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ABSTRACT: Both genome-based and de novo techniques 
can be used to build reference transcriptomes from 
mRNAseq data.  We compared the results of several ap-
proaches for building reference transcriptomes on GO and 
KEGG pathway predictions, starting from raw mRNAseq 
data.  We discovered that pathway predictions in chicken 
can vary substantially depending on the reference transcrip-
tome used, and we provide recommendations for which GO 
database to use as well as techniques for building new ref-
erence transcriptomes. 
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Introduction 
 

De novo transcriptome sequencing (mRNAseq) is 
a powerful tool for discovering differentially expressed 
genes between conditions or over time.  However, 
mRNAseq interpretation is heavily dependent on the exact 
reference transcriptome used; computational genome anno-
tations may miss genes, splice variants, and important 
UTRs.  There are many different approaches to transcrip-
tome construction, including the ENSEMBL pipeline, a 
Cufflinks genome-based approach, and de novo assembly 
approaches using e.g. the Trinity assembler. 

 
Differential expression analysis can, in turn, be 

done many different ways, including both with the Cuf-
flinks and RSEM packages.  These packages rely on tran-
script expression estimates determined by mapping 
mRNAseq reads from each condition to a reference tran-
scriptome and then calculating the statistical significance of 
transcripts differentially expressed between conditions. 

 
One goal of differential expression analysis is to 

generate hypotheses about which pathways may be in-
volved in an overall biological process.  The KEGG path-
way prediction system depends critically on the list of dif-
ferentially expressed genes that emerge from an mRNAseq 
analysis. 

 
It is unclear to what extent pathway predictions 

differ when different reference transcriptomes, different 
differential expression analysis packages, and different an-
notation databases are used for pathway prediction.  To 
analyze the sensitivity of pathway prediction to variation in 
the analysis pipeline, we applied multiple analysis ap-
proaches to four data sets from a Marek’s disease experi-
ment, in which susceptible and resistant lines of chicken 
were infected with Marek’s disease virus (MDV). Our re-

sults indicate that pathway predictions vary significantly 
when different reference transcriptomes are used to derive 
lists of differentially expressed genes. 

 
Materials and Methods 

 
RNA Seq and Reference Transcriptome Con-

struction. Reads (single- and paired-end) were quality 
trimmed and filtered by Condetri v.2.1. For de novo assem-
bly (global), trimmed reads were assembled by Velvet 
v.1.2.03 and Oases v.0.2.06 with hash length 21-31. Then 
all transcripts were merged with OasesM with hash length 
27. For Cufflinks models, trimmed reads were mapped to 
galGal4 genome and cuffmerge was used to combine the 
cufflinks models and ENSEMBL 73 models. For Gimme 
models, reads mapped to galGal4 were assembled locally 
with hash length 21-31. Then all transcripts from de novo 
assembly (global + local) were aligned to the galGal4 ge-
nome. Alignments from assembly and Cufflinks models 
were merged using Gimme v.0.98. 

 
Pathway Prediction. Differential gene expression 

was analyzed by RSEM v.1.2.7. Differentially expressed 
genes were aligned to chicken proteins from ENSEMBL to 
obtain matched ENSEMBL ID. GOSeq v.1.14.0 was used 
to predict enriched pathways from differentially expressed 
genes with ENSEMBL ID using chicken KEGG pathway 
annotation. 

 
Results and Discussion 

 
We first found that the number of both genes and 

splice variants differs dramatically between the several 
transcriptomes, ranging from 15,981 genes and 16,812 total 
splice variants in ENSEMBL to 39,324 genes and 111,321 
total splice variants using the Gimme pipeline that produces 
combined gene models. Visual inspection of genomic map-
ping of the mRNAseq data suggests that many real genes 
are missing or truncated in the ENSEMBL data set, while 
the combined Gimme data set probably contains many 
fragmented transcripts from low-expressed genes, suggest-
ing that the true number of mRNA genes is between 16,000 
and 39,000. This range matches most estimates of verte-
brate gene numbers. 

 
When differential expression estimates were calcu-

lated, we found that the fraction of differentially expressed 
genes was approximately the same. In the susceptible line, 
9% of the ~16k ENSEMBL genes were differentially ex-
pressed, while 7.8% of the ~40k Gimme genes were differ-
entially expressed. In the non-susceptible line, 15.6% of the 



16k ENSEMBL genes were differentially expressed, while 
11.0% of the 40k Gimme genes were differentially ex-
pressed. 

 
The KEGG pathway enrichment analysis calculat-

ed that 13 of the 28 pathways in the union set of all en-
riched pathways between both ENSEMBL and Gimme 
were also enriched in each analysis.  These pathways were 
the cytokine-cytokine receptor interaction, toll-like receptor 
signaling pathway, lysosome, apoptosis, arginine and pro-
line metabolism, natural killer cells, intestinal immune net-
work for IgA production, RIG-I-like receptor signaling 
pathway, MAPK signaling pathway, NOD-like receptor 
signaling pathway, metabolic pathway, phagosome, Jak-
STAT signaling pathway, protein processing in endoplas-
mic reticulum, and PPAR signaling pathway.  11 of the 28 
pathways were calculated to be enriched only in the EN-
SEMBL analysis, while the remaining 4 pathways were 
calculated as enriched only in the Gimme analysis. 

 
To explore the reasons behind these differences, 

we examined the gene sets behind several pathways.  For 
the toll-like receptor signaling pathway, we determined that 
16 genes were differentially expressed when either Gimme 
or ENSEMBL transcriptomes were used, while 12 genes 
were differentially expressed only when the Gimme tran-
scriptome was used and 5 genes were differentially ex-
pressed only when the ENSEMBL transcriptome was used.  
Further inspection suggests that the main differences in 
differential gene expression are caused by increased sensi-
tivity to UTRs and the 3’ ends of genes in the Gimme tran-
scriptome, versus increased detection of low-expresses 
genes in the ENSEMBL transcriptome. 

 
Conclusion 

 
The increasing availability of differential expres-

sion data from de novo mRNAseq sequencing means that 
more attention should be paid to using it as effectively as 
possible.  With the plethora of analysis options available, it 
is important to understand how each analysis option will 
bias the results of differential expression analysis.  Here, we 
show that the choice of reference transcriptomes critically 
alters the conclusions of automated pathway analysis pipe-
lines, suggesting that care is needed in choosing a pipeline.  
More specifically, we find that the ENSEMBL gene set is 
probably missing many genes, while de novo approaches 
may be insensitive to low-expressed genes. This directly 
affects pathway prediction outcomes. 

 

 
Figure 1. Differentially expressed genes in Toll-like re-
ceptor pathway from ENSEMBL (yellow), Gimme mod-
els (red) and both (orange).  
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