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Dec. 6 - Analysing transcriptome data (using R) – part 2



Outline

Monday
Before lunch:
§ Transcriptomics (lectures/practical)

§ Sequencing technologies
§ Transcriptome assembly
§ Gene expression

After lunch:
§ Basic R/RStudio (lecture)
§ Installing/setting up R/RStudio
§ Basic R (practical)

Tuesday
Continue the transcriptomics pipeline 
(lectures/practical)

§ Count gene expression
§ Experimental design
§ Quality assessment
§ Differential gene expression

After lunch:
§ Bioconductor (lecture)
§ Transcriptomics/DE-test 

(lecture/practical)



Summary

FastQC – view fastq files (fastq.gz / 
fq.gz)

trim-galore – trims the fastq files on 
quality and/or adapters

TopHat2 – maps the trimmed reads to 
the genome



Counting gene expression



Counting gene expression

HTSeq-counts
http://www-huber.embl.de/HTSeq/doc/count.html

Default

HTSeq gives “raw counts”

Many programs to count/estimate expression:
• HTSeq (python) – gives raw counts
• Cufflinks (tuxedo pipeline) – fpkm values
• RSEM (de novo transcriptomes) –

expected counts
• summarizeOverlaps (R) – similar to 

HTSeq
• …



Counting gene expression

Raw counts
The number of reads (pairs counting as one) mapping to a feature.
Not scaled by length (i.e. longer fragments = higher count) or sequencing depth (i.e. more 
sequences = higher count).

Counts per million (cpm)
Scaled by sequencing depth, not length.

TPM
Transcripts per million. Scaled by sequencing depth and length

fpkm/rpkm
Reads/fragments per kilobase of exon per million reads mapped. 
Similar to TPM. Scaled by sequencing depth and length

https://haroldpimentel.wordpress.com/2014/05/08/what-the-fpkm-a-review-rna-seq-expression-units/



Annotation files
.gtf .gff

.gff3.gtf2
.bed

• Like “Tracks” in a genome browser
• Specify coordinates in a genome
• A multitude of formats…

.vcf

.wig



Annotation files
.gtf .gff

.gff3.gtf2
.bed .vcf

.wig

.gtf and .gff3 most common (perhaps…). 9 tab-separated columns

Col1: Chromosome

Col2: Can be anything

Col3: Feature type

Col4: Feature start

Col5: Feature stop

Col6: Score

Col7: Strand

Col8: Frame

Col9: Attributes



Exercise 3 – Counting gene expression



Experimental design



Experimental design



Experimental design

Strand-
specific?



Experimental design



Experimental design - replicates



Experimental design - replicates



Experimental design - replicates
Quickly becomes many samples!

Simple design: control vs. treated
Complex design: Two factors, tissue in two 
levels (A and B) and drug in three levels. 



Experimental design – systematic bias

• Ensure that you will not have any systematic biases:
– Distribute the biological groups in a balanced way.
– Divide into batches of the same sizes, limited by the capacity on 

each step.
– Tip: in excel (or similar program) color code sample name 

according to biological group, and in next column color code by 
batch. 

• Randomize and balance according to the biology your are 
interested in.



Experimental design: an example



Experimental design: batch effect

Samples color coded according to biology



Experimental design: batch effect

Samples color coded according to labeling date



Data exploration and 
quality assessment



Mnemiopsis leidyi

Oral organ X 4 replicates

Aboral organ X 4 replicates

Goal: Find genes 
upregulated in the
aboral organ









• DESeq2 and edgeR – two of the most common pacakges
for RNA-seq analysis (differential expression).

• DESeq2 and edgeR – based on “raw counts” such as from 
HTSeq

• Tuxedo pipeline (TopHat+Cufflinks+Cuffdiff) also very 
common – fpkm-based. –

• Often people run all three procedures and compare



Useful sites – Bioconductor support



Useful sites – Biostars.org



Useful sites – Stackoverflow.com



Useful literature on RNA-seq analysis



Data exploration and 
quality assessment



Transformation

• For visualization
• Homoskedastic data – the variance is the same across the 

means.
• For RNA-seq raw counts, however, the variance grows with 

the mean. => Higher counts, more variance.
• E.g. PCA plot dominated by highly expressed genes. 
• log2-transform common – but now then, small numbers tend 

to dominate due to strong poisson noise

Anders and Huber, 2010 
similar approach: Robinson and Oshlack 2010



Strong poisson noise for low count values



DESeq2 – variance stabilizing transformation (rlog)

Love et al. 2014 Genome Biology



Normalization for library size

• If sample A has been sampled deeper than sample B, we 
expect counts to be higher. 

• Naive approach: Divide by the total number of reads per 
sample 

• Problem: Genes that are strongly and differentially 
expressed may distort the ratio of total reads. 



Normalization for library size



Normalization for library size

• To compare more than two samples: 
• Form a “virtual reference sample” by taking, for each gene, 

the geometric mean of counts over all samples 

• DESeq2: Normalize each sample to this reference, to get 
one scaling factor (“size factor”) per sample. 

Anders and Huber, 2010 
similar approach: Robinson and Oshlack 2010



Differential expression analysis - distributions



Differential expression analysis

• DESeq2 uses the negative binomial distribution.
• In pairwise DE tests performs a Wald test
• Many genes have zero counts
• Some genes have high counts



DE testing– adjusted p-values



DE testing– adjusted p-values



Try Bioconductor (DESeq2 and edgeR) yourself

http://folk.uio.no/jonbra/R_DESeq2_exercises.html


