrich in these are underrepresented in the sequencing results Fragment sequence bias
(PCR amplification)

~

fragment GC %

o- RNA composition:
* Few highly expressed genes can skew normalization

log{obs/exp)
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Library size bias:

* Deeper runs will have more reads

mapping to each gene
* Lab protocol variability

* Biological variability

We must correct for this before differential

expression analysis!

Sample 1

Sample 2
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RNA composition: e =iiEs
- - - - = =
Gene A Gene A

* Few highly expressed genes can skew
normalization

. i . Gene B
* Especially important to consider for
differential expression
Gene C
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RPKM = Reads per Kilobase Million (single end)
FPKM = Fragments per Kilobase Million (paired end)

read countyy
Y.gread county / 10°

Original

RPKM ,y = (
9x gene length Kb,

TPM = Transcripts per Million

. - read countgy
ranscri =
Plox gene length Kb,

transcript
TPMgy = 106 ( Pgx )

d.gtranscripty

A 10 12 30
B 20 25 60
C 5 8 15
D 0 0 1
Total counts 35 45 106
TPM
A 3.33 2.96 3.326
B 3.33 3.09 3.326
C 3.33 3.95 3.326
D 0 0 0.02
Total counts ~10 ~10 ~10
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Moderated estimation of fold change and dispersion
for RNA-seq data with DESeq2

* One of the most used R-packages for RNAseq analysis is Michzlove ol Huber & s Avdrs =

Genome Biology 15, Article number: 550 (2014) | Cite this article

DEsqu 284k Accesses | 16482 Citations | 62 Altmetric | Metrics

Volcano plot

* Normalizing the data with DESeq?2:
* Does not use RPKM/TPM
* Uses median of ratios and size factor calculation
* One of most popular normalization methods for DEA

—logyp Q value

Genes differentially expressed (DE) between sample groups

Logs fold change
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Median of ratios

* Accounts for sequencing depth and RNA composition

* Steps:
1. Create pseudo-reference sample
2. Calculate ratio of each sample to the reference
3. Calculate normalization factor for each sample
4. Calculate normalized count values using normalization factor

18
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1. Create pseudo-reference sample:
e Geometric mean across all samples

= Exponential growth data, less sensitive to outliers

2. Calculate ratio of each sample to the reference:

* Ratios of each gene in a sample compared to the ref.

EF2A

1489

906

"sqrt(1489 * 906)
=1161.5

1489/1161.5 =1.28

906/1161.5 =0.78

ACBD1

22

13

"sqrt(22 * 13) = 17.7

22/16.9=1.30

13/16.9=0.77
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3. Calculate normalization factor for each sample:
* Median value of the ratios for each sample is used as normalization factor

sample 1/ pseudo-reference sample
Normalization factor approach:

2500

* Robust to imbalance in up/down regulation

<+—— median
* Robust to large number of DE genes | | ‘l‘
° 1 —_ H _I.IIIII| IIIII -l--l_-__l — 20

1500

0 500
|

If size factor >> or << 1 = extreme outlier! -

Distribution of ratios for a sample
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4. Calculate normalized count values

Divide raw count value in a sample by sample’s normalization factor

Samplel median ratio = 1.29

Sample2 median ratio = 0.78

EF2A

1489/1.29 =1154.26

906/0.78 =1161.53

ACBD1

22/1.29 =17.905

13/0.78 = 16.66
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Let’s normalize the counts for our dataset

Notebooks:
 05b count _matrix.Rmd
* 05¢ count_normalization.Rmd
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1. RNA counts follow a negative binominal distribution

Data distribution guides normalization strategies and model choice

2. RNASeq data inherently contain biases which must be taken into account

DESeq2 performs median of ratios normalization and size factor scaling

23
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