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ABSTRACT: With the aim of identifying genes which 
show tissue specific expression (TSE) in bovine, we 
sequenced the transcriptomes of 18 tissues (with three 
replicates per tissue) from one lactating cow. Most tissues 
had similar proportions of low, medium and high expressed 
genes. Mammary tissue had the least expressed genes with 
62% of transcripts from the four casein genes. Except for 
blood and leg muscle, all tissues had more up-regulated 
genes than down-regulated genes with significant TSE. 
Hierarchical clustering of tissue to tissue gene expression 
found that the two brain tissues had similar expression 
profiles, as did the three muscle tissues. Functional 
annotation analysis of the top 200 differentially expressed 
genes for each tissue found many of the biological 
processes and pathways that were significantly enriched (p 
< 0.01) already have an established role in those particular 
tissues.  
Keywords: RNAseq, gene expression, tissue specific 
expression 
 

Introduction 
RNA sequencing (RNAseq) is a powerful method 

for mapping and quantifying transcriptomes and has been 
developed to analyze global gene expression in different 
tissues (Mortazavi et al, 2008; Wang et al, 2009). RNAseq 
data quantifies transcripts expressed from known genes 
accurately with a large dynamic range. However, it also 
enables the discovery of novel, previously unannotated or 
not fully characterized transcripts (Bradford et al, 2010; 
Marioni et al, 2008).  

Published atlases of gene expression are available 
for some species, eg., the adult mouse brain atlas (Lein et 
al. 2007). These provide novel and detailed insights into the 
genomic biology of the organism. There are online 
databases such as the European Bioinformatics Institute 
Expression Atlas (Kapushesky et al, 2012; Petryszak et al. 
2013) which contains 214 experiments (RNAseq and 
microarray), baseline and differential experiments, in more 
than 13 species. There is a Bovine Gene Atlas (Harhay et 
al. 2010) which includes 81 tissues acquired from the cow 
“L1 Dominette 01449” , her male fetus, her 255 day old 
heifer calf, and her father. However rather than sequencing 
random cDNA fragments Harhay and collegues have 
sequenced specific tags related to restriction sites in the 
cDNA, this is digital gene expression (DGE). DGE is based 
on restriction digestion of cDNA with the enzyme DpnII 
then capture and sequencing of 20-base tags (including the 
GATC restriction site) from the 3’ most restriction site. The 
disadvantage of DGE is that it fails to capture information 
from transcripts lacking DpnII sites, which is approximately 
3% of bovine gene models (Harhay et al, 2010). In addition 
this method does not enable other analyses such as 
discovery of non-coding RNA (ncRNA), splice variants or 

allele specific expression (ASE) as can be done with 
RNAseq data. 

Our aim was to construct an atlas of bovine tissue 
specific gene expression profiles using RNAseq data from 
18 tissues.  The RNAseq gene expression atlas described in 
this paper will provide a valuable resource for other studies 
to look at the expression of genes of interest across many 
tissue types in a single animal at the same point in time. For 
example, genomic studies reveal chromosomal regions 
associated with phenotypic variation in a trait, knowledge 
of how the genes underlying these regions are expressed in 
different tissues could aid the selection of candidate genes 
for further investigation. Also, knowledge of the tissues in 
which a gene of interest is expressed may provide 
additional evidence about gene function. The purpose of 
this paper is to present the results of TSE analysis of this 
RNAseq data. This analysis will determine gene expression 
changes and relationships between these tissues. 

 
Materials and Methods 

Tissue sampling. 18 tissues: black skin, white 
skin, adrenal gland, blood, brain caudal lobe, brain 
cerebellum, heart, kidney, liver, lung, intestinal lymph 
node, mammary, leg muscle (semimembranosus), ovary, 
spleen, thymus, thyroid and tongue, from one lactating 
dairy cow were collected directly after euthanasia. Tissues 
were dissected by a veterinarian and then into ~100mg 
tissue samples and snap frozen in liquid nitrogen. Tissues 
were then stored at -80oC.   

