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Aim: to provide you with a brief overview of literature about 

biases in RNA-seq data such that you become aware of this 

potential problem (and solutions) 

 



What is the problem? 

 Experimental biases affect expression estimates and, 
therefore, subsequent statistical analysis. E.g., 
 Differential expression analysis 

 Study of alternative splicing 

 Transcript assembly 

 Gene set enrichment analysis 

 

 We must attempt to avoid, detect and correct these biases 



Types of bias 

 Gene length  

 Mappability of reads 

 e.g., due to sequence complexity 

 Position 

 Fragments are preferentially located towards either the beginning or 
end of transcripts 

 Sequence-specific  

 biased likelihood for fragments being selected 

 %GC 

 

Not today 
 Read depth,  saturation, RNA biotypes (Tarazona et al (2011) in prep) 

 Base qualities (see DePristo et al (2011) Nat. Genetics, 43(5), 491) 

 ??? 



Few words about microarrays 

 Are not free of bias 

 

 It has taken a decade to understand these biases and to 
provide solutions 
 Recognition of biases (e.g., by the MicroArray Quality Control (MAQC) 

consortium) has led to the development of quality control standards 

 

 For RNA-Seq it will also take some time to undestand the 
data. 

 

 Comparison of microarrays and RNA-Seq may help to identify 
bias 

 Malone and Oliver (2011) BMC Biology, 9:34 



Normalization for gene length and library size: 

RPKM / FPKM 



transcript 1 (size = L) 

transcript 2 
(size=2L) 

Count =6 

Count = 12 

You can’t conclude that gene 2 has a higher expression than gene 1!  

Within one sample 



transcript 1 (sample 1) 

Count =6, library size = 600 
 

You can’t conclude that gene 1 has a higher expression in sample 2! 

Comparison of two samples 

transcript 1 (sample 2) 

Count =12, library size  = 1200 



RPKM: Reads per kilobase per million mapped reads 

Unit of measurement  

 

𝑅𝑃𝐾𝑀 = #𝑀𝑎𝑝𝑝𝑒𝑑𝑅𝑒𝑎𝑑𝑠 ∗
1000𝑏𝑎𝑠𝑒𝑠 ∗  106 

𝑙𝑒𝑛𝑔𝑡 𝑜𝑓 𝑡𝑟𝑎𝑛𝑠𝑐𝑟𝑖𝑝𝑡 ∗ 𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑚𝑎𝑝𝑝𝑒𝑑 𝑟𝑒𝑎𝑑𝑠
 

 

 RPKM reflects the molar concentration of a transcript in the starting sample by 
normalizing for 

 RNA length 

 Total read number in the measurement 

 

 This facilitates transparent comparison of transcript levels within and between 
samples 

 

Mortazavi et al (2008) Nature Methods, 5(7), 621 



Examples 

𝑅𝑃𝐾𝑀 = #𝑀𝑎𝑝𝑝𝑒𝑑𝑅𝑒𝑎𝑑𝑠 ∗
1000𝑏𝑎𝑠𝑒𝑠 ∗  106 

𝑙𝑒𝑛𝑔𝑡 𝑜𝑓 𝑡𝑟𝑎𝑛𝑠𝑐𝑟𝑖𝑝𝑡 ∗ 𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑚𝑎𝑝𝑝𝑒𝑑 𝑟𝑒𝑎𝑑𝑠
 

 

 Example 1: 
 2500kb transcript with 900 alignments in a sample of 10 million reads (out 

of which 8 million reads can be mapped): 

 RPKM=900 ∗
1000 ∗ 106 

2500 ∗ 8.106 = 45 

 

 Example 2:  
 Given a 40M read measurement, how many reads would we expect for a 1 

RPKM measurement for a 2kb transcript? 

 1 = C ∗
1000 ∗ 106 

2000 ∗40.106 → 𝐶 = 80  



FPKM: Fragments per K per M 

What's the difference between FPKM and RPKM? 

 Paired-end RNA-Seq experiments produce two reads per fragment, but 
that doesn't necessarily mean that both reads will be mappable. For 
example, the second read is of poor quality.  

 

 If we were to count reads rather than fragments, we might double-count 
some fragments but not others, leading to a skewed expression value. 

 

 Thus, FPKM is calculated by counting fragments, not reads. 

