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Additional DESeq2 resources: 

https://bioconductor.org/packages/release/bioc/html/DESeq2.html 

https://bioconductor.org/packages/release/bioc/vignettes/DESeq2/inst/doc/DESeq2.html 

 

Introduction: 

Here will use those gene counts tables as input for the software DESeq2 to answer the 

question: What genes are statistically significantly changed upon an experimental condition? In 

particular, we will explore a dataset from a real experiment published (Andrysik 2017 et al. doi: 

10.1101/gr.220533.117). You will use a gene count table that we already prepared for you, from 

an experiment where Human colon cancer cells (HCT116) were treated with either the vehicle 

DMSO, or with the p53-activator drug Nutlin. 

 

The purpose of DESeq2 is to identify which genomic loci demonstrate a statistically significant 

difference in expression level between two or more conditions (referred to as “gene differential 

expression analysis”). It does so by modeling the variance in expression level across the full 

range of baseline expression levels present in the data and determines if the differential 

expression level for each locus is significantly greater than this variance. DESeq2 takes as an 

input the unnormalized count values for each (non-overlapping) loci in each sample. We 

recommend that you use featureCounts() to compute count values. DESeq2 performs best 

when provided multiple replicates per experimental condition (preferably 5+ replicates), in order 

to get an accurate estimation of within condition variance. DESeq2 is only to be used for non-

overlapping, unique genomic loci. If one’s aim is to compute differential expression of 

transcripts, DESeq2 is not appropriate. 

 

Note: All commands are executed within the R environment. We will be executing them 

manually, from the R command line, but they can also be compiled into a single script to be 

executed together. 

 

mailto:jacob.stanley@colorado.edu
mailto:daniel.ramirezhernandez@colorado.edu
mailto:rutendo.sigauke@colorado.edu
https://bioconductor.org/packages/release/bioc/html/DESeq2.html
https://bioconductor.org/packages/release/bioc/vignettes/DESeq2/inst/doc/DESeq2.html


Short read workshop - Differential Expression Worksheet 

2 

--- FILES ARE IN THE DATA FOLDER ON GITHUB FOR DAY7--- 
 

Below are the featureCounts output files as well as the condition table we will be using. Get 

these files onto your own local machine. We will use your local machine installation of RStudio 

and use these files as inputs. 

 

/path/to/day07/data 

 

Andrysik2017_counts.tsv 

Andrysik2017_samples.tsv 

 

Shown below is the top of the file Andrysik2017_counts.tsv, showing the raw unnormalized 

read counts across the first genes of the annotation file. 

 

 
 

Shown below is the contents of the Andrysik2017_samples.tsv file. It has four columns, each 

with information regarding each of the RNA-seq datasets. This information was used by 

featureCounts, and will be used again by DESeq2 to know which datasets are replicates of each 

other, and against what other replicates to make any comparison. 

 
 

--- USING DESEQ2 WITHIN RSTUDIO --- 
 

We will use DESeq2 with the RStudio on your local computer. First, we need to tell RStudio to 

load the DESeq2 library (if you have not yet installed DESeq2, let a class helper know. Be 

aware though that installing DESeq2 takes some time as it also needs several dependencies 

installed as well). Loading DESeq2 will prompt some red messages, and they should end with R 

normal “>” prompt symbol. 
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1. Load the two input files using read.table():  

a. The conditions table contains the sample information. 

 

 
 

b. Load the counts tables. The column names should match the names (SRR) in 

the conditions table 
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2. Next, load the two inputs onto DESeq2 using the following function. You can then type 

the variable dds and see some information of its contents, including its variable type, the 

number of genes that have counts (e.g. 26,485), and some of the gene and datasets 

labels. 

 

dds <- DESeqDataSetFromMatrix(countData = geneCountsTable,  

                              colData = conditionsTable, 

                              design = ~ condition) 

 

 
 

Optionally, you can remove all the gene entries that have low counts, such as those 

gene entries that have mostly zero counts. If you do not remove them, DESeq2 will 

automatically remove them internally while doing its calculations. Notice that printing the 

dds variable again gives us a smaller number of genes with counts (e.g. 18,698). 