RNA extraction, library preparation and 
sequencing. 100mg of each tissue was ground in triplicate 
using a TissueLyserII (Qiagen) and liquid nitrogen. RNA 
was extracted from ~30mg of ground tissue using Trizol 
(Invitrogen) according to standard protocol. RNA was then 
passed through an RNeasy column (Qiagen) and eluted in 
30ul RNase free water. RNA quality was assessed on 
BioAnalyser 2100 (Agilent Technologies). RNAseq 
libraries were prepared using the TruSeq RNA sample 
preparation kit (Illumina) according to the protocol. Three 
multiplexes of 12 libraries and one multiplex of 6 libraries, 
each with one of the 12 indexed adaptors, were pooled. 
Each pool was sequenced on one flowcell lane on the 
HiSeq2000 sequencer (Illumina) in a 101 cycle paired end 
run. 100 base paired end reads were called with CASAVA 
v1.8 and output in fastq format. Sequence quality was 
assessed using FastQC. In house scripts were used to trim 
and filter poor quality bases and sequence reads. Bases with 
quality score less than 20 were trimmed from the 3’ end of 
reads. Reads with mean quality score less than 20, or less 
than 3 N, or final length less than 50 bases were discarded. 

Alignments and tissue specific expression (TSE) 
analysis. RNA reads were aligned to the Ensembl 
annotation of bovine genome assembly UMD3.1 using 



TOPHAT2 (Kim et al, 2011). Custom scripts were used to 
assess sequencing performance, library quality and 
alignment quality. The python package HTSeq (Anders, 
2010) was used generate a tissue by gene count matrix from 
all TOPHAT2 alignment files. TSE was analysed using the 
R software package edgeR (Robinson et al. 2010) defining 
a design matrix for which the intercept was the overall 
mean gene expression. A gene was defined as having TSE 
if it was significant (p<0.01) and if its expression level in a 
tissue was greater than two-fold different to the average 
expression of that gene across all other tissues. Hierachical 
clustering of TSE was performed using the R software 
packages DESeq (Anders & Huber, 2010) and gplots 
(Warnes et al, 2010). Functional annotation of the top 200 
most significant differentially expressed genes in each 
tissue was performed using the Database for Annotation, 
Visualisation and Integrated Discovery (DAVID) v6.7 
(Huang et al, 2008; Huang et al, 2009). 
 

Results and Discussion 
Between 4x107 and 1x108 reads were generated 

per tissue. On average 92% of reads aligned to the genome 
for each tissue, with greater than 70% mapping uniquely for 
all tissues. Reads mapping to ribosomal RNA (rRNA) 
genes accounted for less than 0.0001% of total reads for 
each sample indicating minimal rRNA contamination 
during library preparation.  

 
Figure 1. The number of genes categorized with low (0-10 
counts), medium (10-1000 counts) or high (>1000 counts) 
expression in each of the 18 tissue types sequenced. 

Nomalised count data was used to categorise genes 
into low (0-10 counts) medium (10-1000 counts) and high 
(greater than 1000 counts) expression (Figure 1). In general 
the proportion of genes in each category were similar 
between tissues. However, the total number of expressed 
genes differed with mammary gland and thymus having the 
lowest and highest number of expressed genes respectively. 
Sixty two percent of transcripts in mammary gland mapped 
to αS1, αS2, β or κ casein genes causing the low number of 
expressed genes detected in mammary gland. Greater 
coverage of mammary could have resulted in more low 
abundance transcripts. 
Figure 2 shows the number of genes showing TSE, 
significant at p<0.01 and greater than two-fold difference in 
expression when compared to the average expression of that 
gene across all other tissues. The data is displayed as the 
number of genes showing up or down regulation. With the 

exception of blood and leg muscle, all other tissues had a 
greater number of up-regulated genes than down-regulated. 

 
Figure 2. The number of genes up or down regulated with 
significant (p<0.01) TSE and a greater than two-fold difference in 
expression when compared to the average expression of that 
gene across all other tissues. 

 
Figure 3. Tissue x Tissue heatmap and hierarchical clustering of 
gene expression data. Colour key indicates the level of 
expression “relatedness” between tissue types, the darker the 
colour, the more similar the pattern of gene expression. The 
variability in gene expression between tissues is represented by 
the height of the dendrogram branches. 

Figure 3 presents the results from hierarchical 
clustering of tissue to tissue gene expression. The tissue by 
tissue heatmap indicates the level of expression 
“relatedness” between tissue types, the darker the colour, 
the more similar the pattern of gene expression. Variability 
in gene expression between tissues is represented by the 
height of the dendrogram branches. Tissues were largely 
grouped together into clusters reflecting their biological 
relationship, i.e. both brain tissues clustered together and all 
muscle tissues (leg muscle, tongue and heart) cluster 
together. Liver and blood were both different to the rest of 
the tissues and each other, also indicated by the height of 
the dendrogram branches. 