 

Trapnell et al (2010) Nature Biotechnology, 28(5), 511 



Gene length bias 



Gene length bias 

Oshlack and Wakefield (2009) Biology Direct, 16, 4 

33% of highest expressed genes 
33% of lowest expressed genes 

This bias affects comparison  
between genes or isoforms 
within one sample 



Mean-variance relationship 

 Sample variance across lanes in the liver sample from the Marioni et al 

 

 Red line: for the one third of shortest genes  

 Blue line: for the longest genes.  

 Black line: line of equality 

 

 Plot A: blue/red lines close to line of equality between mean and variance 
which is what would be expected from a Poisson process.  



Mean-variance relationship 

 

 Plot B: Counts divided by gene length. The short genes have higher 
variance for a given expression level than long genes.  

 

 Because of the change in variance we are still left with a gene length 
dependency.  Thus, RPKM does not fully correct 

log2 scales 



Power and gene length bias 

 More power to detect longer differentially expressed 
transcripts  

 

 

 

Power is related to δ (effect size) 

δ is still related to L after accounting for gene 
length 



Gene set enrichment analysis and gene length bias 

 This bias affects Gene Set Enrichment analysis 
 In GSEA we compare sets of transcripts that are potentially of different 

length 

 

 For gene length corrections in this context see: 

 Gao et al (2011) Bioinformatics, 27(5), 662 

 Young et al (2010) Genome Biology, 11:R14 

 

 Correct at gene level or gene set level 



Mappability bias 



Mappability bias 

 Uniquely mapping reads are typically summarized over 
genomic regions 
 Regions with lower sequence complexity will tend to end up with 

lower sequence coverage 

 

 Test: generate all 32nt fragments from hg18 and align them 
back to hg18 
 Each fragment that cannot be uniquely aligned is unmappable and its 

first position is considered an unmappable position 

 Expect: uniform distribution 

Schwartz et al (2011) PLoS One, 6(1), e16685 



Result of test 

 Since in RNA-seq we align reads prior to further analysis, this 
step may already introduce a (slight) bias. 

Unexpected because introns 
are assumed to have lower  
sequence complexity in general 



Mappability: dependency on transcript length 

Reads corresponding to longer transcripts have a higher mappability 



Mappability: evolutionary conservation and 
expression level 

Note: expression level in 
lung fibroblasts 



Sequence-specific bias 1 



RNA-Seq protocol 

 Current sequencers require that cDNA molecules represent 
partial fragments of the RNA 

 

 cDNA fragments are obtained by a series of steps (e.g., 
priming, fragmentation, size selection)  
 Some of these steps are inherently random 

 Therefore: we expect fragments with starting points approximately 
uniformly distributed over transcript. 

 

 



Biases in Illumina RNA-seq data caused by hexamer 
priming 

 Generation of double-stranded complementary DNA 
(dscDNA) involves priming by random hexamers 
 To generate reads across entire transcript length 

 

 Turns out to give a bias in the nucleotide composition at the 
start (5’-end) of sequencing reads 

 

 This bias influences the uniformity of coverage along 
transcript 

Hansen et al (2010) NAR, 38(12), e131 
but also see: 
Li et al (2010) Genome Biology, 11(5), R50 
Schwartz et al (2011) PLoS One, 6(1), e16685 
Roberts et al(2011) Genome Biology, 12: R22 



transcript 
read (35nt) 

A 

A 

position 1 in read 

position x in transcript 

Determine the nucleotide frequencies considering ALL reads: 
 
                  Position in read 
Nucl       1      2      3     4    5   ......... 35 
A 
C 
G 
T 
 
We would expect that the frequencies for these nucleotides at the different 
positions are about equal 



Bias 

 Frequencies slightly deviate between 
experiments but show identical relative 
behavior 
 

 Distribution after position 13 reflects nt 
composition of transcriptome 
 

 Effect is independent of study, laboratory, and 
organisms 
 

Apparently, hexamer priming is not completely 
random 
 
These patterns do not reflect sequencing error and 
cannot be removed by 5’ trimming! 

first hexamer = shaded 



Re-weighting scheme 1 

 Aim 
 Adjust biased nucleotide frequencies at the beginning of the reads so 

that it is similar to distribution of the end of the reads (which is 
assumed to be representative for the transcriptome) 

 

 Approach 
1. Associate weight with each read such that they 

2. down- or up-weight reads with heptamer at beginning of read that is 
over/under-represented 

