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ABSTRACT

Many countries have implemented genetic evaluation for fertility traits in recent years. In particular, reproductive 
trait is a complex trait and need to require a system-level approach for identifying candidate genes related to the trait. 
To find the candidate gene associated with reproductive trait, we applied a weighted gene co-expression network ana-
lysis from expression value of bovine genes. We identified three co-expressed modules associated with reproductive 
trait from bovine microarray data. Hub genes (ZP4, FHL2 and EGR4) were determined in each module; they were 
topologically centered with statistically significant value in the gene co-expression network. We were able to find the 
highly co-expressed gene pairs with a correlation coefficient. Finally, the crucial functions of co-expressed modules 
were reported from functional enrichment analysis. We suggest that the network-based approach in livestock may an 
important method for analyzing the complex effects of candidate genes associated with economic traits like repro-
duction.
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INTRODUCTION       

A good reproductive performance is crucial for eco-
nomic as well as ethical reasons. Without reproduction 
there will be no animal production. Therefore, In recent 
years many other countries have also implemented ge-
netic evaluation for reproductive traits. The cattle bree-
ding objectives has gradually shifted from production 
to functional traits such as pregnancy. From this point 
of view it is important to increase knowledge of genes 
and their regulation. Reproduction trait is also a com-
plex trait, which is contributed  from many genes. There-
fore, it is the agreement that no single factor deter-
mines a large proportion of the trait variation in the 
population (Hwang et al., 2008). From this reason, sys-
tems biology approach has been useful to identify ge-
nes that underlie complex trait from network of genetic 
interactions among all possible genes. Furthermore, pat-
terns of covariation in the expression of multiple loci 
can be used to build networks that show relationships 
between genes, and between genes and functional traits. 

These networks provide information on the genetic con-
trol of complex traits and can help identify causal ge-
nes that affect gene function rather than gene expre-
ssion (Haley and de Koning, 2006). System-oriented app-
roaches have been applied by animal geneticists to in-
vestigate livestock traits (Nobis et al., 2003; Donaldson 
et al., 2005; Smith and Rosa, 2007), resulting in the iden-
tification and characterization of economically impor-
tant causal trans-acting genes within QTL regions. The-
se trans-QTL regions share a common biological func-
tion (e.g., similar gene ontology function, metabolic pa-
thway, transcriptional co-regulation) (Schadt et al., 2003; 
Gibson and Weir, 2005; Subramanian et al., 2005). In 
the case of bovines, several countries identify quality cha-
llenges. Three genes were identified as being significan-
tly correlated with bovine skeletal muscle based on mi-
croarray data from a gene network (Reverter et al., 2006). 
Jiang et al. (2009) (Jiang et al., 2009) reported that the 
genetic network was associated with 19 economically 
important beef traits. This report suggested the three can-
didate gene approach as targets. Therefore, we need to 
systemic approach in order to identify candidate genes 
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in the network analysis among many genes related to 
reproduction within QTL intervals. A gene co-express-
ion network (GCN) is a gene correlation network crea-
ted from expression profiling, with each gene having 
several neighbors and is useful for identifying genes that 
control quantitative phenotypes. In this study, we in-
troduce a systemic approach involving network analy-
sis of reproduction-related genes and suggest co-expre-
ssed pattern of hub genes in the network.   

MATERIALS AND METHODS 

Our analysis involved three main steps: finding can-
didate genes in the Animal QTL database and analyz-
ing the results of microarray experiments from the Ge-
ne Expression Omnibus (GEO) database, using these ge-
nes and co-expression information to construct co-ex-
pression networks related to the “pregnancy rate” trait 
and analyzing the network topology and functional en-
richment for modules using DAVID tool and CytoSca-
pe.

