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Difference in the transcriptome between conditions

Finding genes that are differentially expressed between conditions
is an integral part of understanding the molecular basis of
phenotypic variation.
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Differential Expression

A gene is declared differentially expressed if an observed difference
or change in read counts between two experimental conditions is
statistically significant

Stats for microarrays are based on numerical intensity values

Stats for RNA-Seq instead analyze read-count distributions

RNA-seq offers several advantages over microarrays, such as an
increased dynamic range and a lower background level, and the
ability to detect and quantify the expression of previously unknown
transcripts and isoforms
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Microarrays. One slide and that’s all you are getting!

Microarrays have been used
routinely for differential
expression analysis for over a
decade, and there are
well-established methods
available for this purpose (such
as limma). These methods are
not immediately transferable to
analysis of RNA-seq data.

Ritchie et al. Nucleic Acids
Research, 2015
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RNA-Seq What level of data to choose?

With RNA-Seq data we can choose the following levels of data
information

Exon

Transcript

Gene

Your biological questions should probably inform this decision.
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Sources of technical variation in RNA-Seq

Gene length

Most RNA-Seq protocols use an mRNA fragmentation approach
before sequencing to gain sequence coverage of the whole
transcript. Thus, the total number of reads for a given transcript is
proportional to the expression level of the transcript multiplied by
the length of the transcript.

Thus a long transcript will have more reads mapping to it
compared to a short gene of similar expression

For this reason, most RNA-seq analysis involves some sort of
length normalization.

Other obvious sources of technical variation include sequencing
depth, unmatched experimental designs and relative depth of
transcripts across the genome.
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Length Normalization: Reads Per Kilobase Million (RPKM)

RPKM vs. FPKM

They’re almost the same thing. RPKM stands for Reads Per
Kilobase of transcript per Million mapped reads. FPKM stands for
Fragments Per Kilobase of transcript per Million mapped reads. In
RNA-Seq, the relative expression of a transcript is proportional to
the number of cDNA fragments that originate from it.

These metrics attempt to normalize for sequencing depth and gene
length. Here is how you do it for RPKM:
1. Count up the total reads in a sample and divide that number by
1,000,000
2. Divide the read counts by the per million scaling factor. This
normalizes for sequencing depth, giving you reads per million (RPM)
3. Divide the RPM values by the length of the gene, in kilobases. This
gives you RPKM
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RPKM vs. FPKM

FPKM is very similar to RPKM. RPKM was made for single end
RNA seq, where every read corresponded to a single fragment that
was sequenced. FPKM was made for paired-end RNA seq. With
paired-end RNA seq, two reads can correspond to a single
fragment, or, if one read in the pair did not map, one read can
correspond to a single fragment. The only difference between
RPKM and FPKM is that FPKM takes into account that two
reads can map to one fragment.
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Relative abundance of transcripts

Relative abundance of transcripts

The reason is that even if the library sizes are indeed identical, RNA-seq
counts inherently represent relative abundances of the genes. A few
highly expressed genes may contribute a very large part of the sequenced
reads in an experiment, leaving only a few reads to be distributed among
the remaining genes
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Considerations in cleaning the data

What other types of non-uniformities are seen between samples in
an RNA-seq experiment?

Sequencing depths or library sizes

Differences in the conditions or covariates in the cohort.

Library preparation methods

Sequencing effects and batchs
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DESeq
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DESeq - Input data

Count table

Meta data
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DESeq - Normalisation
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DESeq - dispersion
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DESeq - differential expression
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EdgeR
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EdgeR - Reading in data
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EdgeR - making an object
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EdgeR - Filtering data
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EdgeR - Filtering data
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EdgeR - Estimating the dispersions
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EdgeR - Differential expression
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Controlling type 1 error rate

Which genes are significantly differentially expressed?

What is a p-value?

What is the literal meaning of p < 0.05?
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What is a p-value?

Definition

The p-value is the probability of obtaining a test statistic at least
as extreme as the one that was observed, assuming that the null
hypothesis is true. (Wikipedia)

What is the literal meaning of p < 0.05?

p < 0.05

This means that if we performed 100 random tests where we knew
the null hypothesis was true, we’d see a test statistic at least this
extreme five times.
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We just performed 50,000 tests

If we set our threshold at p < 0.05 and we perform 50,000
tests, we would expect to get 2,500 ‘significant’ results

To be sure that there is only a 5% chance of a false positive
we must adjust our threshold

Bonferroni correction for multiple testing: set the threshold to:

p < 0.05/50000

p < 1 × 10−6
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Controlling error rates with FDR
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