Impact of gene annotation choice on the quantification of
RNA-seq data
David Chisanga1,2, Yang Liao1,2 and Wei Shi1,2
1 Olivia

Newton-John Cancer Research Institute, Heidelberg, Victoria, 3084, Australia,
2 School of Cancer Medicine, La Trobe University, Bundoora, Victoria, 3083, Australia,

Abstract
RNA sequencing is currently the method of choice for
genome-wide profiling of gene expression. A popular
approach to quantify expression levels of genes from
RNA-seq data is to map reads to a reference genome
and then count mapped reads to each gene. Gene
annotation data which include chromosomal
coordinates of exons for tens of thousands of genes,
are required for this quantification process. There are
several major sources of gene annotations that can be
used for quantification including Ensembl and RefSeq
databases. However, there is very little understanding
of the effect that the choice of annotation has on the
accuracy of gene expression quantification in an RNAseq analysis. In this paper, we present results from our
comparison of Ensembl and RefSeq human
annotations on their impact on gene expression
quantification using a benchmark RNA-seq dataset
generated by the SEquencing Quality Control (SEQC)
consortium. We show that the use of RefSeq gene
annotation models led to better quantification
accuracy, based on the correlation with ground truths
including expression data from >800 real-time PCR
validated genes, known titration ratios of gene
expression and microarray expression data. We also
found that the recent expansion of the RefSeq
annotation has led to a decrease in its annotation
accuracy. Finally, we demonstrated that the RNA-seq
quantification differences observed between different
annotations were not affected when using different
normalization methods.

Results
Discrepancy between annotations
Figure 2: Differences between
annotations (A) Venn diagram showing
genes that are common or unique in the
Ensembl, RefSeq-NCBI and RefSeqRsubread annotations. (B) Boxplots
showing the distribution of effective gene
lengths (log2 scale) in each annotation. (C)
Boxplots showing the differences in
effective lengths of common genes
between each pair of annotations. Values
shown in the plots are the ratio of effective
lengths of the same gene from two different
annotations (log2 scale). (D) The size of
transcriptome
calculated
from
each
annotation. Shown are the sum of effective
gene lengths in each annotation.

Titration order consistency

Figure 3: Titration monotonicity plots.
The RNA-seq benchmark datasets have in-built
truths that were used to measure the accuracy
of the annotations
• If the expression of a gene in A>B, then the
expression is such A>C>D>B since
expression of the gene in C=3/4A+1/4B and
D=1/4A+3/4B
• The reverse is true when expression in B>A
• The ability of the 3 annotations to retain the
titration monotonicity was measured using
the Mean Squared Error (MSE) between the
reference titration and the actual titration
obtained from each annotation.
• MSE showed RefSeq annotations were
more consistent
• The red curve in each plot represents the
reference titration. Top row includes all
genes in each annotation. Middle row
includes genes after filtering lowly
expressed genes, in each annotation.
Bottom row includes genes common
between the three annotations after the
expression

Methods

Validation
• Pearson correlation between RNA-seq and RT-PCR ground truth dataset showed RefSeq annotation to be more
correlated than Ensembl
• Similar results were obtained between RNA-seq and a microarray ground truth dataset.
• RT-PCR dataset consisted of >800 unique genes
• Microarray dataset consisted of >16,000 unique genes

Figure 4:Validation against RTPCR and Microarray ground truth
datasets. (A) Pearson correlation
coefficients between RNA-seq data
against RT-PCR data, using the
RT-PCR genes matched with each
individual annotation (left column)
or
matched
with
all
three
annotations (right column). (B)
Pearson correlation coefficients
between RNA-seq data and
Illumina BeadChip microarray data
using
the
microarray
genes
matched with each individual
annotation (left column) or matched
with all three annotations (right
column).
The rows represent the different
RNA-seq normalization methods
used

Figure 1: Standard RNA-seq pipeline
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Benchmark RNA-seq data from the SEQC/MAQCIII
consortium was mapped to the human reference genome
(GRCh38)
Read summarization was performed on annotations from
Ensembl, NCBI RefSeq and the RefSeq annotation
inbuilt in Rsubread
Genes with cpm >0.5 in at least 4 samples were retained
for downstream analysis
Differences in gene-level quantification were compared
across the 3 annotations by way of titration order
monotonicity using mean-squared error and correlations
to the ground truth datasets

Summary
• The choice of annotation impacts on the accuracy of gene-level quantification from RNA-seq data
• Complex annotations such as Ensembl have a high proportion of absent genes
• Quantification of RefSeq annotated genes is more concordant with RT-PCR and Microarray dataset