Identification of Candidate Genes Associated with the 
Pregnancy Rate

To determine candidate genes associated with the re-
production within QTL intervals, we obtained genomic 
positions of the “pregnancy rate” trait using “QTL lo-
cation by bp” information from the Animal QTL data-
base (http://www.genome.iastate.edu/cgi-bin/QTLdb/BT/ 
index). Most of QTLs are identified in the different re-
gions in a chromosome. There are rare regions of over-
lap. Therefore, we select the genes associated with pre-
gnancy rate from Animal QTL database with QTL IDs 
that have marker information in term of ‘pregnancy 
rate’ within Animal Trait Ontology (ATO) category. In 
the GEO database (http://www.ncbi.nlm.nih.gov/geo/), all 
data from microarray experiments related to bovines 
were used: GEO series (GSE) 15544, GSE 15342, GSE 13-
725, GSE 6918, GSE 10695, GSE 12327, GSE 9256, GSE 
12688, GSE 11495, GSE 11312, GSE 7360, GSE 9344, and 
GSE 8442. All arrays were processed to determine the 
robust multiarray average (RMA) (Irizarry et al., 2003) 
using the “affy” software package (Gautier et al., 2004). 
Expression values were computed in detail from raw 
CEL files by applying the RMA model of probe-specific 
correction for perfect-match probes. These corrected 
probe values were then subjected to quantile normal-
ization, and a median polish was applied to compute one 
expression measure from all probe values. Resulting 
RMA expression values were log2-transformed. We de-
termined mean intensity for an expression intensity of 
each gene matching to at least two probes. Finally, we 

used 221 genes associated with pregnancy rate for net-
work construction.

Gene Co-Expression Network Construction and Net-
work Module Identification

In co-expression networks, we refer to nodes as ge-
nes whose degrees indicate the number of links con-
nected by the node. We extracted expression values for 
221 genes and evaluated pairwise correlations between 
the gene expression profiles of each pair of genes us-
ing Pearson’s correlation coefficients (denoted as r). The 
unweighted network encoded gene co-expression as bi-
nary information (connected=1, unconnected=0) using a 
“hard” threshold. In contrast, the weighted network re-
presented “soft” thresholding that weighed each con-
nection as a continuous number [0, 1]. The power ad-
jacency function αi,j=|cor(xi, xj)β was used to construct 
a weighted network as the connection strength between 
two genes. We investigated soft thresholding with the 
power adjacency function and selected a power of beta 
(β)=7. A major aim of co-expression network analysis 
is to determine subsets of nodes (modules) that are ti-
ghtly connected to each other. To organize genes into 
modules, we used a module identification method ba-
sed on a topological overlap dissimilarity measure (Ra-
vasz et al., 2002) in conjunction with a clustering me- 
thod, which detected biologically meaningful modules. 
The topological overlap of two nodes refers to their re-
lative interconnectedness. The topological overlap ma-
trix (TOM) Ω=[ωij] provides a similarity measure, whi-
ch has proven useful in biological networks (Ye and 
Godzik, 2004), where lij=uαiu αuj and ki=uαiu is the 
node connectivity as follows:

In the case of our network, lij equals the number of 
nodes to which both i and j are connected. To identify 
modules, we used TOM-based dissimilarity  ( =1 —

 in a hierarchical cluster analysis. Each module rep-
resents a group of genes with similar expression pro-
files across the samples and the expression profile pa- 
ttern is distinct from those of other modules. The wei-
ghted gene co-expression analysis (WGCNA) software 
packages for R were used to identify co-expression val-
ues associated with pregnancy rate (Peter and Steve,  
2008).  The degree distribution of a network has a ge- 
neralized power-law form p(k)～k— r, which is the defin-
ing property of a scale-free network (Barabasi and Al-
bert, 1999). The genes of highly connected nodes to no-
des with few connections (hubs) play an important role 
as a local property in a network (Barabasi and Oltvai, 
2004). A node with high BC has great influence over 
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what flows in the network; BC may play a major role 
as a global property since it is a useful indicator for 
detecting bottlenecks in a network. For node k, BC is 
the fraction of the number of shortest paths that pass 
through each node (Brandes, 2001) and is defined as

,

where gi→j is the number of the shortest geodesic paths 
from node i to node j,  is the number of geodesic 
paths among gi→j from node i to node j that pass th-
rough node k. We calculated BC as global properties 
according to all nodes in a network. From the results 
of the network topology analysis, we selected high-de-
gree nodes and high-centrality nodes as key drivers that 
are most associated with our trait of interest in the 
network.

Functional Enrichment Analysis
We performed functional enrichment analysis against 

the 221 genes that were associated with pregnancy rate  
in the Gene Ontology terms using the Database for 
Annotation Visualization and Integrated Discovery (DA-
VID) tool (http://david.abcc.ncifcrf.gov/). To construct net-
work for functional network, the Enrichment Map Cyto-
scape plugin (Merico et al., 2010) was used to build net-
works of inter-related terms based on the number of ge-
nes shared between gene ontology (GO) terms. Terms 
were indicated as nodes (circles). Edges linking nodes 
represented gene sharing, and their thickness, the deg-
ree of gene set overlap.