 

dds <- dds[rowSums(counts(dds)) > 1,] 
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3. Run DESeq2’s main function DESeq on the dds variable you created. DESeq2 will 

internally do several actions:  

a. it will estimate each dataset size scale factors,  

b. it will estimate dispersion,  

c. it will fit a generalized linear model, and 

d. it will calculate each gene’s fold change. 

 

 DEdds <- DESeq(dds) 

 

 
 

Check what size factors were estimated for each of the 4 HCT116 datasets. Check how 

the total number of gene-assigned reads changes to a more homogeneous number with 

the normalization (e.g. between 20 and 23 million counts). 

 

sizeFactors(DEdds) 

colSums(counts(DEdds, normalized = FALSE)) 

colSums(counts(DEdds, normalized = TRUE)) 
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You can check the dispersion estimates with a simple DESeq2 function. You want to see 

that the estimates are monotonically descending and that most data points (blue) are 

nearby the fitted line (red). 

 

plotDispEsts(DEdds, main = "Dispersion Estimates") 

 

 
 

4. Define the alpha value that DESeq2 will need to assign statistical significance, as well as 

the names of the two experimental conditions we want to compare against each other. 

 

 alphaValue <- 0.05 

contrast <- c("condition", "nutlin", "dmso") 

 

5. Extract statistically significant results, and do DESeq2 special log fold-change shrinkage, 

which is useful for visualization purposes. DESeq2 will let you know that it is using the 

normal algorithm for doing the shrinkage, and that there are newer algorithms if you 

want to test them out as well. They require independent library installation. 

 

 results <- results(DEdds,  

  alpha = alphaValue,  

  contrast = contrast) 

 

results_shrunk <- lfcShrink(DEdds,  

contrast = contrast, 

res = results) 
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See that both unshrunk and shrunk results have identical nominal and adjusted p-

values. The shrinkage only affects the fold-change estimation values. 

 

 
 

6. You can check a global visualization of how the Human genes changed upon the Nutlin 

treatment using DESeq2 plotMA function.  

 

Notice that you can call a given library’s function by calling the name of the library 

followed by two colons and the name of the function. This helps R in case there are two 

functions with conflicting names.  

 

The resulting MA figure will plot each gene’s fold-change in the Y-axis, and such gene’s 

normalized counts in the X-axis. You can tell plotMA to color genes (red are significant, 

gray are non-significant) by significance by using the same alpha level threshold you 

defined previously. 
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You can observe that there are more red dots with positive than negative fold-change. 

This behavior will depend on the treatment that the cells of your experiment are exposed 

to. 

 

DESeq2::plotMA(results_shrunk, 

               alpha = alphaValue, 

               main = "RNA-seq\nHCT116\nDMSO vs Nutlin", 

               xlab = "mean of normalized counts", 

               ylab = "log fold change", 

               ylim = c(-5,5)) 

 

 
7. You can plot the normalized read counts for a given gene using DESeq2 built-in function 

plotCounts. You need to tell it the name of the gene as it appears in the original 

annotation file, as well as the name of the column in the condition file that 

denotes either “Nutlin” or “DMSO” as the conditions. 

 

gene <- "CDKN1A" 

plotCounts(DEdds, gene,  

           intgroup = "condition",  

           normalized = TRUE) 
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8. Order the gene results in descending order by their adjusted p-values, so that the most 

significant genes will be on the top of your results table. You can see that the very top 

gene is CDKN1A or p21, a known gene that controls cell cycle progression directly 

controlled by the transcription factor p53, which itself is activated by the drug Nutlin. 

  

 results_shrunk <- results_shrunk[order(results_shrunk$padj), ] 
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9. Filter out only those genes whose adjusted p-value are less than the defined alpha 

value. Finally, store your significant genes onto a text output file. You can use this file for 

any downstream analysis you deem appropriate, including gene set enrichment software 

such as GSEA and others. 

 

results_shrunk_sig <- subset(results_shrunk, padj < alphaValue) 

 

write.table(results_shrunk_sig, 

sep = "\t", 

quote = FALSE,  

row.names = TRUE, 

col.names = TRUE, 

             "PATH/TO/DIR/Andrysik2017_RNAseq_Nutlin_results.tsv") 

 

- You can then see the output text file from your bash terminal. 

 

 cat Andrysik2017_RNAseq_Nutlin_results.tsv | cut -f1,2,7 | head 

 

 


