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Background 

• A fundamental research problem in many RNA-seq studies is the 

identification of reliable molecular markers showing differential 

expression between sample groups (e.g. healthy and disease)  

 

• A number of data analysis methods and pipelines have already been 

developed for this task 

 

• BUT… there is no clear consensus about the best practices, which 

makes the choice of an appropriate method a daunting task 



Data analysis challenges 

• Normalization 

• Remove technical biases 

• Sequencing depth varies between replicates 

 

• Small numbers of replicates 

• Accuracy of dispersion estimation 

• Permutation methods not effective 

 

• Statistical model 

• Overdispersion 

 

 

Fitted observed variance 

Variance implied by Poisson 

Anders and Huber, Genome Biol. 11:R106, 2010 
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edgeR, DESeq, baySeq, TSPM, NOIseq, limma, EBSeq, SAMseq, NBPSeq, ShrinkSeq 

Simulated data mainly 

edgeR, DESeq, baySeq, limma, Cuffdiff, PoissonSeq 

Spike-in/real data but only few replicates 
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edgeR, DESeq, baySeq, NOIseq, limma, EBSeq, SAMseq, Cuffdiff 2 

Real data with 2 to 28 replicates per group 



Datasets 

• Two publicly available datasets generated by Illumina Genome 

Analyzer II platform 

• Publicly available to make the analysis reproducible 

• Large number of samples 

• Different level of heterogeneity 

• Different organisms   28 Female 

28 Male 

 

Human 
10 C57BL/6J 
strain  

11 DBA/2J 
strain 

Mouse 

lymphoblastoid cell lines of  

unrelated Nigerian individuals  

striatum samples 
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Experimental Design 

Select initial N samples 
from each distinct group 

randomly 

Run the statistical 
analysis 

Add x more 
samples to the input 

until all  

Repeat ten times 

To estimate the false 

discoveries, we repeated 

the same procedure but 

within the groups (e.g., 

sampling within the group 

of female samples) 

D2 strain 

Randomly 
2 samples 

3 samples  

6 samples 

8 samples 

10 
samples 

B6 strain 

Randomly 
2 samples 

3 samples 

6 samples 

8 samples 

10 
samples 



RNA-seq data analysis pipeline 

• Quality control (fastq files) 

• FastQC 

• Alignment 

• TopHat2 (RefSeq references) 

• Alignment rate in human 89% and mouse 86% 

• Expression level quantification 

• HTSeq 

• Table of counts 

• Normalization  

• Package default/TMM 

• TMM: Trimmed Mean of M values  

• Statistical analysis  

• Eight state-of-the-art methods 

 

Millions of short reads 

Quality control 

Alignment 

Summarization: table of counts 

Normalization 

DE testing  



Count tables 

• Matrix of data with genomic features as rows and experiment 

samples as columns 

• Is the difference between the conditions greater than what we expect 

taking into account normal biological variation? Can we detect 

reliable differentially expressed biomarkers? 

 



Software packages 



Performance criteria 

• Number of detections and their consistency 

• False discoveries 

• Correlation between methods 

• Runtimes  

 

• False discovery rate control FDR < 0.05  

• NOIseq did not report any FDR estimate (probability of differential expression > 

0.8) 

 

• Focus on default parameters and recommendations provided in the 

software manuals which are likely used by an average user 



Data set intrinsic properties 

• The mouse data are more homogenous than the human data 
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Results: Number of detections 

• Number of detections increased as the number of replicates 

increased, except for NOIseq and Cuffdiff 2 (low power) 

Cuffdiff 2: No detections in the complete human data 

Cuffdiff 2.1 

Seyednasrollah et al. To appear in Brief Bioinf         



Results: Number of detections 

• Moderate: DESeq (more conservative) and Limma 

• Liberal: edgeR and SAMseq (except for smallest numbers of replicates) 

• Data dependent: baySeq and EBseq 
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Effect of normalization on the detections 

• The package default normalization and the TMM normalization 

produced highly overlapping detections (>80%) 

Seyednasrollah et al. To appear in Brief Bioinf         



Effect of normalization on the detections 

• Comparison of the gene rankings confirmed the overall similarity of 

the results 

Seyednasrollah et al. To appear in Brief Bioinf         



Results: Consistency of detections 

• Overlap of detections between the subdatasets and the complete data 
• Generally highest with DESeq and Limma 

• Generally lowest with NOIseq, Cuffdiff 2 and EBseq 
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Results: False discoveries 

• Number of false discoveries decreased when the number of replicates 

was increased, especially in less heterogeneous data (mouse)  
• In general, Limma, DESeq and baySeq performed well  

• EBseq, SAMseq, edgeR and NOIseq  identified relatively many false positives 
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Results: Similarity between the methods  

Mouse              Human 

Same underlying statistical model 

Dependent 

on the data 
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Results: Similarity between the methods 

Those 1952 genes that 

were among the top 1000 

ranked genes within any of 

the methods in the mouse 

data and the corresponding 

Spearman rank correlations  
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Results: Runtimes 

Hours 

Cuffdiff 2.1  

Cuffdiff 2 

baySeq 

 

 

 

 

 

 

Seconds 

Limma 

edgeR 
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Conclusions 

• There can be large differences in the results obtained with the 

different software packages 

 

• The choice of the normalization method had surprisingly little 

influence on the outcome 

 

• Differences between the results obtained using different versions of 

the software packages can be significant 

 

• No single method is likely to be optimal under all circumstances 

 

• Marked differences in the quality and detail of the documentation of 

the pipelines 



Relation to other comparison studies 

• Overall, our observations in real data complemented well the 

previous observations by Soneson and Delorenzi in simulated data 

 

• DESeq was often relatively conservative 

• edgeR and EBSeq were often too liberal 

• SAMseq performed well only when the number of replicates was 

relatively large 

• Performance of baySeq was highly variable depending on the data 

• Limma performed generally well under many circumstances 



General guidelines 

• Robust performance under many circumstances?  

• Limma and DESeq (more conservative) 

 

• Do you have small number of biological replicates (say <5)?  

• Take the results with caution 

• It may be informative to consider more than one software package 

• We do not recommend non-parametric approaches like SAMseq 

• Do you have more than five replicates?  

• Avoid using NOIseq and Cuffdiff 2 

• With relatively large numbers of replicates (say >10) non-parametric methods 

like SAMseq may be useful 

 

• Investigate the properties of the data in advance 
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