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Workshop Description

RNA-seq II aims to provide tools for analysis of gene expression data from read 
counts to biology. To facilitate learning, the workshop will use a real case study 
based approach appropriate for Illumina read data (same as RNA-seq I).

From gene expression to biology (gene expression analysis):

•Normalization of gene expression
•Exploratory analysis of RNA-Seq data
•Differential gene expression analysis
•Gene set and pathway enrichment analysis
•Visualization of gene expression
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adjustments of values or 
distributions in statistics

by using correction 
multiplicative factors

Adopted from Alice Mouton’s presentation (Co-teaching by Trent Su)



Comon Normalization methods

RPKM/FPKM is not recommended 
(because the normalized count values output by the 
RPKM/FPKM method are not comparable between 
samples)

https://hbctraining.github.io/DGE_workshop/lessons/02_DGE_count_normalization.html

https://hbctraining.github.io/DGE_workshop/lessons/02_DGE_count_normalization.html


DeSeq2-normalized counts: Median of ratios method



Differential Expression Analysis

How do the expression levels differ across several conditions?

Challenges:
1. Count data is discrete – no normal distribution. Cannot perform t-test.
2. Small number of replicates – cannot use permutation methods.
3. Account for variability in measurements across biological replicates of 

an experiment.

Adopted from Soumya Luthra’s presentation (“RNA-Seq analysis in R (Bioconductor)”)



Poisson Distribution?
In probability theory and statistics, the Poisson distribution is a discrete probability distribution that expresses the probability of a given number 
of events occurring in a fixed interval of time or space if these events occur with a known constant rate and independently of the time since the 
last event. The Poisson distribution can also be used for the number of events in other specified intervals such as distance, area or volume, e.g. 
the number of phone calls received by a call center per hour. 

• Mean = Variance
v Mean is the average of the numbers

v Variance (σ2) in statistics is a measurement of the spread between numbers in a data set. That is, it measures how far each number in the 
set is from the mean and therefore from every other number in the set.

• Is read count data Poisson Distributed?
• Over-dispersion - variance in RNA-Seq measurements of gene 

expression are larger than the theoretical values
v In statistics, overdispersion is the presence of greater variability in a data set 

than would be expected based on a given statistical model.

Adopted from Soumya Luthra’s presentation (“RNA-Seq analysis in R (Bioconductor)”)

https://en.wikipedia.org/wiki/Probability_theory
https://en.wikipedia.org/wiki/Statistics
https://en.wikipedia.org/wiki/Discrete_probability_distribution
https://en.wikipedia.org/wiki/Statistical_independence
https://en.wikipedia.org/wiki/Statistics
https://en.wikipedia.org/wiki/Statistical_model


Negative Binomial Distribution

• NB has been shown to be a good fit to RNA-Seq data

• It is flexible enough to account for biological variability

Model: 
• Makes the assumption that an observation say Ygj (observed number) of reads for gene g sample j, has a mean μgj

and a variance of μgj + Φg μ2, where Φg represents over-dispersion relative to poisson distribution.

• The mean parameter depends on the sequencing depth as well as on the amount of RNA from gene in the 
sample

• Obtaining good estimates of each gene’s dispersion is critical for statistical testing.

Tools:
• EdgeR and DESeq count data using a Negative Binomial Distribution and perform statistical tests for 

differential expression.

In probability theory and statistics, the negative binomial distribution is a discrete probability distribution of the number of successes in a 
sequence of independent and identically distributed Bernoulli trials before a specified (non-random) number of failures (denoted r) occurs. 
For example, if we define a 1 as failure, all non-1s as successes, and we throw a dice repeatedly until 1 appears the third time (r = three 
failures), then the probability distribution of the number of non-1s that appeared will be a negative binomial distribution.

Adopted from Soumya Luthra’s presentation (“RNA-Seq analysis in R (Bioconductor)”)

https://en.wikipedia.org/wiki/Probability_theory
https://en.wikipedia.org/wiki/Statistics
https://en.wikipedia.org/wiki/Discrete_probability_distribution
https://en.wikipedia.org/wiki/Bernoulli_trial
https://en.wikipedia.org/wiki/Dice


edgeR
EdgeR treats the Poisson variance as simple sampling variance, and refers to the dispersion estimate as 
the "biological coefficient of variation.” 

Estimating dispersion:
• EdgeR shares information across genes to determine a common dispersion. It then calculates a 

dispersion estimate per gene and shrinks it towards the common dispersion. The gene-specific 
(referred to in edgeR as tagwise) dispersion estimates are used in the test for differential 
expression.

Statistical Test:
• Simple design - Fischer’s exact test 
(statistical significance test that is one of a class of exact tests, so called because the significance of the deviation from a null 
hypothesis (e.g., P-value) can be calculated exactly, rather than relying on an approximation that becomes exact in the limit as 
the sample size grows to infinity, as with many statistical tests).