RESULTS AND DISCUSSION

Identification of the Global Co-Expression Network 
We constructed a weighted gene co-expression network 

associated with the pregnancy rate using soft threshold. 
we found that the results of the weighted network 
analysis were highly robust to the selection of the soft 
parameter β when it was used for module identifica-
tion, connectivity definition, and to identify the rela-
tionship between intra-modular connectivity, as in pre-
vious studies (Ghazalpour et al., 2006; Keller et al., 2008; 
Presson et al., 2008).

The hard threshold may cause a loss of information 
and sensitivity because of the choice of threshold and 
artifact from clustering coefficient result. The nodes re-
present candidate genes obtained from the animal QTL 
database and microarray data, and the links between 
the nodes represent the association between expression 
profiles across all microarray samples. The absolute va- 
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Fig. 1. The scale free topology model fitting index (R2) versus the 
cut-off tau. The fitting index (denoted as R2) quantify the extent 
of how well a network satisfies a scale-free topology. In the plot, 
tau=8 indicates R2=0.9. It means that the resulting slope looks 
good.

lue of Pearson’s correlation coefficient was calculated for 
all pairwise comparisons. This correlation matrix was tr-
ansformed into a matrix of adjacency using “soft” thre-
shold (β, 8.0), producing a gene co-expression net-
work. The network follows a power-law (P(k) ～k— r) de-
gree distribution, where r is the degree exponent and 
～ indicates “proportional to.” We examined whether the 
co-expression network followed a power-law distri-
bution with an exponent of approximately —1.75 (Stelzl 
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Table 1. The top 5 genes information in each module

Module Probe ID RefSeq ID Gene 
symbol Gene description P-value

Turquoise

Bt.7207.1.S1_at NM_173975 ZP4 Zona pellucida glycoprotein 4 1.16E-77

Bt.17354.1.A1_at NM_001075801 ARMC2 Armadillo repeat containing 2 4.00E-64

Bt.26104.1.A1_at NM_001034017 WASF1 WAS protein family, member 1 1.66E-53

Bt.16756.1.A1_at NM_001103093 KLRAQ1 Protein phosphatase 1, regulatory subunit 21 1.48E-51

Bt.20749.1.A1_at NM_001077869 OOEP Oocyte expressed protein 1.04E-49

Brown

Bt.14213.1.A1_at NM_001034260 CES2 Carboxylesterase 2 3.07E-87

Bt.20241.1.S1_at NM_001075458 HAAO 3-Hydroxyanthranilate 3,4-dioxygenase 3.39E-75

Bt.11126.1.S1_at NM_001046069 LCAT Lecithin-cholesterol acyltransferase 3.08E-64

Bt.9416.1.S1_at NM_001081582 MICAL1 Microtubule associated monooxygenase, calponin and LIM 
domain containing 1 1.62E-37

Bt.628.1.S1_at NM_001075988 TMED6 Transmembrane emp24 protein transport domain containing 6 2.32E-35

Blue

Bt.29515.1.A1_at NM_001105347 INO80B INO80 complex subunit B 1.32E-60

Bt.29772.1.S1_at NM_176632 SLC8A1 Solute carrier family 8 (sodium/calcium exchanger), member 1 1.75E-60

Bt.91.1.S1_at NM_173983 AGRP Agouti related protein homolog 1.04E-46

Bt.3066.1.A1_at NM_001105422 DDX28 DEAD (Asp-Glu-Ala-Asp) box polypeptide 28 2.05E-45

Bt.16590.1.A1_at NM_001075914 SFXN5 Sideroflexin 5 4.66E-45

     

                                   (A)                                                           (B)

Fig. 2. (A) Hierarchical clustering of pregnancy rate related genes and visualization of gene modules, (B) Multi-dimensional scaling plot 
of the weighted network. The colored bars (below) directly consistent with the module (color) for the clusters of genes. Distance between 
genes is shown as height on the y-axis. Genes are represented by a dot and colored by module membership. The distance between 
each gene is indicated by their topological overlap. This representation provides that how the module is related to the rest of the net-
work, and how closely two modules are linked. 

