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Overview

1 Rstudio & Rmarkdown

2 Count Matrix & Normalization

3 Exploratory Analysis

4 Differential Expression

5 Functional Analysis



Goal of differential expression analysis (DEA): 

• Compare gene expression between conditions

• Pathway -and ontology enrichment

• Understand underlying biological mechanism

• Explore effect of exposure or drug treatment

• Gene target for translation medicine 
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Differential Expression Analysis

Significant

Non Significant



• What conditions you want to compare → Contrast

• Simple experiments are easy to compare (e.g. Treatment vs Control)

• Complicated experiments:
• Multiple outcomes
• Multiple explanatory variables to account for
• Unpaired or paired samples
• Batch and other technical artefacts 

4

Differential Expression Analysis



• Define sources of variation for DE testing:
• Meta data variables that defined PCs in your PCA

• Your variable of interest (outcome variable)

• Model counts and perform statistical test

• Make a design matrix including: 
• outcome variable (treatment)

• explanatory variables (sex, strain)

• confounding variables (batch)
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DEA

design = ~ treatment

design = ~ sex + strain + treatment
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DEA contrast designs

• One factor with two levels

• One factor with n levels
• Two factors with n levels

• Two factors with interaction
• Two factors with nesting

Cell type

Control Treatment 1 Treatment 2Control Treatment

BA BA C D

1 2Patient

Two levels Three levels

Two Factors 
with Interaction

Two Factors 
with Nesting

Condition

~ 0 + Condition

~ 0 + Celltype + Condition

~ 0 + Celltype + Condition + Celltype:Condition



• 1. Define sources of variation for testing (variables)

• 2. DESeq2 Differential Gene Expression Workflow

• Four steps:
1. Estimate size factors (same as normalization!)

2. Estimate gene-wise dispersion

3. Fit Negative Binomial Generalized Linear Model

4. Post hoc test for LFC and significance (p-val)

DESeq2 Workflow

DESeq()

1. Estimate Size Factors

2. Estimate Gene-Wise Dispersion

3. GLM Fit for Each Gene

4. Post Hoc Test for Significance



• Normalization for sample library size and RNA composition

• Size factors are used as parameters in the generalized linear models (GLMs)

• We went through the steps of this in section 5 (RNAseq counts)
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1. Estimate Size Factors

estimateSizeFactors()

DESeq2 Workflow



• To estimate DEG → to account for replicate variation

• Dispersion compares variance to the mean

𝒅𝒊𝒔𝒑𝒆𝒓𝒔𝒊𝒐𝒏 =
𝑣𝑎𝑟 −  𝜇

𝜇2

Which difference is more stricking between genes?

Gene Sample X Sample Y

A 200 100

B 20 10

Gene A: 
200-100 = 100
200/100 = 2
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2. Estimate Gene-Wise Dispersion

Gene B: 
20-10 = 10
20/10 = 2

estimateDispersions()

DESeq2 Workflow



• To estimate DEG → to account for replicate variation

• Replicate variation → account for dispersion
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2. Estimate Gene-Wise Dispersion

𝒅𝒊𝒔𝒑𝒆𝒓𝒔𝒊𝒐𝒏 =
𝑣𝑎𝑟 −  𝜇

𝜇2

estimateDispersions()

DESeq2 Workflow



• Dispersion is adjusted for lowly 
expressed genes
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2. Estimate Gene-Wise Dispersion

𝒅𝒊𝒔𝒑𝒆𝒓𝒔𝒊𝒐𝒏 =
𝑣𝑎𝑟 −  𝜇

𝜇2

estimateDispersions()

DESeq2 Workflow



• Worrisome dispersions
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2. Estimate Gene-Wise Dispersion

𝒅𝒊𝒔𝒑𝒆𝒓𝒔𝒊𝒐𝒏 =
𝑣𝑎𝑟 −  𝜇

𝜇2

estimateDispersions()

Bad fit!

Outlier or 
contamination?

DESeq2 Workflow



• Fit a Generalized Linear Model (Negative Binomial)

• Model takes into account dispersion and size factors

• Post hoc test: Wald test or likelihood ratio test to obtain fold changes
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3. GLM Fit for Each Gene

nbinomWaldTest()

DESeq2 Workflow
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Exercise

Let’s Do Differential Expression Analysis:

Notebook:
• 07a_DEA.Rmd



Calculation of Log2 Fold Changes (LFC) and their statistical significance:

• Fold change: ratio of mean expression levels between conditions

• How big the change is

• Wald test P-value: probability of observing the fold change if it was due by chance 

• How significant the change is

𝐿𝐹𝐶 = 𝑙𝑜𝑔2 𝑞𝑖𝑗 = ෍

𝑟

𝑥𝑖𝑟𝛽𝑖𝑟
GLM coefficient for each 
explanatory variable 
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4. Post Hoc Test (Wald Test)

DESeq2 Workflow

LFC = log2(mean expr. genei in condA) - log2(mean expr. genei in condB) 

Design matrix 



The multiple testing problem
• DE testing of thousands of genes will increase the 

number of false positives

• Bonferroni (or B-H) correction for adjusted p-values

• Filter significant DE between conditions
• A very small change can be significant but is it 

biologically interesting?

• Absolute LFC > 1 (or < -1) & adjusted p-value < 0.05

• Visualization with volcano plots, heatmaps, MA plots

DEA
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Exercise

Let’s check out DEA results!

Notebook:
• 07b_hypothesis_testing.Rmd
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