• Complex design  - Generalized linear model (GLM) framework
(In statistics, the generalized linear model (GLM) is a flexible generalization of ordinary linear regression that allows 
for response variables that have error distribution models other than a normal distribution. The GLM generalizes linear 
regression by allowing the linear model to be related to the response variable via a link function and by allowing the magnitude
of the variance of each measurement to be a function of its predicted value.)

Adopted from Soumya Luthra’s presentation (“RNA-Seq analysis in R (Bioconductor)”)

https://en.wikipedia.org/wiki/Statistical_significance
https://en.wikipedia.org/wiki/Exact_test
https://en.wikipedia.org/wiki/Null_hypothesis
https://en.wikipedia.org/wiki/P-value
https://en.wikipedia.org/wiki/Statistics
https://en.wikipedia.org/wiki/Linear_regression
https://en.wikipedia.org/wiki/Response_variable
https://en.wikipedia.org/wiki/Normal_distribution


DESeq
• Differential gene expression from count data based on negative binomial distribution.

• Offers two transformations for stabilizing the variance of count data:

• VST – Variance stabilizing transformation
• Regularized log transformation (rlog)

Adopted from Soumya Luthra’s presentation (“RNA-Seq analysis in R (Bioconductor)”)

http://bioconductor.org/packages/devel/bioc/vignettes/DESeq2/inst/doc/DESeq2.html

How do I use VST or rlog data for differential
testing?

The variance stabilizing and rlog transformations are
provided for applications other than differential testing,
for example clustering of samples or other machine
learning applications. For differential testing we
recommend the DESeq function applied to raw counts.

http://bioconductor.org/packages/devel/bioc/vignettes/DESeq2/inst/doc/DESeq2.html




mRNAs
adenine (3a) vs. control (1c)

Example of DE using DESeq2



DE mRNA expression, p <0.05  (Top 1000 mRNAs)mRNAs
adenine (3a) vs. control (1c) 

Dendrogram at the side shows us a hierarchical clustering
for the genes.
Since the clustering is only relevant for genes that actually
carry signal, one usually carries it out only for a subset of
most highly variable genes (genes with the highest variance
across samples)

The heatmap becomes more interesting if we do not look
at absolute expression strength but rather at the amount
by which each gene deviates in a specific sample from the
gene’s average across all samples. Hence, we center and
scale each genes’ values across samples, and plot a
heatmap.

Heatmap is a graphical representation of data where
individual values contained in a matrix are represented as
colors. It allows to visualize expression of many genes in
many samples.

Blue – underexpressed genes
Red – overexpressed genes



Adding other parameters for the heatmaps….

SEX

CONDITION

regular gene names



Sample-To-Sample distance (Euclidian)
mRNAs

adenine (a) vs. control (c) 

Goal: 
to assess overall similarity between samples

A heatmap of this distance matrix gives us an 
overview over similarities and dissimilarities 
between samples. 

We have to provide a hierarchical clustering (hc) to the heatmap
function based on the sample distances, or else the heatmap
function would calculate a clustering based on the distances
between the rows/columns of the distance matrix.



mRNAs
adenine (a) vs. control (c) PCA plot

Principal component plot
of the samples

Related to the distance
matrix is the PCA plot,
which shows the samples
in the 2D plane spanned
by their first two principal
components. This type of
plot is useful for visualizing
the overall effect of
experimental covariates
and batch effects.



PCA plot
Ø Principal Component analysis (PCA) is the most commonly used dimensionality reduction method;
Ø PCA projects multidimensional data onto lower uncorrelated dimensions (principal components – PCs), 
while retaining most of the information;
Ø PC1 is a projection that accounts for the most of the variation,
Ø PC2 is a projection that accounts for the most of the remaining information,
Ø PC3 is a next…, etc.

Ø PCA allows to characterize overall structure of the dataset;
Ø PCA allows to assess the quality of the dataset:
§ Concordance between replicates;
§ Overall structure should correspond to design;
§ Identification of outlier samples;
§ Identification of confounding factors;
§ Identification of unwanted/unexpected patterns

It informs us about:

Adopted from Alice Mouton’s presentation (Co-teaching by Trent Su)



mRNAs
PCA plot

Ctrl vs. KO

Outlier
I had to exclude one Ctrl sample



Sample-To-Sample distance (Euclidian)

mRNAs

Ctrl vs. KO

outlier



Adopted from Alice Mouton’s presentation (Co-teaching by Trent Su)
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mRNAs Volcano plot - adenine (3a) vs. control (1c) 



adenine (3a) vs. control (1c) vs. – first top 30 mRNAs
mRNAs

MA plot  

Ø The function plotMA shows the log2 fold changes attributable 
to a given variable over the mean of normalized counts for all 
the samples in the DESeqDataSet. 

Ø Points will be colored red if the adjusted p value is < 0.1. 

Exporting results to CSV files

The Wald statistic is the logfoldchange (LFC) divided by its standard error (lfcSE) . This Wald statistic is used
to calculate p-values (it is compared to a standard normal distribution) . So it's the ratio of LFC and SE which
determines significance.