et al., 2005) using log((p(k)) and log(k). Thus, our net-
work has characteristics of a scale-free network whose 
degree distribution approximates a power law. Highly 
connected nodes are statistically more significant in a

scale-free network than in a random graph. Most bio-
logical networks are characterized by a small number 
of highly connected nodes, while most of the other no-
des have few connections (Brandes, 2001). 
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Detection of Co-Expression Gene Modules Related to 
the Pregnancy Rate 

To find clusters (gene modules) of highly correlated 
genes, we used average linkage hierarchical clustering, 
which uses TOM as dissimilarity. We choose a height 
cutoff of 0.99 to identify modules using a dynamic cut- 
tree algorithm. Connectivity is the number of nearest 
neighbors of a node and the effective mean degree is 
the average degree of all nodes except isolated nodes. 
We able to identify seven distinct modules (except for 
the “grey” module, which is not grouped into any mo-
dule) for groups of genes with high topological over-
lap): turquoise, black, yellow, brown, blue, green and 
red. Figure 2 shows the visualization of the modules in 
the weighted network. It consisted of ranges of gene 
modules, 18 (brown), 31 (blue) and 78 genes (turquoi-
se). ZP glycoprotein (ZP4) is the most significant (p- 
value=1.16E-77) in the turquoise module. The zona pel-
lucida (ZP) is an extracellular matrix that surrounds 
the oocyte and early embryo. It is composed primarily 
of three or four glycoproteins (ZP1, ZP2, ZP3 and ZP4) 
with various functions during oogenesis, fertilization and 
preimplantation development (Wassarman and Litscher, 
2008). Also, ZP4 was differentially expressed in bovine 
preimplantative embryos (Hoelker et al., 2009). Recent-
ly, sequence variation ZP4 gene has a role as potential 
modifier of zona pellucid architecture in pregnancy 
women (Pökkylä et al., 2011). From our network analy-
sis, ZP4 and oocyte Expressed Protein (OOEP) gene are 
strongly correlated (r=0.48) in the network (4.30E-20≤r
≤6.83E-01). OOEP is one of reproduction-related genes 
(Tian et al., 2009). ZP4 affects reproductive process and 
may act as hub gene in the turquoise module. Four 
and a half LIM domains 2 (FHL2) has statistically sig-
nificant (p-value=2.42E-15) in the brown module. Matu-
lis (2012) reported that knockdown of FHL1 and FHL2 
decreases the expression of genes involved in mamma-
lian reproduction. Also, FHL2 has functions as a novel 
coactivator of NR5A nuclear receptors in ovarian gra- 
nulosa cells and its involvement in regulating target 
genes important for mammalian reproduction (Matulis 
and Mayo, 2012). In the brown module, FHL2 and car-
bohydrate sulfotransferase 10 (CHST10) are moderately 
correlated (r=0.007) in the network (5.18E-26≤r≤8.79-
E-02). CHST10 sulfates glucuronidated steroid hormone 
to regulate steroid hormone in vivo and has a potential 
role for reproduction (Suzuki-Anekoji et al., 2013). In 
the blue module, the early growth response 4 (EGR4) sh-
owed a significant result (p-value=7.19E-31) in the net-
work. EGR4 plays a critical role in human and mouse 
fertility. Recently, the study of microarray showing dif-
ferential gene expression in the ovaries between Erhua-
lian and Pietrain pigs has revealed that EGR4 expre-

ssion is increased 120-fold in ovaries from Erhualian 
sows. From this study, EGR4 gene was suggested as a 
candidate gene for porcine reproductivity (Wang et al., 
2013). EGR4 and par-6 partitioning defective 6 homolog 
alpha (PARD6A) showed co-expression (r=0.02) in the 
brown module (4.63E-22≤r≤1.04E-01). PARD6A was fo-
und to locate asymmetrically at the animal pole in mou-
se oocytes. Also, PARD6a is expressed in oocytes dur-
ing the early stages of folliculogenesis, and then asso-
ciated with oocyte and follicle development (Pepling 
and Spradling, 2001).