Functional annotation analysis of the top 200 
expressed genes in each tissue provided insight into the 
biological processes these tissue types are involved in. 
Many of the biological processes and pathways identified as 

 
 



Table 1. The top 10 most differentially expressed genes along with the Gene Ontology terms and KEGG pathways 
significantly (p<0.01) enriched within the top 200 differentially expressed genes. 
Tissue Top 10 most differentially expressed genes Biological Process Gene Ontology terms 

significantly (p<0.01) enriched within the top 
200 most differentially expressed genes 

KEGG pathways significantly 
(p<0.01) enriched within the top 200 
most differentially regulated genes  

Black Skin Keratin-1 (↑ 3.8 fold) GO:0008544~epidermis development 
GO:0007398~ectoderm development 
GO:0009913~epidermal cell differentiation 
GO:0030855~epithelial cell differentiation 
GO:0009888~tissue development 
GO:0060429~epithelium development 
GO:0001942~hair follicle development 
GO:0031424~keratinization 

bta04916:Melanogenesis 
Keratin-71 (↑ 3.78 fold) 
BT.91072 (↑ 3.77 fold) 
Filaggrin-2 (↑ 3.76 fold) 
Keratin-25 (↑ 3.71 fold) 
Keratin associated protein 11-1 (↑ 3.7 fold) 
Keratin-31 (↑ 3.7 fold) 
BT.93347 (↑ 3.7 fold) 
Keratin associated protein 1-1 (↑ 3.69 fold) 
Dermal allergen BDA20 (↑ 3.69 fold) 

Mammary Progestagen-associated endometrial protein  
(↑ 4 fold) 

GO:0042742~defense response to bacterium 
GO:0009888~tissue development 
GO:0060429~epithelium development 
GO:0030855~epithelial cell differentiation 

bta00400:Phenylalanine, tyrosine and 
tryptophan biosynthesis 
bta00360:Phenylalanine metabolism 
bta03320:PPAR signaling pathway 
bta04530:Tight junction 

Casien kappa  (↑ 3.98 fold) 
Casein alpha s1  (↑ 3.97 fold) 
Alpha lactalbumin  (↑ 3.97 fold) 
Glycosylation-dependent cell adhesion 
molecule 1  (↑ 3.96 fold) 
Casein alpha s2  (↑ 3.96 fold) 
Beta casein  (↑ 3.96 fold) 
BT.57786 (↑ 3.83 fold) 
Butyrophilin, subfamily 1, member A1 (↑ 
3.67 fold) 
Lactoperoxidase (↑ 3.59 fold) 

being significantly enriched (p < 0.01) already have an 
established role in those particular tissues. Table 1 presents 
these annotation analysis results for Black and White Skin, 
it presents the top 10 differentially expressed genes and 
then the biological process gene ontology (GO) terms and 
KEGG pathways significantly enriched with the top 200 
differentially expressed genes. Many of the genes such as 
Keratins, Keratin associated proteins and Dermal allegen 
genes have known roles in the skin and this is reflected in 
the enrichment of GO terms for the biological processes 
epidermis development, ectoderm development, hair 
follicle development and keratinization. The KEGG 
pathway melanogenesis is also enriched in the top 200 
differentially expressed genes. This pathway is responsible 
for the deposition of melanin in the skin. For mammary 
(Table 1) the casein genes, alpha lactalbumin and 
lactoperoxidase all have well defined roles in the mammary 
gland. The significantly enriched GO terms ‘epithelium 
development’, ‘epithelial cell differentiation’, ‘tissue 
development’ and the KEGG pathway ‘tight junction’, all 
reflect the mammary gland epithelial cell and tight junction 
formation, all vital for milk secretion. The GO term defense 
response to bacterium is a term that reflects the mammary 
tissues need to fight bacterial infections which can occur 
through the teat canal. 

  
Conclusion 

 Our bovine gene expression atlas from a lactating 
cow at a single point in time describes the tissue specific 
gene expression of the 18 tissues selected and their 
relationships.  This information will be useful in prioritizing 
candidate genes for further investigation from GWAS 
studies.   Further work will use the same data set to look for 
non-coding RNA and allele specific expression. In addition 
the same tissues will undergo chromatin 
immunoprecipitation and then sequencing to further 
enhance the atlas.  
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