The Benjamini-Hochberg (BH) procedure is a powerful tool that decreases the false discovery rate.
Adjusting the rate helps to control for the fact that sometimes small p-values (less than 5%) happen by 
chance, which could lead you to incorrectly reject the true null hypotheses. In other words, the BH Procedure 
helps you to avoid Type I errors (false positives).

sorted by  padj
(from the smallest to the largest & expand selection)

https://www.statisticshowto.datasciencecentral.com/false-discovery-rate/
https://www.statisticshowto.datasciencecentral.com/p-value/
https://www.statisticshowto.datasciencecentral.com/support-or-reject-null-hypothesis/
https://www.statisticshowto.datasciencecentral.com/probability-and-statistics/statistics-definitions/type-i-error-type-ii-error-decision/


MA plot

Ctrl vs. KO Disease vs. Ctrl

Normal Batch effect

Different timepoints of sample collection



DESeq2 – difference over time

Early timepoints 
[0h, 6h, 12h)

Late timepoints 
[0h, 24h, 48h)

Ctrl vs. KO



condition : kdr2 or scr
time: 0, 6, 12 (early) & 0, 24, 46 (late)

Full model: design formula that models the condition difference at time 0, the difference over 
time, and any condition-specific differences over time (the interaction term condition:time).

Reduce model: from full model removed the condition-specific differences over time.

The LRT examines two models for the counts, a full model with a certain number of terms and 
a reduced model, in which some of the terms of the full model are removed. The test determines if the 
increased likelihood of the data using the extra terms in the full model is more than expected if those 
extra terms are truly zero

Genes with small p values from this test are those which at one or more time points after time 0 
showed a condition-specific effect. Note therefore that this will not give small p values to genes that 
moved up or down over time in the same way in both conditions.

DESeq2 – difference over time



Impulse DE2
https://bioconductor.org/packages/release/bioc/html/ImpulseDE2.html
Differential expression analysis of longitudinal count data sets

Fischer D (2019). ImpulseDE2: Differential expression analysis of longitudinal count data sets. R package version 1.8.0.

https://bioconductor.org/packages/release/bioc/html/ImpulseDE2.html


Impulse DE2

case- KD2, 
ctrl - SCR, 
combined (both)

The Standard normalization from Impulse De2

The normalisation constant is the median of the ratio of gene counts versus the
geometric gene count mean. There is one normalisation constant per replicate. An
intuitive alternative would be the sequencing depth, the median ratio is however
less sensitive to highly differentially expressed genes with high counts (ref. DESeq).
The normalisation constants are used to scale the mean of the negative binomial
model inferred during fitting to the sequencing depth of the given sample. The
normalisation constants therefore replace normalisation at the count data level,
which is not supposed to be done in the framework of ImpulseDE2. There is the
option to supply size factors to this function to override its size factor choice.

Early Late

IMPULSEDE2 Heatmaps
scaQThres < 0.01 (scalar)
FDR-corrected p-value threshold for calling differentially 
expressed genes



Heatmap genes

Filter by genes where scaQThres < 0.01 (scalar)
FDR-corrected p-value threshold for calling differentially expressed genes: Only genes below this threshold are included in the heatmap.

Impulse DE2

Early Late

FDR - the false discovery rate 





Workshop’s google drive folder

Slides & supporting documents:

ØR scripts and files with htseq counts:
https://drive.google.com/open?id=16akcy3Mrb8Jd5VLv57coSi2KGw1aLE72

https://drive.google.com/open?id=16akcy3Mrb8Jd5VLv57coSi2KGw1aLE72


EXERCISE
STEP 1: Download the htseq data from the google drive folder (30 files):
https://drive.google.com/open?id=16akcy3Mrb8Jd5VLv57coSi2KGw1aLE72

STEP 2: Perform DE 

Wild type
(16 samples: 36-51)

KO type
(14 samples: 52-65)

https://drive.google.com/open?id=16akcy3Mrb8Jd5VLv57coSi2KGw1aLE72


Installations

•R (version 3.6.1) : https://www.r-project.org/ For mac you can download binaries from 
: https://cran.r-project.org/bin/macosx/
It is possible to install R with homebrew: brew install r
For Windows you can follow instruction : https://cran.r-project.org/bin/windows/base/

•R Studio: https://rstudio.com/ . You can download installer for different OS 
from https://rstudio.com/products/rstudio/download/#download . With homebrew you can install with 
command : brew cask install rstudio

•After installing R, it is required to run this script to install packages:
if (!requireNamespace("BiocManager", quietly = TRUE))
install.packages("BiocManager")

BiocManager::install("DESeq2")
BiocManager::install("EnhancedVolcano")
BiocManager::install("pheatmap")
BiocManager::install("RColorBrewer")

https://www.r-project.org/
https://cran.r-project.org/bin/macosx/
https://cran.r-project.org/bin/windows/base/
https://rstudio.com/
https://rstudio.com/products/rstudio/download/


http://bioconductor.org/packages/devel/bioc/vignettes/DESeq2/inst/doc/DESeq2.html

http://bioconductor.org/packages/devel/bioc/vignettes/DESeq2/inst/doc/DESeq2.html


Thank You