Gene modules are important for identifying genes re-
lated to the trait of interest because it may be highly 
correlated in biological pathways. Therefore, each modu-

 

(A)

(B)

Fig. 3. Networks of functional terms of candidate genes. (A) Net-
work of functional terms in the turquoise module. (B) Network 
of functional terms in the brown module. Nodes (red circles) are 
annotated functional terms. Edges connecting nodes represent ge-
ne share, being thickness proportional to the number of genes sh-
ared between terms (i.e., the degree of gene set overlap).
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Table 2. The results of functional enrichment analysis for each module

Module GO term p-value Genes information

Turquoise

GO:0022607～cellular component assembly 0.003 TSPYL1, NUP133, E2F4, OOEP, DYNC2LI1, TUBE1, ASF1A, SPAST

GO:0032989～cellular component 
morphogenesis 0.005 NUP133, E2F4, OOEP, DYNC2LI1, TBCE

GO:0016043～cellular component organization 0.006 NUP133, E2F4, OOEP, DYNC2LI1, TBCE, ELMO3, TSPYL1, NCAPH, 
TUBE1, ASF1A, SPAST, GFOD2, RANBP10

GO:0044085～cellular component biogenesis 0.009 TSPYL1, NUP133, E2F4, OOEP, DYNC2LI1, TUBE1, ASF1A, SPAST

GO:0009987～cellular process 0.010

PSMB10, ARV1, E2F4, DYNC2LI1, PPM1B, HNRPLL, TSPYL1, 
MTHFD2, SFRS7, NCAPH, PIGF, CDC40, B3GALNT2, BUB1, VPS4A, 
TUBE1, THAP11, ASF1A, GFOD2, NUP133, PLA2G15, OOEP, MSH2, 
TBCE, MRPS5, TXNDC9, SOCS5, ELMO3, PCGF1, TRADD, CIAO1, 

CCT7, TRMT11, FBXL8, PLN, MTR, DUS2L, SPAST, RANBP10

GO:0000902～cell morphogenesis 0.019 E2F4, OOEP, DYNC2LI1, TBCE

GO:0042384～cilium assembly 0.021 E2F4, DYNC2LI1

GO:0009396～folic acid and derivative 
biosynthetic process 0.047 MTHFD2, MTR

GO:0048858～cell projection morphogenesis 0.048 E2F4, DYNC2LI1, TBCE

Brown

GO:0010033～response to organic substance 0.023339 FYN, FHL2, EIF2AK2

GO:0030301～cholesterol transport 0.026414 ABCG8, LCAT

GO:0042632～cholesterol homeostasis 0.026414 ABCG8, LCAT

GO:0055092～sterol homeostasis 0.026414 ABCG8, LCAT

GO:0015918～sterol transport 0.026414 ABCG8, LCAT

GO:0055088～lipid homeostasis 0.036306 ABCG8, LCAT

GO:0046777～protein amino acid 
autophosphorylation 0.039993 FYN, EIF2AK2

GO:0008152～metabolic process 0.042654 MGC152281, GALM, CHST10, FYN, LCAT, HAAO, FHL2, 
CTCF, EIF2AK2, FAHD2A

le was analyzed through functional enrichment analysis 
using gene ontology terms to understand the biological 
significance of the module genes and to determine pu-
tative functions. The three modules and their repre-
sentative pathway terms were turquoise, folic acid and 
derivative biosynthetic process (GO:0009396, p-value=0.04); 
brown, sterol transport (GO:0015918, p-value=0.02) and 
blue, regulation of system process (GO:0044057, p-val-
ue=0.01). In particular, folic acid and derivative bio-
synthetic proces is important for animal reproduction. 
folic acid metabolism is linked to reproduction. Supple-
mentation of folic acid to sows has been described to 
increase litter size and embryo survival in pig (Linde-
mann and Kornegay, 1989). Therefore, these functions ap-
pears to regulate folate metabolism in the embryo de-
velopment in the network. 

In this study, we extracted gene list related to the 
pregnancy rate from the Animal QTL database and mi-
croarray experiments from the GEO database. We sub-
sequently constructed a weighted gene co-expression net-
work based on pearson’s correlation matrix that dis-
played degrees using a power-law distribution, with an 
exponent of approximately —2. Second, we identified 
hub genes ZP4, FHL2 and EGR4 in each module with 
significant values in the network-topology analysis. Th-
ey were topologically centered with significant values in 
the network. The pair of co-expression (ZP4-OOEP, FH-
L2-CHST10, EGR4-PARD6A) also determined in each 
module. Finally, we constructed the network of func-
tional terms using functional enrichment analysis. Fur-
ther study should be conducted to identify biological 
mechanism of the genes in the network associated with 
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reproduction traits.
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