Determine expression level of region by adjusting counts by      

      multiplying them with the weights 



Re-weighting scheme 2 

Read 

(assume read of at least 35nt) 
= heptamer 

heptamers (h) at positions 
i=1,2 of reads 

heptamers (h) at positions 
 i=24..29 of reads 

log(w) 

Weights are determined over all 
possible 47=16.384 reads 



Application of re-weighting scheme  

E.g., indicates that this heptamer (TTGGTCG) was under-represented,  
thus count is up-weighted 



Example: gene YOL086C in yeast for WT experiment 

Extreme expression values are removed 
but coverage is still far from uniform 

unmapple bases 



Sequence-specific bias 2 



Explanation of next figure 

 (A) Sequence logos showing the distribution of nucleotides in a 23bp window surrounding the ends 
of fragments from an experiment primed with hexamers . The 3’-end sequences are 
complemented. Counts were taken only from transcripts mapping to single-isoform genes.  
 

 (B) Sequence logo showing normalized nucleotide frequencies after reweighting by initial (not bias 
corrected) FPKM in order to account for differences in abundance.  
 

 (C) The background distribution for the yeast transcriptome, assuming uniform expression of all 
single-isoform genes. The difference in 5’ en 3’ distributions are due to the ends being primed from 
opposite strands.  
 

 Comparing (C) to (A) and (B) shows that while the bias is confounded with expression in (A), the 
abundance normalization reveals the true bias to extend from 5bp upstream to 5bp downstream of 
the fragment end.  
 

 Taking the ratio of the normalized nucleotide frequencies (B) to the background (C) for the NNSR 
dataset gives bias weights (D), which further reveal that the bias is partially due to selection for 
upstream sequences similar to the strand tags, namely TCCGATCTCT in first-strand synthesis (which 
selects the 5’ end) and TCCGATCTGA in second-strand synthesis (which selects the 3’-end).  

Roberts et al (2011) Genome Biology, 12:R22 



internal to fragment 

FPKM 
correction 

Raw counts 

Background 
distribution 



Bias correction 

 Use of statistical model that takes expression and nucleotide bias into 
account 



Use of spike-in standards 



Synthetic spike-in standards 

 External RNA Control Consortium (ERCC) 

 

 ERCC RNA standards  
 range of GC content and length 

 minimal sequence homology with endogenous transcripts from      
sequenced eukaryotes 

Jiang (2011) Synthetic spike-in standards for  
RNA-seq experiments. Genome Research 



Results suggest systematic bias: 
better agreement between the observed read counts from replicates than 
between the observed read counts and expected concentration of ERCC’s 
within a given library. 

Count versus concentration*length (mass) 
per ERCC. Pool of 44 2% ERCC spike-in H. 
Sapiens libraries 

Read counts for each ERCC transcript 
in two different libraries of human 
RNA-seq with 2% ERCC spike-ins 



Transcript-specific sources of error 

Transcript specific biases affect comparisons of read counts between different 
RNAs in one library 

• RNAs that are shorter or lower GC are underrepresented compared to reads 
with higher %GC or longer RNAs. 

• The spread of the distribution (and average distance from 1) decreases for 
spike-ins with longer RNA, higher GC or more reads (i.e., accuracy increases). 

Fold deviation between observed and expected read count for each  
ERCC in the 100% ERCC library 

Note: Dohm et al (2008) NAR, 36, e105 also identifed bias w.r.t. %GC 



Read coverage biases: single ERCC RNA 

Position effect 
The ERCC RNAs are single isoform with well-defined ends 
Ideal for measuring transcript coverage 



Read coverage biases: 96 ERCC RNAs 

Average relative coverage along all control RNAs for ERCC spiked in 44 H. 
sapiens libraries. Dashed lines represent 1 SD around the average across 
different libraries. 

Suggested: drop in coverage at  
3’-end due to the inherently  
reduced number of priming  
positions at the end of the  
transcript 

Position effect 



Read coverage biases: sequence-specific 
heterogeneity 

 Could be due to  
 RNA structure (single vs double-stranded template regions) and/or 

 Preparation of the RNA (e.g., nonrandom hydrolysis) or 

 cDNA synthesis (e.g., nonrandomness in “random” hexamer) 

 

over/under 
representation 



Read coverage biases: account for sequence-specific 
bias through statistical models 

These models result 
in a more even coverage 



To conclude 

 Be aware of different types of bias 

 

 Try to avoid 

 

 Try to detect 

 

 Try to correct 


